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Abstract

Large-scale battery datasets often contain anomalous data due to sensor noise, communica-
tion errors, and operational inconsistencies, which degrade the accuracy of data-driven
prognostics. However, many existing studies overlook the impact of such anomalies or
apply filtering heuristically without rigorous benchmarking, which can potentially intro-
duce biases into training and evaluation pipelines. This study presents a deep learning
framework that integrates autoencoder-based anomaly detection with a residual neural
network (ResNet) to achieve state-of-the-art prediction of remaining useful life at the cycle
level using only a single-cycle input. The framework systematically filters out anomalous
samples using multiple variants of convolutional and sequence-to-sequence autoencoders,
thereby enhancing data integrity before optimizing and training the ResNet-based mod-
els. Benchmarking against existing deep learning approaches demonstrates a significant
performance improvement, with the best model achieving a mean absolute percentage
error of 2.85% and a root mean square error of 40.87 cycles, surpassing prior studies. These
results indicate that autoencoder-based anomaly filtering significantly enhances prediction
accuracy, reinforcing the importance of systematic anomaly detection in battery prognostics.
The proposed method provides a scalable and interpretable solution for intelligent battery
management in electric vehicles and energy storage systems.

Keywords: remaining useful life; li-ion batteries; autoencoder; deep neural networks;
anomaly detection; machine learning

1. Introduction

As global adoption of electric vehicles (EVs) continues to accelerate, precise prediction
of the remaining useful life (RUL) of lithium-ion batteries has become increasingly critical
for optimizing maintenance schedules, mitigating operational risks, and ensuring vehicle
safety and operational efficiency. Recent advancements in cloud-based data acquisition
capabilities have enabled the extensive collection and real-time transmission of opera-
tional data from lithium-ion battery systems in EVs and energy storage systems (ESS) [1,2].
However, such large-scale datasets commonly include anomalous or unqualified samples
attributable to measurement inconsistencies, communication errors and noise, complicating
accurate battery prognostics [3]. Consequently, developing robust methodologies to effec-
tively manage and mitigate the influence of anomalous data remains one of the challenges
in battery prognostics. Additionally, recent studies have introduced novel methodologies,
such as Chen et al.’s impedance estimation using support vector regression optimized by a
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cuckoo search algorithm [4] and Li et al.’s hybrid neural network employing feature fusion
and transfer learning strategies for improved battery state-of-health (SOH) estimation [5].

Autoencoder-based methods have emerged as powerful tools for anomaly filtering,
data generation, and robust feature representation. Depending on their structure and
training objectives, these models can be broadly categorized into five architectural types:
standard autoencoders (AE), denoising autoencoders (DAE), variational autoencoders
(VAE), conditional variational autoencoders (CVAE), and adversarial autoencoders (AAE).

Standard autoencoders typically reduce dimensionality or transform features for
predictive tasks [6,7]. DAEs are effective in handling sensor noise and missing data, en-
hancing robustness in real-world battery prognostics [8-10]. VAEs model uncertainty,
generate synthetic data, and detect anomalies through reconstruction errors and probabilis-
tic distributions [11-14]. CVAESs utilize supervised signals to guide generative modeling
and improve predictive accuracy [15,16]. AAEs enforce feature realism and domain invari-
ance, further improving generalization [14,17,18]. While various autoencoder architectures
have been explored, direct comparisons remain challenging due to limited datasets with
explicit failure annotations. Therefore, their effectiveness is often indirectly assessed by
their contributions to performance improvements in downstream tasks, such as RUL or
SOH prediction, after anomaly filtering [6,8,9,16,19,20].

Another crucial factor affecting deep learning-based prediction is the scale of the
training and validation datasets. As Iglesia et al. [21] highlight in their systematic review,
dataset size is crucial for ensuring robust model generalization. Models trained on rel-
atively small datasets risk overfitting to dataset-specific degradation patterns, thereby
reducing their applicability across diverse real-world conditions. In this study, we utilize
the largest publicly available lithium-ion battery dataset from Stanford-MIT [22], which
comprises 124 battery cells. Although this dataset has been criticized for its near-constant
discharge conditions [23], it encompasses 72 distinct charging policies, offering a variety of
operational patterns. This diversity helps mitigate concerns of overfitting and provides a
more comprehensive basis for developing and evaluating deep learning models in battery
RUL prediction.

Hsu et al. [24] reported significant advancements in predicting RUL using DNNSs,
achieving notably low prediction errors with a mean absolute percentage error (MAPE)
below 4% and a root mean square error (RMSE) of fewer than 50 cycles using only a single
cycle of input data. This demonstrates substantial potential for high-accuracy, early-life
battery prognostics leveraging DNN architectures. However, a critical examination of their
data selection and filtering methodology reveals important areas that need clarification and
standardization. Although the authors excluded battery samples based on experimental
issues such as early test termination, temperature recording failures, and excessive signal
noise, explicit quantitative thresholds or statistically supported benchmarks for these
exclusions were not defined. Specifically, from the original dataset, only 115 batteries
had discharge data deemed sufficient within the initial 100 cycles for the Discharge DNN.
Further selection reduced this to 95 batteries with acceptable charging data, and eventually
to 81 batteries possessing consistently high-quality discharge and charge data for use in
their Full RUL DNN.

Despite detailing reasons for these exclusions, the authors did not provide quantita-
tive standards or statistical validation to ensure the absence of potential biases. Clearly
defined standards would enhance the reliability of the findings and help differentiate
model innovation from improvements that may result from selective data omission or
biases. Furthermore, a systematic machine-learning approach can reveal patterns and
enable discoveries that surpass human intuition and traditional methods [25].
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Several studies have employed the MIT dataset for early-stage RUL prediction as
shown in Table 1. Tang et al. [26] used a CNN-LSTM model with early incremental capacity
(IC) curves, achieving 146 RMSE and 13.4% MAPE using 100 cycles. Couture and Lin [27]
combined health indicators with CNN-based image features and a fully connected neural
network (FCNN), reporting 79.7 RMSE and 11.2% MAPE using 10 cycles from 94 fil-
tered cells. Safavi et al. [28] applied a CNN-XGBoost model on all 124 cells, reaching
106 RMSE and 7.5% MAPE. Gong et al. [29] used evolutionary feature selection (FS), neigh-
borhood component analysis (NCA), and differential evolution (DE) combined with XG-
Boost/relevance vector machine (RVM), obtaining 43 RMSE and 5.21% MAPE. Fei et al. [30]
employed CNN (VGG-16) with gaussian process regression (GPR), achieving 112 RMSE and
8.2% MAPE. Sanz-Gorrachategui et al. [31] used adversarial CNNs with leave-one-out cross-
validation (CV), reporting 62 RMSE and 5% MAPE. Yang et al. [32] and Zhang et al. [33]
proposed hybrid CNN models that integrate 2D /3D convolutions and attention mecha-
nisms, achieving state-of-the-art performance with as few as 10-60 cycles across all 124 cells.
Zhang et al. [33] specifically utilized a hybrid parallel residual (HPR)-CNN architecture.

Table 1. Comparative summary of machine learning methods for battery RUL prediction.

Reference Model Architecture Samples Data Split Cycles RMSE (Cycles) MAPE (%)
[34] ResNet-based CNN 124 33%/35%/32% 40 128 10.7
[24] Res-Inception + Attention 81 80%/20% 1 <50 <4
[26] Parallel CNN-LSTM 124 60%/13%/27% 100 146 134
[27] VGG-11 + FCNN (Transfer Learning) 94 80%/20% 10 79.7 11.2
[28] CNN + XGBoost (Coati Optimization) 124 33%/67% 100 106 7.5
[29] Evolutionary FS (NCA+DE) + XGBoost/RVM 123 70%/30% 100 43 5.21
[30] CNN (VGG-16) + Feature Wrapper + GPR 123 70%/30% 100 112 8.2
[31] CNN (IC curves) + Adversarial Training 124 Leave-one-out CV 10 62 5
[32] Hybrid CNN (2D+3D) + Attention 124 80%/20% 60 13 11
[33] Hybrid Parallel Residual CNN (HPR-CNN) 124 70%/30% 10 25 347

This study proposes a robust ResNet-based deep learning framework integrated with
autoencoder-driven anomaly detection to significantly advance battery RUL prediction.
By systematically filtering anomalous data, this approach effectively reduces bias and
enhances model generalization. A key novelty of this work lies in comprehensively com-
paring multiple autoencoder architectures to determine their effectiveness in anomaly
detection, highlighting how the choice of architecture directly impacts RUL prediction
performance. Extensive hyperparameter optimization of both autoencoder models and the
ResNet architecture underscores the rigorous and innovative nature of this experimental
effort. Given the practical difficulty of acquiring explicitly labeled faulty battery data,
autoencoders offer a scalable, unsupervised approach for anomaly detection [35]. The
proposed framework achieves state-of-the-art RUL prediction accuracy (MAPE 2.85%,
RMSE 40.87 cycles) using only single-cycle battery data. Furthermore, interpretability
is enhanced through detailed feature importance analysis using SHAP and tree-based
methods, providing a transparent and comparative methodology for anomaly filtering and
significantly improving downstream predictive performance.

2. Method
2.1. Overall Framework

The overall framework of this study, illustrated in Figure 1, comprises multiple sys-
tematic procedures designed to ensure robust and accurate prediction of RUL. Initially,
interpolation techniques are applied to standardize all battery cycle data, resulting in a
consistent representation of 1000 data points per cycle. Subsequent feature selection is care-
fully guided by criteria that ensure independence across battery cycles, explicitly excluding
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statistical features that vary across cycles. Instead, the study utilizes raw measurements
directly obtainable from practical battery management systems (BMS), including voltage,
current, temperature, and integrated capacity during both charging and discharging phases
for training autoencoders. K-fold cross-validation is implemented to thoroughly assess the
generalization and predictive performance of the proposed models. This validation proce-
dure partitions the dataset into three subsets, iteratively utilizing each subset for validation
while training with the remaining subsets. Furthermore, autoencoders detect and remove
anomalous data samples based on reconstruction error criteria. Consequently, 25 out of the
initial 124 cells are excluded, leaving a dataset comprising 99 cells for subsequent analysis.
Even after this filtering step, the remaining dataset size surpasses that utilized in previ-
ously published benchmark studies, notably the single-cycle RUL prediction approach by
Hsu et al. [24]. Finally, hyperparameter optimization of the ResNet architecture is con-
ducted through a systematic grid search approach.
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10081000 tooexioos  ® ® @ qo0x1000
Autoencoder
Interpolated Reconstructed
cycles z Decoder Qutput
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Figure 1. Overall framework of the proposed methodology for lithium-ion battery RUL prediction.
The workflow comprises two primary stages. First, raw battery cycle data (green, dimensions:
100 cycles x 8 features x 1000 time steps per cycle) are interpolated and processed by autoencoder
architectures for systematic anomaly filtering based on reconstruction error. The eight sequential input
features per cycle include voltage, current, temperature, integrated charge capacity (QC), integrated
discharge capacity (QD), linearly interpolated discharge capacity (QDlin), linearly interpolated
temperature (Tdlin), and internal resistance (IR). The autoencoder identifies anomalous cycles,
filtering them out to yield a refined dataset (blue). The refined dataset is subsequently used as
input to the ResNet model, optimized through hyperparameter tuning (grid search), specifically
adjusting kernel size and incorporating batch normalization layers. The ResNet inputs consist
of 14 statistical features per battery cycle: average voltage, maximum voltage, minimum voltage,
average temperature, maximum temperature, minimum temperature, integrated charge capacity
(QC), integrated discharge capacity (QD), linearly interpolated discharge capacity (QDlin), linearly
interpolated temperature (Tdlin), internal resistance (IR), average incremental capacity (dQ/dV),
maximum incremental capacity (dQ/dV), and minimum incremental capacity (dQ/dV). The final
ResNet model outputs cycle-level RUL predictions for each battery cell.
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2.2. Autoencoders

Convolutional autoencoder(CAE) and sequence-to-sequence (Seq2Seq) architectures in
Appendix A are developed to systematically identify and remove anomalous or inconsistent
battery cycle data based on reconstruction errors. Each CAE variant employs 1D-CNNSs,
using specialized dimensionality reduction strategies tailored to either raw sequential
battery data or statistical features summarizing each cycle. The Seq2Seq autoencoder
variants utilize LSTM units, which explicitly capture sequential dependencies within
battery cycle data. Autoencoder models are designed to learn latent representations of
input data and reconstruct the original input with minimal error.

The transformation of input data through a CAE follows a hierarchical feature extrac-
tion process, where each layer refines the representation of the previous one. Mathemati-
cally, the latent representation at a given layer is expressed as:

) — (,(w(w A b(l)) 1)

where h(!) denotes the latent feature representation at layer I, W) and b)) correspond to
the convolutional filter weights and biases, respectively, and * represents the convolution
operation. The activation function ¢(+) introduces nonlinearity to enable complex feature
extraction. The reconstructed output is obtained by applying a transposed convolution to
the final latent representation:

A

X = W(out) % il(final) + l;(out) )

where i(firal) represents the final encoded feature representation, and W (') and b(©"t) are
learnable parameters of the decoder. This structure enables CAEs to learn spatially mean-
ingful latent features, which is advantageous in applications such as anomaly detection
and feature compression.

In contrast, the Seq2Seq autoencoder employs RNNs to capture temporal dependencies
in sequential data. The encoding process utilizes an LSTM network to transform an input
sequence into a fixed-dimensional latent representation:

R — LSTM (xy, ") @)
where x; denotes the input vector at time step ¢ and hEenC) is the encoder LSTM’s hidden
state at time ¢. The final hidden state of the encoder serves as a compressed representation
of the entire input sequence. This encoded representation is then fed into a decoder LSTM,
which sequentially reconstructs the original input:

R4 — LSTM (#,_1, /%) 4)

2 = f () 5)

Here, hgdec) is the decoder’s hidden state at time ¢, £;_; is the reconstructed output
from the previous time step, and f(-) represents a transformation function that maps
the decoder’s hidden state to the output space. This Seq2Seq structure effectively learns
temporal dependencies, enabling sequence-level reconstructions.
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Both CAE and Seq2Seq autoencoders are typically trained by minimizing the recon-
struction loss, which is commonly measured using the mean squared error (MSE):

. 1 X N
LX,X)==Y IXi—X|* (6)
i=1

N !

where N represents the number of samples, and X; and X; denote the original and recon-
structed inputs, respectively. The objective of training is to optimize the model parameters
such that the reconstructed output closely matches the input, thereby ensuring an accurate
and meaningful representation of the data in the latent space.

The convolutional autoencoder with average pooling (CAE-AvgPool) employs one-
dimensional convolutional layers combined with average pooling operations to reduce
temporal dimensionality while preserving smooth and stable patterns in battery behavior.
In contrast, the convolutional autoencoder with max pooling (CAE-MaxPool) uses max
pooling layers that retain only the strongest activations at each pooling step, thereby en-
hancing sensitivity to transient anomalies or abrupt variations in the battery signal. The
deep convolutional autoencoder (CAE-Deep) consists of multiple convolutional layers
with progressively decreasing channel dimensions, allowing it to capture hierarchical
temporal dependencies across multiple scales. Its decoder mirrors the encoder using
symmetric convolutional and upsampling layers to reconstruct the original input dimen-
sions. Additionally, the convolutional autoencoder with statistical feature extraction (CAE-
StatisticalFeature) replaces pooling operations with strided convolutions to compress input
features while preserving essential statistical characteristics of the battery cycle data. The
decoder reconstructs these representations through convolutional and upsampling lay-
ers, concluding with a fully connected output layer matched to the original statistical
feature dimensions.

The Simple-Seq2Seq encodes and reconstructs the entire battery sequence using a
straightforward single-layer LSTM structure, providing a baseline for temporal modeling
performance. The Chunked-Seq2Seq divides input sequences into segments or “chunks”,
which are individually processed via TimeDistributed LSTM layers, explicitly modeling
localized temporal characteristics within battery data. Reconstruction is performed corre-
spondingly through segmented decoder layers, enhancing local temporal pattern fidelity.
The Hierarchical-Seq2Seq incorporates hierarchical LSTM structures to concurrently cap-
ture both fine-grained local patterns and overarching global temporal dependencies.

Table 2 presents the averaged training and validation metrics obtained through 3-fold
cross-validation for each autoencoder architecture. The variations in reconstruction errors
are influenced by factors such as dimensionality reduction strategies, the complexity of
input data patterns, and the architecture’s capacity to reconstruct these patterns accu-
rately. For instance, architectures that employ heavily compressed latent representations or
model intricate sequential dependencies may exhibit higher reconstruction errors due to
the increased difficulty in reconstructing the data. Conversely, autoencoders that process
simplified statistical feature inputs often achieve lower reconstruction errors due to the
reduced data complexity and dimensionality. It is essential to note that the reconstruction
metrics alone are insufficient to directly assess the relative anomaly detection effectiveness
of each architecture. A critical evaluation criterion is the ability of the reconstruction error to
differentiate between abnormal and normal cells. The Seq2Seq-based autoencoder required
approximately 20 s for prediction, whereas the CAE completed predictions in approxi-
mately 2 s, indicating that the CAE achieved nearly tenfold faster inference performance.
These results were obtained using a dataset comprising 124 samples, each encompassing
100 cycles and 1000 time sequences, conducted on an Intel Core i9-13900KF CPU paired
with an NVIDIA GeForce RTX 4090 GPU. It should also be noted that a thorough evaluation
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of the training durations was not possible due to the variability introduced by the early
stopping criteria.

Table 2. Average training and validation metrics across 3-fold cross-validation for autoencoder architectures.

Model Model Params  Prediction Time (s) Training (Average) Validation (Average)
MSE (%) MAE (%) RMSE (%) MSE (%) MAE (%) RMSE (%)

CAE-AvgPool 4080 1.9 4.10 11.5 19.8 6.30 12.1 214
CAE-MaxPool 4080 1.8 3.50 10.3 18.6 4.20 10.5 18.6
CAE-Deep 223,960 1.8 37.4 38.4 61.1 38.1 38.7 61.2
CAE-StatisticalFeature 95,535 1.0 0.05 1.32 211 0.11 1.94 3.20
Simple-Seq2Seq 1088 18.9 36.4 37.9 60.3 38.3 38.9 60.9
Chunked-Seq2Seq 1088 229 17.8 22.6 42.2 18.2 229 424
Hierarchical-Seq2Seq 2176 24.3 21.6 25.2 46.4 22.1 25.6 46.7

The training approach employed k-fold cross-validation to objectively evaluate the
model’s generalization performance. For convolutional autoencoder (CAE) architectures,
models were trained consistently with a fixed batch size of 64 and a learning rate of 0.0001.
The training and validation loss curves across multiple folds indicated stable convergence
behavior. In the case of the CAE-StatisticalFeature, batch sizes varied from 1 to 32, while
the learning rate was constant at 0.001. Experimental results showed a clear trend where in-
creasing batch sizes correlated with enhanced training stability and a statistically significant
reduction in reconstruction errors. Similar experimentation was performed for the Seq2Seq
autoencoder variants, emphasizing batch size effects. The Simple-Seq2Seq architecture
exhibited optimal training performance at a batch size of 128, as evidenced by consistently
lower validation errors. Training runs with smaller batch sizes demonstrated inconsistent
convergence, higher variability in training outcomes, and reduced reconstruction accuracy.

2.3. Anomaly Detection

Reconstruction errors obtained during model training were analyzed using the 80th
percentile approach to determine an anomaly detection threshold. This threshold was
specifically selected to ensure a fair comparison with prior studies by controlling the propor-
tion of anomalies identified. Despite filtering anomalies at the 80th percentile, the resulting
dataset retained more samples compared to previous research, ensuring robust evaluation.
Battery cells exceeding this derived threshold were identified as anomalous in Figure 2.
Normal cells are represented in blue, whereas cells identified as anomalous are marked in
red. Notably, significant variability in anomaly detection is observed across the autoencoder
architectures. For instance, the CAE-AvgPool and CAE-MaxPool models predominantly
detect anomalies concentrated within mid-range cell indices, suggesting these architectures’
sensitivity may be limited to specific data patterns or localized anomalies. In contrast, the
CAE-Deep, Simple-Seq25eq, and Chunked-Seq2Seq architectures demonstrate broader,
more consistent anomaly detection capabilities, effectively identifying anomalies across
a wider range of cell indices. Overall, pooling-based convolutional architectures exhibit
moderate anomaly detection effectiveness, while deeper convolutional and sequence-based
models offer superior consistency and robustness. These observations emphasize the
importance of carefully selecting appropriate autoencoder architectures tailored to the
operational scenarios and anomaly characteristics of specific battery datasets.
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Figure 2. Comparison of anomaly detection outcomes based on reconstruction errors from var-
ious autoencoder architectures. Each subplot corresponds to a different autoencoder method:
(a) CAE-AvgPool, (b) CAE-MaxPool, (c¢) CAE-Deep, (d) CAE-StatisticalFeature, (e) Simple-Seq2Seq,
(f) Chunked-Seq2Seq, and (g) Hierarchical-Seq2Seq. Blue points represent battery cells identified
as normal, while red points indicate anomalous cells whose average mean squared error (MSE)
exceeds the anomaly threshold, defined by the 80th percentile of reconstruction errors (shown as a
red dashed line). Numbers next to red points specify the cell indices identified as anomalous. The
figure illustrates distinct patterns in anomaly detection effectiveness across different autoencoder
architectures, reflecting their varying strategies for dimensionality reduction and their capabilities in
accurately reconstructing the battery cycle data.
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For visual inspection, the data classified by the autoencoder as normal and anoma-
lous are illustrated in Figure 3. In normal cell data (Figure 3a), the charge capacity
(Qc), discharge capacity (Qp), and linearly interpolated discharge capacity (Qpyi,) ex-
hibit a gradual decline over successive cycles. Conversely, temperature-related features
(T and linearly interpolated temperature, Ty;,,) show an upward trend, aligning with
typical degradation patterns observed in lithium-ion batteries under controlled cycling
conditions [36]. These observations are consistent with established degradation mech-
anisms such as gradual capacity fade driven by incremental loss of lithium inventory
and active material degradation [37]. In contrast, anomalous cell data (Figure 3b) exhibit
irregular patterns across most features, except for the Qp;;,;, which remains relatively stable.
These irregularities may result from sensor malfunctions, manufacturing variability, or
data acquisition errors. Notably, voltage (V) and current (I) profiles demonstrate abrupt
fluctuations indicative of inconsistent charge-discharge dynamics that significantly devi-
ate from typical lithium-ion cell operations. The abnormal temperature data (Figure 3c)
specifically highlights deviations predominantly within temperature-related features, even
though charge and discharge capacities remain within expected operational ranges. Such
temperature anomalies could be attributed to environmental chamber temperature fluc-
tuations previously identified in [24,34]. A particularly significant observation is the
classification of the shortest end-of-life (EOL) cell (Figure 3d) as abnormal, despite initially
following a capacity degradation trajectory resembling typical aging. This cell reached
failure after just 148 cycles, considerably below the typical dataset range (150-2300 cy-
cles). The autoencoder’s assignment of a high reconstruction error to this cell likely arises
from its distinct degradation trajectory, which deviates from the typical patterns observed
across the broader dataset. Overall, the presented results underscore the effectiveness
of the autoencoder-based anomaly detection approach in differentiating between nor-
mal aging, irregular capacity fade, thermal anomalies, rapid EOL failures, and potential
experimental irregularities.

2.4. Preliminary Assessment of Dataset Quality and Feature Analysis

Random Forest (RF) models [38] were utilized to evaluate dataset effectiveness and
to conduct feature importance analysis following the removal of anomalous cells from
the dataset. The rationale for adopting RF models was twofold. First, RF models offer
a computationally efficient approach to preliminarily assess the effectiveness of various
anomaly detection methods applied to enhance dataset quality. Due to the significant
computational requirements and prolonged training durations associated with DNNs,
this preliminary assessment allows for the identification of the most promising anomaly
detection methods. By quantifying the degree of improvement in dataset quality early in
the analysis pipeline, researchers can make informed decisions to optimize computational
resource allocation and streamline subsequent DNN training processes. Second, RF models
inherently possess superior interpretability compared to DNNSs. This interpretability
is critical as it facilitates a comprehensive feature importance analysis, clarifying how
specific features contribute to the predictive performance of the model. Consequently,
RF-based feature importance analysis enhances the transparency of the modeling process
and provides essential validation for the selected anomaly detection methods.
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Figure 3. Comparison of normal and abnormal battery cell data illustrating characteristic measure-
ment patterns across cycles: (a) Normal cell data showing consistent, stable trends in charge capacity
(QQ), discharge capacity (QD), linearly interpolated discharge capacity (QDlin), voltage (V), current
(I), temperature (T), and linearly interpolated temperature (Tdlin). (b) Abnormal cell data demon-
strating irregularities, voltage spikes, and inconsistent patterns indicative of potential sensor or
operational issues. (c) Abnormal temperature behavior specifically highlighting unusual temperature
fluctuations that impact battery performance, consistent with previously reported anomalies [22,24].
(d) Battery cells with notably short end-of-life (EOL), exhibiting accelerated degradation or irregular
trajectories compared to typical cells; these particular samples were typically excluded in previous
studies [29,30]. In all subfigures, the color gradient (blue to red) corresponds to cycle indices, where
blue represents earlier cycles and red indicates later cycles, clearly illustrating the evolution of battery
measurements over time.

Table 3 summarizes the performance of RF models trained on datasets processed
through various anomaly detection methods, evaluated using RMSE and MAPE metrics
for both training and validation sets. For RUL prediction, the MAPE metric is particularly
critical because RMSE values can be disproportionately influenced by cells with shorter
EOL. In contrast, MAPE provides a relative measure of prediction accuracy that is less
dependent on the variability in cell lifetimes, making it a more reliable and robust metric
when evaluating predictive performance across datasets containing cells with diverse EOLs.
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RF models trained on standard datasets, comprising cycles 1-100 and cycles 21-120, yielded
relatively lower errors on the training set but exhibited higher errors on the validation set.
Observations indicating frequent anomalies within initial cycles informed the decision to
exclude cycles 0-20. However, minimal performance improvement after this exclusion
implies persistent data complexity and suggests caution regarding potential cycle-selection
bias in future analyses. Datasets refined through autoencoder-based anomaly removal
methods generally demonstrated improved predictive performance on the validation
set, highlighting the effectiveness of these approaches. Among these methods, the CAE-
StatisticalFeature approach yielded the lowest validation RMSE and a low validation MAPE.
Similarly, the CAE-MaxPool method exhibited strong validation performance, validating
its utility in enhancing dataset quality. Conversely, Seq2Seq approaches showed mixed
results. Although the Simple-Seq2Seq method had relatively low training errors, validation
errors remained relatively high. Chunked-Seq2Seq and Hierarchical-Seq2Seq methods
produced higher validation errors, indicating challenges in effectively detecting anomalies
within complex sequential data.

Table 3. Performance comparison of Random Forest models trained on various datasets after
anomaly removal.

Dataset for Random Forest Training Set Validation Set
RMSE  MAPE (%) RMSE  MAPE (%)
100 cycles (cycles 1-100) 78.52 5.25 183.25 18.28
100 cycles (cycles 21-120) 71.40 5.24 176.98 19.28
CAE-AvgPool Anomaly Removal 84.43 5.64 123.59 11.14
CAE-MaxPool 79.99 5.17 118.76 10.69
CAE-Deep 89.92 6.51 139.18 15.93
CAE-StatisticalFeature 88.29 5.31 111.00 11.80
Simple-Seq2Seq 85.45 4.51 153.26 14.30
Chunked-Seq2Seq 82.26 5.71 213.94 17.32
Hierarchical-Seq2Seq 86.12 5.95 197.97 13.69

Performance of the Random Forest model trained on datasets processed by different anomaly detection methods.

Figure 4 presents a comparative analysis of feature importance derived from RF
models across different datasets, utilizing SHapley Additive exPlanations (SHAP) and
tree-based methodologies. All analyzed features originate from Lee et al. [34], with newly
introduced features specifically highlighted in red to emphasize their novel contribution.
Key features include internal resistance (IR), which indicates electrical resistance within
the battery cell, as well as charge and discharge capacities (QC and QD), reflecting the
battery’s capacity to store and deliver electrical charge, respectively. Temperature-related
metrics such as average (Tavg), minimum (Tpyjn), and maximum (Tmax) temperatures cap-
ture thermal behaviors throughout battery cycles. Additionally, incremental capacity
features include average (dQ/dVayg), maximum (dQ/dVmax), and minimum (dQ/d Viin)
values. Current-related parameters, covering average and maximum values during both
charge (Ic,avg, Ic,max) and discharge cycles (Ip,avg, ID,max), further contribute insights into
battery performance and stress conditions. Features newly introduced and emphasized by
Lee et al. are distinctly highlighted in red within the figure. Figure 4a,b illustrate the feature
importance scores for the dataset covering cycles 1-100. Both SHAP and tree-based analy-
ses consistently identify newly introduced features from [34] (e.g., Ic max, Ic,avg, ID,max, and
Davg) as highly significant predictors, validating their importance in battery degradation
modeling. The alignment between SHAP and tree-based results strengthens the validity
of the identified feature importance, as the convergence of two complementary methods
reduces the likelihood of analytical bias. In Figure 4c,d, covering cycles 21-120, the same
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newly introduced features remain prominently influential, confirming their robustness
across different cycle ranges. However, minor differences in feature rankings between
methods and cycle ranges underline the sensitivity of these metrics to specific dataset
configurations and reinforce the importance of employing multiple analytical methods.
Figure 4e,f present feature importance scores after anomaly removal. Most significantly, the
importance of the maximum temperature feature (Tmax) substantially increases after filtering
anomalies, suggesting that removing anomalous cells reveals the critical predictive role of

temperature-related features.
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Figure 4. Comparison of feature importance using SHAP and Tree-based methods across different
cycle ranges and anomaly filtering conditions.

2.5. Deep Neural Network Training

The proposed model utilizes a ResNet-34-based architecture, adapted for one-
dimensional convolutional processing. Residual connections inherent in ResNet architec-
tures address the vanishing gradient problem, allowing the use of deeper neural networks
that can extract complex, hierarchical temporal features. Each input sample is structured
as a tensor of dimensions, where the first dimension (14) corresponds to distinct input
features, and the second dimension represents a single channel suitable for 1D convolu-
tional operations. The initial processing step involves a convolutional layer with 64 filters,
a kernel size of 7, and a stride of 2, activated by the Rectified Linear Unit (ReLU). This
convolutional operation is followed by a max-pooling layer with a pooling size of 3 and
a stride of 2, reducing the temporal dimension while preserving critical feature representa-
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tions. Subsequently, the network is organized into sequential stages comprising residual
blocks designed for hierarchical temporal feature extraction. Stage 1 contains three residual
blocks, each equipped with 64 filters. Stage 2 employs an initial convolutional layer with
a stride of 2 to halve the temporal dimension, followed by three residual blocks comprising
128 filters each. Stage 3 further reduces the temporal dimension through an additional
stride-2 convolutional layer, followed by seven residual blocks, each containing 256 filters,
to capture higher-level temporal abstractions. Stage 4 comprises three residual blocks with
512 filters, providing deep-level feature extraction capabilities. Finally, a global average
pooling layer aggregates temporal features, transforming them into a fixed-length vector
that summarizes temporal information across all stages. A fully connected layer subse-
quently utilizes this aggregated vector to generate the final regression output. Overall, the
described ResNet34-based model contains approximately 4.2 million trainable parameters
Hyperparameter optimization of the ResNet architecture was performed using a systematic
grid search approach. Prior research has extensively identified and evaluated the critical hyper-
parameters influencing model performance [34]. Building upon these established insights, the
current study strategically narrowed its focus to optimize two pivotal hyperparameters: the
implementation of batch normalization layers and the selection of optimal batch size.

Table 4 presents the comparative training and validation results of a ResNet model
using data preprocessed by various autoencoder techniques. The baseline established by
raw, unfiltered data exhibited high validation errors. The results indicate significant vari-
ability in ResNet performance depending on the preprocessing method employed. Among
the convolutional autoencoder variations, CAE-Deep achieved better generalization than
pooling-based CAE methods, as evidenced by lower validation errors. Conversely, pooling-
based methods such as CAE-AvgPool and CAE-MaxPool yielded higher validation errors,
suggesting limited effectiveness in capturing relevant features for this specific application.
Notably, the Simple-Seq2Seq autoencoder consistently provided superior validation results,
achieving the lowest validation without a k-fold split, thus indicating its potential as a
robust preprocessing method. Interestingly, the analysis revealed increased validation
errors across all methods when using the k-fold split, contrary to typical expectations that
additional cross-validation splits enhance generalization. This finding underscores the
necessity for careful selection and optimization of cross-validation parameters tailored to
the specific dataset.

Table 4. Training and validation performance of ResNet using data filtered by various autoencoders.

Autoencoder k-Fold Training Performance Validation Performance
MAE MAPE (%) RMSE MAE MAPE (%) RMSE
No Filter (Raw Data) 3 25.74 3.56 3840  85.36 21.86 117.43
CAE-AvgPool 3 45.54 5.77 62.04 123.65 10.14 202.48
CAE-MaxPool 3 15.57 211 21.08  93.23 10.39 127.00
CAE-Deep 3 11.57 1.71 1720 70.19 9.75 110.56
CAE-StatisticalFeature 3 12.21 1.97 1554  69.31 10.34 94.89
Simple-Seq2Seq 3 8.78 1.27 12.07  61.07 9.12 87.71
Chunked-Seq2Seq 3 18.21 2.57 2447  60.64 7.56 98.10
Hierarchical-Seq2Seq 3 9.92 1.39 1410  74.38 11.23 107.82
CAE-AvgPool 0 19.78 2.59 27.67  63.54 8.40 90.48
CAE-MaxPool 0 13.65 1.82 20.66  91.77 12.13 123.97
CAE-Deep 0 21.38 2.90 28.63  46.84 6.92 69.31
CAE-StatisticalFeature 0 14.12 2.03 19.03  89.31 9.86 172.54
Simple-Seq2Seq 0 10.66 1.47 14.62  53.24 7.11 87.65
Chunked-Seq2Seq 0 27.40 3.44 4223 5391 7.19 100.57
Hierarchical-Seq2Seq 0 9.09 1.36 11.82 64.71 9.47 96.50
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Table 5 presents a comparative analysis of performance metrics for various models.
The baseline ResNet model, without any filtering, recorded comparatively higher errors,
indicating limited predictive capability relative to the advanced architectures. The ResNet
with Simple-Seq2Seq achieved the best performance, demonstrating the lowest error across
all metrics. Itis inherently challenging to explicitly attribute performance differences among
autoencoder architectures due to the subtle and complex interactions among model design,
hyperparameters, and data characteristics. However, given the sequential nature of battery
degradation data, it is reasonable to infer that the Simple-Seq2Seq architecture’s explicit
temporal modeling capability is crucial to its superior performance, as demonstrated
consistently in our empirical evaluations. The ResNet with CAE-Deep and ResNet with
CAE-StatisticalFeature models also showed notable performance improvements compared
to basic ResNet models.

Table 5. Performance metrics for different models.

Model MAPE RMSE MAE
Res-Inception + Attention [24] 4.00 50.00 -

ResNet [34] 7.25 62.91 37.76
ResNet with CAE-AvgPool 5.92 69.99 46.20
ResNet with CAE-MaxPool 3.78 60.11 31.25
ResNet with CAE-Deep 3.34 52.02 23.41
ResNet with CAE-StatisticalFeature 3.66 44.85 23.74
ResNet with Simple-Seq2Seq 2.85 40.87 19.34
ResNet with Chunked-Seq2Seq 3.57 49.22 26.78
ResNet with Hierarchical-Seq2Seq 3.38 50.07 22.94

Figure 5 provides an image visualization comparing cycle-by-cycle true and predicted
remaining useful life (RUL) across multiple battery cells and cycles. This visualization is in-
tended to provide an intuitive, qualitative overview of model accuracy differences between
methods, complementing detailed numerical comparisons. Color intensity corresponds
directly to RUL values: darker blue indicates lower RUL (approaching end-of-life), while
lighter colors or red indicate higher RUL values (earlier in battery life). The subfigures
contrast (a) the baseline ResNet model, which shows noticeable deviations and inconsisten-
cies relative to the true RUL values, with (b) the ResNet integrated with Simple-Seq2Seq,
clearly demonstrating improved accuracy and better alignment between predicted and
true RUL values across battery cycles and cells.

Figure 6 provides a precise, quantitative evaluation of the models, presenting the
distribution of cycle-by-cycle prediction errors between true and predicted RULs across
individual cells for different model architectures. The ResNet with Simple-Seq2Seq ar-
chitecture achieves the highest prediction accuracy and robustness, demonstrated by
tighter error distributions and minimal maximum absolute errors within £200 cycles
across nearly all cells. Additionally, the ResNet with CAE-StatisticalFeature architecture
shows strong stability, maintaining relatively small error distributions for most evaluated
cells. Architectures such as ResNet with CAE-AvgPool, CAE-Deep, Chunked-Seq2Seq,
and Hierarchical-Seq2Seq outperform the baseline ResNet, resulting in overall reduced
prediction errors. However, these models occasionally produce noticeable outliers with
higher maximum absolute errors for specific cells. These findings suggest that integrating
a Simple-Seq2Seq architecture with ResNet significantly enhances predictive accuracy and
reliability for RUL estimation.
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Figure 5. Image visualization comparing cycle-by-cycle true and predicted RUL across battery cells
and cycles for (a) ResNet and (b) ResNet with Simple-Seq2Seq.
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Figure 6. Distribution of cycle-by-cycle prediction errors between true and predicted RUL across
individual cells for various model architectures. The x-axis represents the cell index, and the y-axis
shows prediction errors (in cycles) across all cycles for each cell.

3. Discussion

The proposed study significantly advances battery RUL prediction through a novel
integration of anomaly detection techniques using diverse autoencoder architectures com-
bined with a ResNet-based deep neural network model. This research highlights substantial
progress in predictive reliability for EV and ESS applications by achieving state-of-the-art
accuracy in cycle-by-cycle battery RUL prediction.

The ResNet model, integrated with the Simple-Seq2Seq autoencoder, was identified as
the most accurate and stable model, providing lower prediction errors across multiple metrics
and minimal maximum absolute errors. This stability is particularly crucial for safety-critical
applications, such as EVs, where the consistent and reliable prediction of battery health impacts
operational safety, prevents unexpected failures, and ensures overall system reliability. CAE-
AvgPool and CAE-MaxPool exhibited comparatively limited effectiveness, likely due to the
potential loss of critical transient information during the pooling process. Conversely, the
CAE-StatisticalFeature architecture was robust in filtering anomalies, underlining its potential
for computational efficiency and reliable anomaly detection.

The systematic anomaly filtering approach, integrated through autoencoders, reduced
potential biases associated with sample selection. This finding represents an indirect
yet practical validation of autoencoder applications for real-world anomaly detection, as
evidenced by the clear performance improvement when comparing the baseline ResNet per-
formance to that of anomaly-filtered models. The chosen anomaly detection threshold—set
at the 80th percentile of reconstruction errors—was intentionally selected to transparently
demonstrate the beneficial effect of autoencoder-based filtering rather than to establish opti-
mal anomaly detection performance metrics. Future research could benefit from integrating
advanced anomaly detection strategies, such as hybrid models, probabilistic frameworks,
and dynamic thresholding approaches [11], to further enhance accuracy.

16



Batteries 2025, 11, 288

Despite achieving significant advancements, the persistent gap between training and
validation errors indicates the need for more comprehensive datasets. Increasing validation
errors with higher k-fold splits further support the necessity for expanded datasets to
enhance model generalizability and accuracy. Future studies should therefore continue to
explore advanced anomaly detection methodologies, assess their applicability across varied
operational conditions and battery chemistries, and leverage larger datasets to ensure
improved robustness and enhanced real-world predictive performance.

4. Conclusions

This study proposes a deep learning framework that combines autoencoder-based
anomaly detection with a ResNet-based neural network for accurate and reliable cycle-by-
cycle RUL prediction of lithium-ion batteries. By integrating anomaly detection into the
preprocessing pipeline, the framework effectively addresses the challenges of anomalous
battery data, resulting in significantly enhanced prediction stability and accuracy. Among
the tested architectures, the Simple-Seq2Seq autoencoder proved most effective, yielding
the lowest prediction errors and demonstrating superior generalization performance.

A key strength of the methodology lies in its systematic approach to identifying and
filtering anomalous data, which improves dataset quality and model robustness. The
experimental results confirm the effectiveness of the proposed framework, achieving
an MAPE of 2.85% and an RMSE of 40.87 cycles, outperforming prior single-cycle RUL
prediction studies. The results highlight the importance of comprehensive preprocessing
and anomaly management in enhancing predictive reliability in real-world applications.

While this study focuses on convolutional and sequence-based autoencoder architec-
tures, other promising variants, such as variational and adversarial autoencoders, were not
explored due to the significant time and computational resources required for their training
and optimization. Future work will aim to extend the framework by incorporating these
advanced architectures, along with adaptive thresholding techniques and hybrid anomaly
detection strategies.
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Appendix A

The autoencoder architectures evaluated in this study utilize two distinct types of
input data:
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Time-Series Input (used by CAE-AvgPool, CAE-MaxPool, CAE-Deep, Simple-Seq2Seq,
Chunked-Seq2Seq, Hierarchical-Seq2Seq): Each input sample has dimensions of

(None, 1000, 8), representing battery cycle measurements over 1000 time-steps, with

the following eight sequential features per step:

® NG

Voltage

Current

Temperature

Integrated charge capacity (QC)

Integrated discharge capacity (QD)

Linearly interpolated discharge capacity (QDlin)
Linearly interpolated temperature (Tdlin)
Internal resistance (IR)

Statistical Feature Input (CAE-StatisticalFeature only): This input consists of a sin-

gle timestep per cycle with 14 summary statistics derived from each battery cycle,

matching the features utilized in the ResNet model for RUL prediction:

O X0 N oG W=

e =
Ll N e

Average voltage

Maximum voltage

Minimum voltage

Average temperature

Maximum temperature

Minimum temperature

Integrated charge capacity (QC)
Integrated discharge capacity (QD)
Linearly interpolated discharge capacity (QDlin)
Linearly interpolated temperature (Tdlin)
Internal resistance (IR)

Average incremental capacity (dQ/dV)
Maximum incremental capacity (dQ/dV)
Minimum incremental capacity (dQ/dV)

Table Al. The architecture consists of convolutional layers with progressively increasing filters,

batch normalization for stable training, average pooling layers for dimensionality reduction, and

upsampling layers for reconstruction.

Layer (Type) Output Shape Number of Parameters
InputLayer (None, 1000, 8) 0
Conv1D (None, 1000, 32) 800
BatchNormalization (None, 1000, 32) 128
AveragePooling1D (None, 500, 32) 0
Conv1D (None, 500, 64) 6208
BatchNormalization (None, 500, 64) 256
AveragePooling1D (None, 250, 64) 0
Conv1D (None, 250, 128) 24,704
BatchNormalization (None, 250, 128) 512
AveragePooling1D (None, 125, 128) 0
UpSampling1D (None, 250, 128) 0
ConvlD (None, 250, 64) 24,640
BatchNNormalization (None, 250, 64) 256
UpSampling1D (None, 500, 64) 0
ConvlD (None, 500, 32) 6176
BatchNNormalization (None, 500, 32) 128
UpSampling1D (None, 1000, 32) 0
ConvlD (None, 1000, 8) 776
BatchNormalization (None, 1000, 8) 32
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Table A2. The model architecture utilizes convolutional layers, batch normalization, max pooling for

dimensionality reduction, and upsampling for reconstructing the input dimensions.

Layer (Type) Output Shape Number of Parameters
InputLayer (None, 1000, 8) 0
Conv1D (None, 1000, 8) 648
BatchNormalization (None, 1000, 8) 32
MaxPooling1D (None, 100, 8) 0
Conv1D (None, 100, 8) 648
BatchNormalization (None, 100, 8) 32
MaxPooling1D (None, 10, 8) 0
Conv1D (None, 10, 8) 648
BatchNormalization (None, 10, 8) 32
MaxPooling1D (None, 1, 8) 0
UpSampling1D (None, 10, 8) 0
ConvlD (None, 10, 8) 648
BatchNormalization (None, 10, 8) 32
UpSampling1D (None, 100, 8) 0
Conv1D (None, 100, 8) 648
BatchNormalization (None, 100, 8) 32
UpSampling1D (None, 1000, 8) 0
Conv1D (None, 1000, 8) 648
BatchNNormalization (None, 1000, 8) 32

Table A3. This deep convolutional autoencoder architecture employs multiple convolutional layers

with increasing filters to capture hierarchical feature representations, followed by average pooling

layers for dimensionality reduction, and corresponding upsampling and convolutional layers for

accurate reconstruction.

Layer (Type) Output Shape Number of Parameters
InputLayer (None, 1000, 8) 0
Conv1lD (None, 1000, 128) 10,368
BatchNormalization (None, 1000, 128) 512
AveragePooling1D (None, 100, 128) 0
ConvlD (None, 100, 64) 81,984
BatchNormalization (None, 100, 64) 256
AveragePooling1D (None, 10, 64) 0
Conv1D (None, 10, 32) 20,512
BatchNormalization (None, 10, 32) 128
AveragePooling1D (None, 1, 32) 0
Conv1D (None, 1, 16) 528
UpSampling1D (None, 10, 16) 0
Conv1D (None, 10, 32) 5152
BatchNormalization (None, 10, 32) 128
UpSampling1D (None, 100, 32) 0
ConvlD (None, 100, 64) 20,544
BatchNormalization (None, 100, 64) 256
UpSampling1D (None, 1000, 64) 0
ConvlD (None, 1000, 128) 82,048
BatchNormalization (None, 1000, 128) 512
Conv1D (None, 1000, 8) 1032

Table A4. This architecture employs LSTM layers to capture sequential dependencies, compressing

and subsequently reconstructing the input sequences.

Layer (Type) Output Shape Number of Parameters
InputLayer (None, 1000, 8) 0

LSTM (Encoder) (None, 8) 544

RepeatVector (None, 1000, 8) 0

LSTM (Decoder) (None, 1000, 8) 544
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Table A5. The architecture splits input sequences into chunks for localized sequential modeling,
utilizing TimeDistributed LSTM layers to process each chunk individually and reconstruct the original

data shape.

Layer (Type) Output Shape Number of Parameters
InputLayer (None, 1000, 8) 0

Reshape (None, 10, 100, 8) 0

TimeDistributed (LSTM Encoder) (None, 10, 8) 544

TimeDistributed (RepeatVector) (None, 10, 100, 8) 0

Reshape (None, 10, 100, 8) 0

TimeDistributed (LSTM Decoder) (None, 10, 100, 8) 544

Reshape (None, 1000, 8) 0

Table A6. This hierarchical sequence-to-sequence model captures both local and global temporal
dependencies by processing segmented data chunks through TimeDistributed and LSTM layers,
enabling detailed reconstruction of the input sequence.

Layer (Type) Output Shape Number of Parameters
InputLayer (None, 1000, 8) 0
Reshape (None, 10, 100, 8) 0
TimeDistributed (LSTM Encoder) (None, 10, 8) 544
LSTM (Global Encoder) (None, 8) 544
RepeatVector (None, 10, 8) 0
LSTM (Global Decoder) (None, 10, 8) 544
TimeDistributed (RepeatVector) (None, 10, 100, 8) 0
Reshape (None, 10, 100, 8) 0
TimeDistributed (LSTM Decoder) (None, 10, 100, 8) 544
Reshape (None, 1000, 8) 0

Table A7. The architecture utilizes convolutional layers with batch normalization for feature ex-
traction, pooling layers for dimensionality reduction, and upsampling layers with convolutional
operations followed by a dense layer for reconstruction of statistical input features.

Layer (Type) Output Shape Number of Parameters
InputLayer (None, 14, 1) 0
Conv1D (None, 7, 128) 512
BatchNormalization (None, 7, 128) 512
ConvlD (None, 4, 64) 24,640
BatchNormalization (None, 4, 64) 256
Conv1D (None, 2, 32) 6176
BatchNormalization (None, 2, 32) 128
Conv1D (None, 2, 16) 1552
BatchNormalization (None, 2, 16) 64
ConvlD (None, 2,1) 17
UpSampling1D (None, 4, 1) 0
Conv1D (None, 4, 16) 64
BatchNormalization (None, 4, 16) 64
UpSampling1D (None, 8, 16) 0
ConvlD (None, 8, 32) 1568
BatchNormalization (None, 8, 32) 128
UpSampling1D (None, 16, 32) 0
ConvlD (None, 16, 64) 6208
BatchNormalization (None, 16, 64) 256
Conv1D (None, 16, 128) 24,704
Flatten (None, 2048) 0
Dense (None, 14) 28,686
Reshape (None, 14, 1) 0
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Abstract: The growing complexities, power densities, and cooling demands of modern
electronic systems and batteries—such as three-dimensional integrated circuit chip packag-
ing, printed circuit board assemblies, and electronics enclosures—have pushed the urgency
for efficient and dynamic thermal management strategies. Traditional numerical meth-
ods like computational fluid dynamics (CFD) and the finite element method (FEM) are
computationally impractical for large-scale or real-time thermal analysis, especially when
dealing with complex geometries, temperature-dependent material properties, and rapidly
changing boundary conditions. These approaches typically require extensive meshing
and repeated simulations for each new scenario, making them inefficient for design ex-
ploration or optimization tasks. Physics-informed neural networks (PINNs) emerge as
a powerful alternative approach that incorporates physical principles such as mass and
energy conservation equations into deep learning models. This approach delivers rapid
and adaptable resolutions to the partial differential equations that govern heat transfer
and fluid dynamics. This review examines the basic principle of PINN and its role in
thermal management for electronics and batteries, from the small unit scale to the system
scale. We highlight recent advancements in PINNS, particularly their superior performance
compared to traditional CFD methods. For example, studies have shown that PINNs can
be up to 300,000 times faster than conventional CFD solvers, with temperature prediction
differences of less than 0.1 K in chip thermal models. Beyond speed, we explore the po-
tential of PINNSs in enabling efficient design space exploration and predicting outcomes
for previously unseen scenarios. However, challenges such as training convergence in
fine-grained or large-scale applications remain. Notably, research combining PINNs with
LSTM networks for battery thermal management at a 2.0 C charging rate has achieved
impressive results—an R? of 0.9863, a mean absolute error (MAE) of 0.2875 °C, and a
root mean square error (RMSE) of 0.3306 °C—demonstrating high predictive accuracy.
Finally, we propose future research directions that emphasize the integration of PINNs
with advanced hardware and hybrid modeling techniques to advance thermal management
solutions for next-generation electronics and battery systems.

Keywords: physics-informed neural networks; thermal management; partial differen-
tial equation (PDE); electronics; battery; energy system; heat transfer; fluid dynamics;
computational fluid dynamics (CFD)
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1. Introduction

Electronics and battery systems, which stand out as the two primary contributors
to power consumption and heat generation in modern devices, drive the need for ad-
vanced thermal management solutions [1,2]. Effective thermal management is essential
for maintaining the long-term performance and reliability of electronics and battery sys-
tems, particularly as modern devices continue to shrink in size while increasing in power,
presenting significant challenges. Consequently, evaluating the thermal performance of
these systems during the early design phase is critical, as pre-screening design parameters
and manufacturing processes can demand substantial resources [3]. Achieving rapid and
precise thermal predictions for various design parameter combinations is thus a key priority.
Historically, the finite element method (FEM) and computational fluid dynamics (CFD)
have been employed, leveraging computational resources to conduct numerical analyses of
temperature profiles and fluid flow based on the fundamental equations governing mass,
momentum, and energy conservation [4-7]. The finite volume method or finite element
method, which are common numerical techniques, address partial differential equations
(PDEs) by dividing the domain into discrete control volumes or elements and integrating
the governing equations across them [8]. This process requires a deep understanding of
the underlying physics and the creation of control volumes or meshes, which is critical
for obtaining accurate results while managing computational resource demands. How-
ever, this approach is often slow and inefficient, particularly considering the evolution of
electronic systems from individual chips to packages and full systems and from single
battery cells to battery packs and large-scale battery systems featuring billions of transistors
and high thermal design power. The next-generation power density system can reach
over 100 W/cm? [9-11]; thus, CFD is becoming increasingly impractical for addressing the
thermal simulation needs of today’s advanced and rapidly evolving technologies.

As machine learning becomes more popular, benefiting from advancements in al-
gorithms and GPU-based parallel solvers, its integration with thermal management has
emerged as a growing trend [12,13]. Typically, machine learning has found widespread
application in areas like generative Al [14,15], image processing [16-19], and content
creation [20-22]. However, traditional ML and DL methods face several important limi-
tations in scientific and engineering contexts. First, they typically require large volumes
of labeled data to train accurate models—a resource that can be expensive or impracti-
cal to obtain, especially for training intricate physical systems. Often, generating these
datasets relies on extensive, resource-intensive simulations such as CFD, further limiting
scalability [23,24]. Second, conventional ML models are highly sensitive to imperfect data,
such as noise, sparsity, or bias in training datasets, which can significantly degrade their
predictive performance and robustness. This issue is especially problematic in real-world
engineering applications, where experimental or simulation data may be limited or of vari-
able quality [25]. Third, most ML models generally function as “black boxes”, producing
outputs without offering a clear physical interpretation of the internal parameters [26,27].
This lack of transparency makes it difficult to ensure that model predictions are physically
realistic or to trust their extrapolation to unseen scenarios. As a result, purely data-driven
models may fail to generalize when faced with new boundary conditions, rare events, or
out-of-distribution cases that are common in thermal management.

Physics-informed neural networks (PINNSs), on the other hand, overcome this limita-
tion by embedding governing physical principles, typically in the form of PDEs, directly
into the training process [28]. The physics-informed technique can participate in stages
of initialization, loss function calculation, and architecture design or be hybridized with
conventional DL models. This approach enables PINNSs to deliver accurate predictions
even with limited data, making them well-suited for thermal management tasks governed
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by established physical laws, such as Fourier’s law of heat conduction or the Navier-Stokes
equations for fluid dynamics [29-32]. Unlike conventional neural networks, PINNs are
trained not only on observational data but also on the underlying physics, which serves
as a regularization mechanism, narrowing the range of possible solutions and improving
their ability to generalize. This makes PINNSs particularly advantageous in situations in
which traditional numerical methods are too slow or computationally demanding, such as
real-time thermal regulation or solving inverse problems like parameter estimation.

Recent research has demonstrated the versatility of PINNs across various thermal
management domains. For instance, in building thermal modeling, PINNs have been used
to develop control-oriented models that combine the interpretability of physical laws with
the expressive power of neural networks, as seen in studies like Gokhale et al.’s work on
control-oriented thermal models for buildings [33]. Similarly, Wang et al.’s research on
heat transfer in porous media using PINNs demonstrated their ability to accurately predict
temperature and heat flux fields without labeled data, achieving computation accelerations
five orders of magnitude greater than those of numerical methods [34]. More examples
are discussed in Sections 2 and 3. These efforts suggest that PINNs could revolutionize
thermal management in electronics, although the field is still emerging, with fewer direct
studies compared to other areas.

In this review paper, we will discuss the applications of PINNs in electronics and
battery systems. We will begin by explaining the foundational working principles of
the PINN and its variants in Section 2. In Section 3, we will explore PINN research
conducted in electronics thermal management at different scales, from chips to board to
systems. In Section 4, following the same scale category, we describe the PINN research
conducted in battery thermal management, from single cells to battery packs to battery
systems. Within these sections, based on this understanding of the challenges related to
different-scale thermal management in electronics and batteries, we will then evaluate the
integration of PINNs with other machine learning techniques and explore variations of the
PINN framework. Lastly, we will outline potential future opportunities and prospects for
leveraging PINNSs in these domains.

2. PINNs and Variations

PINNS represent a significant paradigm shift in scientific machine learning, particu-
larly in solving PDEs governing heat transfer, fluid dynamics, and multiphysics problems.
Unlike conventional deep learning models, which require extensive labeled datasets, PINNs
embed physical laws—such as energy conservation and material properties—directly into
the training process. This hybrid approach enables PINNs to generate accurate, physically
consistent solutions, even with limited experimental or simulated data, making them highly
valuable for thermal modeling in electronics and battery systems.

2.1. Mathematical Formulation of PINNs

PINNs approximate the solutions of PDEs, which can be generally expressed
as follows:
Nu(x,t)]=0,x€Q, t€[0, T (1)

where N represents a differential operator that encodes the governing physics; Q is the
computational domain; and u(x, t) is the solution of the PDE, with x as the coordinate and
t as the time of the physical field.

Heat transfer in electronics and battery systems is primarily governed by conduction
and convection, with radiation typically being negligible due to small surface areas, moder-
ate temperatures, and low-emissivity materials [35]. In heat conduction simulation, N is
defined according to Fourier’s law as follows [36]:
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N =V-(kVT)+q— pcaa—i: )

where T is the temperature, k is the thermal conductivity, p is the density, c is the specific
heat capacity, and g is the energy generated per unit volume.

In convection simulation, 3D incompressible flow dynamics are usually considered,
where N consist of two components based on Navier-Stokes equations, as follows [29]:

_ ou 1,
Nl—g—i-(u-V)u—i-Vp—ﬁV u

Ny =Vu

®)

where u, t, and p are the fluid velocity, time, and pressure, respectively, and Re is the
Reynolds number.

Based on this equation, a force convection problem, which is a common heat manage-
ment scenario, can be achieved by coupling the heat conduction and the fluid dynamics.
Hence, the PDEs will be defined as follows [37]:

T 1,
_ou Y o2y Ri (4)
Ny = o + (u-V)u+Vp Rev u+ RiT
N3 = Vu

where Pe and Ri denote the Peclet and Richardson numbers, respectively.
Meanwhile, PDE problems usually include boundary and initial conditions, as follows:

u(x,0) = h(x), x € Q

u(x, t) =g(x,t),x € 9Q, t € [0, T] ©)

where Q and 9Q) are the computational domain and boundary, respectively, h(x) is the
initial condition, and g(x, t) represents the boundary conditions. The backbone of the PINN
is usually a deep neural network (DNN), which takes x and t as inputs and outputs the
approximated solution of the PDE.

To calculate the solution, the PINN minimizes the non-negative residual error associ-
ated with Equations (1) and (5).

Ln = [io %0 (Nu(x, t)])*dtdx
L1 = [ (u(x,0) — h(x))*dx (6)
L= [ 100 (u(x t) — g(x,1))%dtdx

PINNSs leverage automatic differentiation (AD) from deep learning frameworks to
compute the derivatives required for the residual calculation. Unlike finite difference or
finite element methods, AD avoids numerical discretization errors. Since evaluating the
full integral in residual loss can be computationally expensive, PINNs often employ Monte
Carlo sampling [38]. A subset of points (x/, #') is randomly sampled from the computational
domain, and the mini-batch training algorithm is used to iteratively update the neural
network parameters [39].

£y = W, )]
Lp= Nilz(u(xi,o) —h(x))? )
£y = 3, S0, 1) 506, 1)°
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If some ground truth data are available in the computational domain, an additional
data-based loss term can also be included.

1

wi(”(xir t) — upata (X, 1)) 8)

EData =
Hence, the loss function of the PINN can be defined as the combination of the follow-

ing residuals:
L=LN+L;+ L+ Lpata 9)

This approach allows PINNs to generalize beyond the training data and maintain
consistency with underlying physics, making them particularly effective for thermal man-
agement problems with limited experimental data or unknown boundary conditions [29,37].
For a comprehensive overview of PINN methodologies—including neural network ar-
chitectures, strategies for integrating physical laws, and applications across fields such
as fluid dynamics, materials science, energy, and medicine—see the recent review by
Farea et al. [40].

2.2. PINN Variants

While the standard PINN framework offers a powerful tool for solving PDE-governed
problems with limited data, it still faces notable challenges when applied to complex
real-world scenarios—such as those encountered in electronics and battery thermal man-
agement. These challenges include (1) difficulty in accurately enforcing boundary con-
ditions, which can degrade solution fidelity; (2) computational inefficiency when scaling
to high-dimensional or multiscale problems; (3) poor convergence and susceptibility to
local minima, particularly in stiff systems or extrapolation tasks; and (4) limited ability to
capture complex physical phenomena like turbulence or multiphysics interactions [41]. To
address these challenges, several variants of PINNs have been developed, each focusing on
different limitations, which are reviewed in detail in the following subsections.

2.2.1. Balancing Residual and Boundary Losses

One of the most critical challenges in training PINNs is the imbalance between the
PDE residual loss and the boundary condition loss, which can significantly hinder conver-
gence and accuracy. This issue often arises because the residual loss, which stems from
the PDE constraints across the entire domain, can dominate the boundary loss by several
orders of magnitude, leading to the poor satisfaction of boundary conditions. Wang et al.
analyzed this phenomenon as a gradient pathology, showing that conventional training
dynamics result in vanishing boundary loss gradients, thereby biasing the model toward
interior solutions that violate boundary constraints. To address this issue, they proposed
a learning rate annealing algorithm and a novel PINN architecture to rebalance gradi-
ent flows during training, which led to 50-100x improvements in predictive accuracy
across various benchmark problems [42]. Building on this, Yao et al. introduced Multi-
Adam, a scale-invariant optimizer that adaptively rescales gradients using parameter-wise
second-moment statistics. Unlike manual or static reweighting, MultiAdam automati-
cally harmonizes the contributions of loss terms at different scales, maintaining consistent
convergence across complex PDE domains. This method improved solution accuracy by
1-2 orders of magnitude across diverse physics scenarios, demonstrating robust perfor-
mance in multiscale PINN training [43]. Together, these approaches mark a significant step
forward in developing reliable and physically consistent PINNSs, particularly for thermal
management tasks that demand precision at boundary interfaces.
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2.2.2. Adaptive Sampling Strategies

Sampling strategies play a pivotal role in the training dynamics and accuracy of
PINNS, as the locations of residual collocation directly influence how well the solution
captures the complex features of the PDE. Uniform sampling, while simple and widely
adopted, often results in poor performance in regions with steep gradients or localized
phenomena. To address this issue, several adaptive sampling strategies have been pro-
posed. Nabian et al. introduced an importance sampling approach that selects collocation
points proportional to the loss value, effectively focusing training on regions with greater
residuals and accelerating convergence without additional hyperparameters [39]. Wu et al.
conducted a comprehensive study and proposed RAD and RAR-D, which dynamically
adjust point distributions based on residual magnitudes and outperform traditional strate-
gies with fewer collocation points [44]. Tang et al. advanced this solution further with
the DAS-PINN, a generative model-based method that learns the residual distribution,
yielding strong results for high-dimensional or irregular PDEs [45]. More recently, Yu et al.
proposed MCMC-PINNs, which use a modified Markov Chain Monte Carlo method to sam-
ple collocation points according to a canonical distribution based on PDE residuals. This
method adapts the proposal distribution to domain geometry and ensures more thorough
exploration of complex solution landscapes while maintaining convergence guarantees [46].
Together, these innovations in adaptive sampling significantly enhance both the efficiency
and precision of PINNSs, particularly in multiscale or unbounded domain problems.

2.2.3. Variational Formulations in PINNs

While traditional PINNs enforce PDEs through their strong form—minimizing residu-
als at discrete collocation points (Equations (6) and (7))—this approach often suffers from
instability, especially when high-order derivatives are involved or when the solution lacks
smoothness. Variational formulations offer a powerful alternative by expressing the PDE in
its weak form, where the equation is satisfied in an integrated sense against test functions.
This allows for smoother losses, reduced differentiation order (via integration by parts),
and improved stability, especially in complex or high-dimensional settings. The evolution
of variational PINNS reflects growing recognition of these benefits. The earliest prominent
example is the Deep Ritz Method by E and Yu, which recasts the PDE solution as the mini-
mizer of a variational energy functional. This method constructs the trial solution using a
deep neural network and optimizes an integral form of the PDE’s energy without enforc-
ing pointwise residuals, thus avoiding high-order derivative computations and enabling
efficient training, even in high dimensions [47]. Following this, the VPINN framework by
Kharazmi et al. generalized the approach by embedding PINNSs in a Petrov-Galerkin setting.
In VPINN:S, the trial space consists of neural networks, while the test space is constructed
using classical polynomial bases (e.g., Legendre polynomials). This variational residual
reduces differential order via integration by parts and replaces dense collocation with
sparse quadrature, leading to improved numerical stability and efficiency [48]. Building
on VPINNS, the hp-VPINNS introduced adaptive domain decomposition and hierarchical
polynomial refinement, enabling localized learning and better handling of sharp gradients
or singularities in the solution [49]. Around the same time, VarNet proposed a variational
training strategy that is fully discretization-free and operates over space-time volumes
rather than isolated points. By training on integral residuals and using adaptive sampling
driven by residual feedback, VarNet enables smoother, more sample-efficient learning
and is particularly well-suited for parametric and control applications [50]. Collectively,
variational approaches provide a powerful and more physically grounded alternative to
classic PINNs, making them especially well-suited for problems with irregular domains,
lower solution regularity, or high computational complexity.
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2.2.4. Domain Decomposition PINNs

As PINNSs are extended to large-scale or multiphysics systems, they often suffer from
high computational costs and poor convergence, especially when trying to capture com-
plex or discontinuous physical phenomena [41]. To address these limitations, domain
decomposition techniques have been incorporated into the PINN framework, giving rise to
variations such as Conservative PINNs (cPINNSs) [51] and eXtended PINNs (XPINNSs) [52].
These architectures divide the computational domain into smaller subdomains, within
which localized PINNs are trained. This strategy not only enhances scalability and paral-
lelizability but also enables tailored network architectures for different subregions of the
problem domain.

The cPINN framework focuses on conservation laws, enforcing continuity in both
the solution and flux across the boundaries of decomposed subdomains. Each subdomain
employs a separate neural network, with interface conditions ensuring physical consis-
tency by stitching local solutions together [51]. This includes enforcing average solution
continuity and flux conservation at shared interfaces, which is a critical step for solving
hyperbolic PDEs like the Euler equations (Figure 1). Based on this approach, XPINNs fur-
ther generalize the domain decomposition concept beyond conservation laws, supporting
arbitrary space-time decompositions for any type of PDEs. This includes both convex
and non-convex geometries, time-dependent or time-independent problems, and even
cases with moving interfaces [52]. Each subdomain is governed by its own neural network
and optimized independently. XPINNSs introduced interface conditions such as residual
continuity and average solution enforcement, allowing seamless stitching across irregular
domains. In order to fully leverage the advantages of the cPINN and XPINN, a parallelized
implementation has also been proposed based on a hybrid MPI + X programming model
(where X can be CPUs or GPUs). This enables the efficient training of PINNs on distributed
hardware. The parallel framework supports both weak and strong scaling and significantly
reduces training time by exploiting localized computation within subdomains.

The physics-informed neural network (PINN) has emerged as a powerful modeling
framework for electronics thermal management (ETM), offering a compelling alternative
to conventional numerical solvers. By embedding physical laws—such as Fourier’s law
and the Navier-Stokes equations (Equations (2)—-(4))—directly into the training process,
PINNSs eliminate the need for large datasets and deliver fast, accurate solutions to partial
differential equations, even in data-sparse or complex settings. As summarized in Table 1,
the adaptability of PINNS is further strengthened by a rich ecosystem of variants designed
to overcome key training and scalability challenges. For instance, advanced optimizers
like MultiAdam and reweighting strategies mitigate the imbalance between PDE residual
and boundary losses, improving solution fidelity. Adaptive sampling methods, such as
importance sampling, DAS-PINNs, and MCMC-PINNs, dynamically allocate collocation
points where they are most needed, boosting convergence and efficiency in multiscale
and sharp-gradient regions. Variational formulations—including the Deep Ritz Method,
VPINNSs, and VarNet—reformulate PINNs in a weak form, reducing the order of deriva-
tives and enhancing stability for irregular geometries. Domain decomposition approaches
like cPINNs and XPINNSs enable parallelization and localized learning, making PINNs
scalable to large or heterogeneous ETM problems. Among these variants, domain decom-
position methods (such as cPINNs and XPINNSs) are particularly promising for electronics
thermal management, where modeling large-scale, multi-material systems and capturing
localized hot spots are critical. Their main advantage lies in improved scalability and
parallelizability; however, their practical implementation can be complex, especially when
managing interface conditions between subdomains. Loss balancing strategies are also
valuable for both electronics and battery applications, as they improve the accuracy of
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boundary and interface temperature predictions, which is essential for device reliability
and safety. The main challenge with these approaches is that optimal weighting can be
problem-dependent and may require extensive hyperparameter tuning. In battery systems,
adaptive sampling approaches show strong potential, as they can efficiently target regions
with rapid thermal changes or sparse data, which are common issues in battery packs and
large-format cells. Ultimately, the choice of variant depends on the complexity and scale of
the system being modeled, the available data, and computational resources.

Interface conditions

RePIT strategy
Only CFD

e 2 5y

output output output output
(m — 1)84 (n+ 208" | (n+ 138t nét

Figure 1. Schematics of PINN and its variations. (a) Schematic of the conservative physics-informed
neural network (cPINN) architecture [51]. The addition of interface loss distinguishes cPINNs
from traditional PINNs, enabling improved performance on conservation laws and problems with
sharp gradients. (b) The residual-based physics-informed transfer learning (RePIT) strategy as a
representative hybrid PINN approach [53]. The workflow alternates between conventional CFD
computation and neural network-based predictions. The figure has been republished with permission
from each indicated reference (ref. [51] for (a), ref. [53] for (b)).

Table 1. Summary of major PINN variants and their core innovations.

Category Key Methods Highlights
Loss Balancing MultiAdam [43], Gradient Reweight [42] Adaptive optimizer, rebalancing
loss terms
. . Importance sampling [39], RAD [42], Adaptive and probabilistic
Sampling Strategies DAS-PINNS [45], MCMC-PINN [46] point selection
Variational Form Deep Ritz [47], VPINNS [48,49], VarNet [50] Weal form enforcement, lower
derivative order
Domain Decomposition cPINNSs [51], XPINNSs [52] Local networks, interface stitching

While many machine learning approaches are fundamentally limited by the size
and quality of available datasets, a key advantage of PINNSs is their ability to leverage
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governing physical laws, thereby reducing reliance on large experimental or simulated
datasets. In PINN frameworks, the physical equations themselves guide model learning,
enabling accurate solutions even when data are sparse or partially missing. However, the
effectiveness of PINNSs can still be influenced by data-related factors such as measurement
noise, limited boundary condition data, or incomplete coverage of operating regimes.
Thus, while PINNs are more robust to data scarcity than purely data-driven methods,
careful attention to the available data—however limited—remains important, particularly
in complex or ill-posed real-world scenarios.

3. Applications of PINNs in Electronics Thermal Management

For general heat transfer physics, there are three modes of heat transfer—conduction,
convection, and radiation—depending on the heat transfer medium [54]. Conduction heat
transfer is governed by Fourier’s Law, which states that heat flux is linearly dependent on
the temperature gradient when thermal conductivity is constant in a steady-state scenario,
or on density and heat capacity. Temperature-dependent thermal conductivity, density, or
heat capacity will introduce non-linear physical characteristics into this scenario [55,56].
Convection is governed by Newton’s Law, and the heat transfer coefficient depends on fluid
properties, such as temperature, fluid velocity, or flow regime (laminar or turbulent) [57].
Radiation is governed by the Stefan—Boltzman Law and is non-linear due to the fourth-
power dependence on temperature [58]. With power densities with varying intensities and
different cooling requirement scales, thermal management systems employed in electronics
can generally be categorized into passive cooling and active cooling [59]. Passive cooling
refers to the method that dissipates heat without any active energy inputs; techniques in
this category include heat sink, thermal pads/interfaces, heat pipes, and vapor chambers,
whereas active cooling requires additional power input, such as a fan, liquid cooling, or
jet impingement cooling. Besides these traditional cooling mechanisms, two-phase liquid
cooling is increasingly standard in data centers, while immersion cooling is gaining traction
for its efficiency [60-62].

The advancement of cutting-edge information and digital technologies—including 5G,
artificial intelligence, cloud computing, autonomous vehicles, and data centers—has greatly
increased the need for functional electronics, driving demand in their power densities and
reliabilities [63,64]. Maintaining a safe operating temperature is essential for the proper
functioning of each unit, making thermal management systems very critical. Depending on
the physical size of the system, thermal management can be classified into three levels: chip,
board, and system [35]. The thermal management challenges vary across the three levels.
As depicted in Figure 2, at the chip level (Figure 2a), densely packed power tiles represent
each functional unit, with conduction as the dominant heat transfer mode and boundary
conditions set by the heat transfer coefficient. Material properties may be isotropic and
temperature-dependent, varying based on design accuracy requirements. At the board level
(Figure 2b), when it involves a lot of components, such as electronic control module, cooling
solutions, PCB, etc., heat transfer becomes more complex as various mediums—such as air
or dielectric liquids—come into play. In addition, multiple components with varying power
inputs are present, which can include factors like direct current internal resistance losses or
electromagnetic power losses involving multiphysics considerations. Despite this increased
complexity and the larger number of design parameters, board-level challenges are not
necessarily greater than those at the chip level, largely because most passive electrical and
heat-generating components exhibit isotropic characteristics. Finally, at the system level
(Figure 2c¢), the intricate geometry of components not only increases the volume of data but
also lengthens both the training and forecasting periods.
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Electronics Thermal Management

@ )

Power Density Heatmap

Chip Board System
* Conduction mode dominant + Conjugate heat transfer/Electrical-thermal + Intricate geometrical configuration
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Figure 2. Electronics thermal management challenges on (a) Chip, (b) Board, and (c) System. Image
sources: (b) [65], (c) [66], Figure (b) was reproduced from [65] with permission under the terms
of the Creative Commons. Figure (c) has been republished with permission from each indicated
reference [66].

Following this scaling methodology, this section will analyze selective PINN applica-
tions at the chip, board, and system levels of electronics thermal management and aims to
bridge the connections between different scales.

3.1. Chip Thermal Management

For chip thermal management, heat is generated at the nanoscale with intensive den-
sity and is mainly conducted through the die before it reaches the chip surface, is cooled
through external multilayer package and thermal interface materials, and is eventually
dissipated through external conduction or convection [35]. Therefore, conduction is the
dominant heat transfer mode at the chip level, while external conduction or convection can
be simplified and simulated with heat transfer coefficient boundary condition settings. Ra-
diation is negligible due to the small surface area and low emissivity (polished surface) [35].
According to Fourier’s Law, conduction heat transfer is linear when thermal conductivity
is constant. There are two main challenges associated with chip thermal management,
namely, temperature-dependent material properties (thermal conductivity, density, and
heat capacity) and high-dimensional power densities due to the hierarchical structure or
advanced 3D IC structure [67].

Chip technology has become very dense with power tiles, requiring a very fine
resolution for each power tile to be captured correctly, which is not possible with the
current finite element analysis (FEA) approach, as the discretization of the full chip level is
extremely time-consuming and resource-intensive. The high-dimensional and nonlinear
PDEs have also been designed to accelerate using machine learning approaches. Traditional
machine learning approaches to chip thermal management require large data inputs. For
example, Sadigbatcha et al. built the long short-term memory (LSTM) model to train
experimental infrared thermal image results to estimate representative spatial features
of 2D heatmaps with similar accuracy and high efficiency [68]. Chen et al. [69] adopted
graph convolution networks (GCN) with global features, skip connections, edge-based
attention, and principle neighborhood aggregation to efficiently estimate thermal maps of
2.5D chiplet-based systems while demonstrating strong generalization to unseen datasets.

On the other hand, PINN demonstrates good potential for overcoming the data-
intensive limitations of traditional machine learning. Liu et al. applied the physics-aware
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operator learning method (DeepONet) to a 21 x 21 x 11 mesh grid-based single-cuboid
geometry with a 2D power map with constant HTC boundary conditions [70]. In the
study, firstly, two families of design configurations, namely, boundary conditions for each
individual surface and the locations and intensity of external or internal heat sources, were
encoded as input functions for different “branch nets” to be fed into the framework. While
all the sampled coordinates were fed into another sub-network, namely, “trunk net”, the
k branch nets, and one trunk net were combined via a Hadamard (elementwise) product
and summed to represent the predicted temperature field. The framework was then trained
using multi-input DeepONet (Figure 3) [71]. The total loss was minimized using gradient
descent based on an automatic differentiation algorithm. The result was 300,000 times
faster than the commercial Celsius 3D solver, with a max/min temperature difference of
less than 0.1 K. However, this method reveals limitations in scalability and generalization,
as it does not include orthotropic or temperature-dependent material properties.

PDE configurations for chip design mlti-input DeepCNet PDE/BCs-constrained lass
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Figure 3. DeepOHeat framework. Figure has been republished from [71] with permission under the
terms of the Creative Commons.

Another study conducted by Chen et al. involved an enhanced PINN approach
designed for a rapid and accurate full-chip thermal analysis of Very Large-Scale Integration
(VLSI) chips, namely, ThermPINN [72]. Standard PINNSs, while innovative, suffer from
slow training convergence. In Chen’s work, the temperature distribution equation can be
expressed with the separation of variables into two variables along the x and y directions
to form two cosine vectors with the coefficient Cpq. The authors also considered that both
thermal conductivity and leakage power vary with temperature and used appropriate
models to depict their relationship to temperature across a specific temperature range.
Firstly, spatial variables are separated into cosine vectors, forming a Q x P matrix whose
inner product with the Cpq matrix yields the temperature value with a discrete cosine neural
network. Second, the effective convection coefficient, m, and the ambient temperature,
Ty, are parameterized to connect with Cpq with multi-layer perception (MLP). A back-
propagation algorithm is used to learn the MLP parameters. The thermal equation is then
coupled with a loss function, and an unsupervised learning method is used to train the
networks. The author also applied a plain PINN as a benchmark, where the position, the
effective convection coefficient, and the ambient temperature are directly parametrized to
train the MLP.

The findings indicate that the ThermPINN’s accuracy was slightly below that of
the plain PINN, but in the same order of significance. However, it demonstrated strong
potential for faster training, making it more practical for EDA applications, with both PINNs
outperforming traditional FEM solutions in terms of speed. The model parameterizes key
variables—the ambient temperature and effective convection coefficient—enabling efficient
design space exploration and uncertainty quantification (UQ).
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3.2. Board Thermal Management

In board thermal management, the electrical components hosted on a printed circuit
board—such as resistors, capacitors, memory cards, integrated circuits (ICs), heatsinks,
and solder joints—vary widely by application and industry, with some being passive
and others producing high-density, dynamic thermal power under different operating
conditions [73]. Thermal management poses a significant challenge, although techniques
like air cooling, cold plates, jet impingement, and immersion cooling are well-established,
addressing the diverse safe temperature limits, space constraints, and power demands
across components and product generations, which complicates redesign and simulation
efforts. Simplified simulations of board thermal management using black box reduced-
order models (e.g., linear time invariant [74], linear parameter varying [75], and singular
value decomposition [76]) are possible but often lack field-specific accuracy or require
extensive training data, whereas PINNSs offer a promising approach for prescreening and
estimating untested scenarios.

On the board, there can be power chips with different layers soldering with baseplates
or printed circuit boards (PCBs). In a study conducted by Yang et al., four SiC MOSFET
chips are mounted on DBC AIN substrates with integrated deionized water pin-fin cooling
channels on top. Five parameters, including initial temperature, heat flux, chip total powers,
baseplate thickness, and pin-fin heights, are explored in terms of design space [77]. For
the SiC power module, due to the presence of layers with different material properties,
representing separate physical domains, the authors applied a total of nine Fourier neural
networks with soft coupling constraints in PINNSs for rapid design exploration. This ap-
proach outperforms traditional FEM solvers for faster thermal profile prediction. The seven
Fourier networks represent and fit the thermal equations for each physical domain, whereas
two Fourier networks address fluid flow and convective heat transfer PDEs, resulting in a
total of nine Fourier NN as training inputs. Random sampling points are then generated
uniformly across the domain and boundaries to evaluate a loss function, which integrates
PDE residuals, boundary condition errors, and interface continuity penalties, which are bal-
anced using adaptive weights. The model undergoes iterative training via backpropagation
with the Adam optimizer and an exponential decay learning rate, minimizing the loss below
a threshold (10~°) for synchronized convergence across networks. Once trained, the PINN
model enables the rapid inference of thermal fields for any input parameter combination
without retraining, offering an efficient alternative to traditional numerical methods. The
author suggests that in terms of scalability, PINNs delivered performance similar to that of
COMSOL for 100 simulations. However, when expanding to a significantly larger set of
simulations—such as 10,000 cases—the PINN-based approach demonstrated substantially
higher simulation efficiency, particularly for exploring expansive design spaces. However,
PINNSs were trained on GPUs while benchmark COMSOL simulations are based on CPUs,
which is not a fair comparison due to the parallel computation capabilities of GPUs. As the
authors introduced geometrical parameters, mesh-dependent accuracy can be a potential
risk when scaling.

Another application involves a cooling component on the board, the thermoelectric
cooler (TEC), which consists of a series of N-type and P-type semiconductor materials [78].
When an electric current passes through these materials, heat is absorbed from one side
(the cold side) and released on the opposite side (the hot side), which is also called the
Peltier effect. Simulating and designing TECs can be challenging due to their complex
physics and computational demands: (1) TECs operate based on intertwined thermal and
electrical phenomena, governed by nonlinear PDEs and highly influenced by temperature-
dependent material properties, including thermal conductivity, the Seeback coefficient, and
electrical conductivity; (2) 3D FEA simulation that requires fine spatial discretization results
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in large systems of equations and high demand for computer resources; and (3) identify-
ing optimized parameters escalates the complexity. The study conducted by Chen et.al
introduced a surrogate model that reduces 3D TEC geometry to a 1D problem that incor-
porates key parameters like current density and thermal boundary conditions [79]. The
implicit physics-constrained neural network (IPCNN) framework proposed by the authors
employs a two-stage training process. Firstly, temperature-dependent material properties
are approximated using an extreme learning machine (ELM), followed by a PINN enforc-
ing TEC-specific PDEs in the second stage. This method achieves an 8.5 speed increase
over traditional COMSOL simulations and enhances stability compared to conventional
PINNs. Additionally, a hybrid finite element neural network (FENN) method integrates the
surrogate model into COMSOL, yielding a 5.1 x speedup and 5.4 x memory reduction for
VLSI chip thermal analysis. The author demonstrated that this IPCNN approach showed
much better convergence to a loss of 10~® versus 10! for traditional PINNs in smaller
length ranges. It avoids the slow convergence and large errors of one-step PINN training
by separating the modeling of material properties and PDE solutions, thereby reducing the
optimization search space. However, a decrease in accuracy was observed as the parameter
ranges widened (e.g., length from 0.05 to 1.2 mm), suggesting scalability limitations, in
addition to the increased complexity of implementing a two-stage process compared to a
single-step PINN. The scalability of broader parameter ranges based on this study can po-
tentially be achieved by employing multiple neural networks for subregions, as suggested
in the text. Further refinement could also involve adaptive learning rates or advanced
network architectures to maintain accuracy across diverse conditions. Integrating more
physics constraints or exploring alternative approximators beyond ELM could also boost
performance. Overall, this study underscores IPCNN'’s potential as a transformative tool in
TEC modeling, balancing efficiency and precision while identifying pathways for future
enhancements in board thermal management.

Another study conducted by Farrag et al. involved the soldering reflow process
(SRP) [80], which occurs during the PCB manufacturing process. In SRP, solder paste is
melted and then solidified to connect electronic components to PCBs. Precise temperature
control is critical to ensure the PCB’s quality. Due to the escalating complexity of the PCB
and a greater number of different electrical components, monitoring and accommodating
the SRP process is extremely difficult. The SRP-PINN model proposed by Farrag et al.
leverages PINNSs to predict temperature distribution across PCBs, ensuring solder joints
meet manufacturer-specified thermal profiles for quality assurance. Unlike traditional CFD
approaches, which are computationally intensive, the SRP-PINN integrates PDEs into a
DNN to achieve accurate predictions with limited experimental data. The study uses a
1D heat transfer model along the PCB length, trains the PINN with sparse data from one
recipe, and demonstrates its generalizability across different PCB designs and soldering
recipes. The experimental results, which were conducted using a Heller 1707 W reflow
oven and SAC305 solder paste, show the model’s effectiveness, achieving 98% accuracy
compared to 97% for a hybrid physics-ML benchmark, with potential applications in
real-time manufacturing optimization.

3.3. System Thermal Management

When it comes to system scale, in addition to the above-mentioned chip- and board-
level challenges, intricate geometrical configurations can pose a challenge due to the
complexities of CAD geometries, such as in electronics enclosures and large-scale cooling
components [81-84]. To precisely capture the fluid flow and temperature profile, setting
non-conformal mesh at different regions to balance calculation accuracy and computer
resources requires a significant amount of human instruction and experience, let alone the
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time to start a simulation [85,86]. A PINN can be very useful in resolving repetitive work
and save running time when only several parameters need to be modified for a new design.

In the data center field, energy consumption is long-term and intensive, and heat
generation is significant due to the computing requirement. The primary cooling source is
the heating, ventilation, and air conditioning (HVAC) system, while the heat is generated
from racks, power supplies, and power generators. Chen et al. demonstrated notable
performance in a six-month case study on data center thermal modeling using an adaptive
physically consistent neural network (A-PCNN) (Figure 4) [66]. The approach leveraged
an NN with Softplus activation functions, replacing traditional preset and fixed coefficients
to reduce trial-and-error costs and increase flexibility. Specifically, it reduced the mean
absolute error by 17.3% for a 15 min forecast and by 79.2% over a 7-day period.
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Figure 4. Adaptive physically consistent neural network framework. The figure has been republished
with permission from [66].

Tanaka et al. developed an alternative modeling approach for system-level thermal
systems by employing data compression through proper orthogonal decomposition com-
bined with physics-informed machine learning (PIML). To evaluate the effective PIML
technique, two distinct thermal mathematical frameworks were developed to explore how
the training dataset size and model complexity influenced prediction precision. Further-
more, the study contrasted the prediction accuracy and computational training expenses
between traditional data-driven machine learning and the PIML approach. The results
demonstrated that this method accurately forecasted the temperature across both models
in diverse heat input scenarios while also reducing the overall training cost by 26% to
81% relative to data-driven machine learning techniques, showcasing the advantages of
the physics-informed strategies [87].

Zhang et al. investigated the application of PINNs in simulating fluid flow and
heat transfer in manifold microchannel (MMC) heat sinks designed for cooling high-
power Insulated Gate Bipolar Transistors (IGBTs), which are critical components in power
electronics [88]. The study developed a PINN model with two sub-networks—one for
flow dynamics and another for thermal behavior—each employing a DNN with a sine
activation function to capture high-order derivatives and mitigate vanishing gradient
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issues. Compared to traditional CFD simulations, PINNs show similar trends, such as
increased pressure drops and decreased temperatures with higher inlet velocities, although
discrepancies occur in regions with rapid flow changes and maximum temperature pre-
dictions. The mesh-free nature of PINNs and their ability to embed physical laws into
the loss function enable the efficient simulation of complex geometries with fewer data
than purely data-driven approaches. Additionally, the paper explores PINNs’ potential
in solving inverse problems, like estimating kinematic viscosity and thermal diffusivity,
highlighting their versatility. Despite computational expense and sensitivity to geometry
and hyperparameters, PINNs emerge as a promising alternative for thermal management
in engineering applications.

All the system thermal management benefits mentioned above stem from the imple-
mentation of the PINN framework. With emerging technologies and fast turn-around
requests in high-tech consumer electronics, data centers, and electric vehicles, PINNs have
more potential when computational requests escalate.

The key methods for electronics thermal management at different scales, along with
highlights for each scale, are summarized Table 2 below:

Table 2. Summary of applications of PINNs in electronics thermal management.

Scale Key Methods Highlights

Temperature-dependent properties,

Chip DeeOHeat [71], ThermPINN [72] DeepONet, variables separation

PINN with SiC design exploration [77], IPCNN

Board [78], SRP-PINN [80]

Design space exploration, Multiphysics

A-PCNN [66], PIML [87], PINN with MMC and

IGBTs [88] CAD complexities, data size

System

4. Applications of PINNs in Battery Thermal Management

Battery systems involve multiple physical phenomena, such as electrochemical reac-
tions, heat transfer, and mechanical stress, making simulation and analysis complex [89,90].
Uses for PINNSs include state estimation [91], degradation [92,93], and aging estimation [93],
thus proving the interest and potential of PINNs in battery systems. Finegan et al. out-
lined a perspective, discussed the challenges related to scarce data for analysis, and thus
recommended physics-based learning for predicting battery failure more accurately and
reliably [94]. Physics integration can include physics-based datasets, physics-informed
training constraints, and physics-guided algorithm structures, which are a hybrid ap-
proaches that merge data-driven and physics-based methods.

Thermal management in batteries is critical, as thermal runaway (TR) is one of the
primary safety concerns in batteries [95,96]. It occurs when an increase in temperature
accelerates internal chemical reactions, generating more heat and potentially causing an
uncontrollable chain reaction that may result in a fire or explosion. TR in a single LIB
can rapidly propagate from the root cell to all adjacent cells, thus resulting in catastrophic
accidents in large-scale battery packs and systems. Therefore, efficient battery thermal
management systems at different scales are critical for ensuring the safe temperature of
each cell and mitigating the TR phenomenon overall.

Battery thermal management simulation presents a range of challenges across different
levels—from the cell to the pack to the system (Figure 5). At the cell level, the need to
capture non-linear thermal behavior and electrochemical-thermal multiphysics interac-
tions make modeling complex, especially for the accurate real-time prediction of thermal
runaway events. Moving to the pack level, cell-to-cell variability, non-uniform temperature
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distribution, and the impact of cell arrangement and manufacturing deviations complicate
the prediction of thermal behavior and require detailed spatial resolution. At the system
level, the challenges expand to modeling under wide operational conditions, ensuring
effective heat dissipation coordination across components and maintaining a high level
of model sophistication to balance accuracy and computational efficiency. The challenges
are not confined to a single scale; instead, they can play a role across different scales. In
addition, unlike electronics thermal management, the heat source includes power loss from
electrical components, traces, or frequency-varying processes. The heat source in batteries
is mainly introduced through multiple endothermic and exothermic electrochemical pro-
cesses and dynamically changes according to the charging state, which makes capturing
the exact source term and modeling battery thermal behavior even more challenging.

Battery Thermal Management
(a) (c) (d)
(b)
Cell Pack System
* Non-linear thermal model + Variability among cells + Wide operational range
*  Electrochemical-thermal multiphysics  « Ununiform temperature distribution + Heat dissipation coordination

* On-time prognosis of thermal runaway ,  (Ce]] arrangement and deviation * Model sophistication

Figure 5. Battery thermal management challenges. Figure (a) was reproduced from [97] with
permission under the terms of the Creative Commons. Figures (b—d) have been republished with
permission from each indicated reference (ref. [98] for (b), ref. [99] for (c), ref. [100] for (d)).

The interconnections among the challenges related to battery thermal management
simulation across the cell, pack, and system levels are deeply intertwined, as issues at
one scale directly influence the others, creating a complex multiphysics problem. The com-
plexity of precise cell thermal management propagates to the pack level, where cell-to-cell
variability and non-uniform temperature distribution, which are driven by manufacturing
deviations and cell arrangement, lead to uneven heat generation and dissipation, further
complicating thermal predictions. At the system level, these challenges culminate in the
need to model the entire battery pack under diverse operating conditions, where the cu-
mulative effects of cell- and pack-level thermal inconsistencies must be addressed through
coordinated heat dissipation strategies, all while balancing computational efficiency with
model accuracy. Unlike electronics thermal management, where heat sources are primarily
power losses from electrical components, BTMS must account for the dynamic electrochem-
ical heat sources, making the accurate capture of source terms a cross-scale challenge that
links the cell, pack, and system levels in a unified modeling framework. Therefore, this
section will divide the PINN research into battery cells, battery packs, and battery systems,
following the same escalating order as Section 3.
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4.1. Battery Cell Thermal Management

For battery thermal profile prediction, the source term is generally simplified with a
uniform heat generation source, or thermal resistance network [101,102]. Many researchers
have simplified PDEs to create lumped parameter models. Research can, however, be
conducted by considering the realistic 3D battery thermal model at different charging states.

Deng et al. applied a PINN to integrate the electric-thermal mechanism of the battery
and data information through a weight adaptive function [103]. This was achieved by
integrating transient thermal equations, with heat generation uniformly calculated from
the relationship between current and voltage. The thermal equation is relatively easy to
train due to the constant material property, and the battery heat generation rate is simply
determined by joule heating without considering the various reactions and their exothermic
rates in the formula. Wang et al. proposed a battery informed neural network (BINN)
that selects features (voltage, current, experiment time, etc.) to obtain the cell surface
temperature, open circuit voltage, and internal resistance, which reflect aging [98].

Kim et al. applied a multiphysics-informed neural network (MPINN) in thermal run-
away analysis using a simple cylindrical lithium-ion cell, without any charge or discharge
processes [97]. The MPINN addresses this by embedding physical laws—such as the energy
balance equation and the Arrhenius law—into the neural network, enabling it to estimate
time- and space-dependent temperature and concentration profiles more effectively than
purely data-driven models like standard artificial neural networks (ANNSs). The study
achieves significant advancements by demonstrating that the MPINN outperforms ANNs
in accuracy across various data availability scenarios (Figure 6). With fully labeled data, the
MPINN reduces the mean absolute error (MAE) and the root mean squared error (RMSE)
compared to ANNS (e.g., MAE of 0.46 vs. 1.17 for temperature). In semi-supervised settings
with limited labeled data, the MPINN's errors remain low (MAE of 0.08 vs. 47.46 for ANN),
and it can even predict TR without labeled data for positive electrode decomposition,
leveraging its physics-informed framework. This capability positions the MPINN as a
promising surrogate model for real-time TR prediction and battery safety optimization,
which is validated through comparisons with high-fidelity COMSOL simulations. Looking
forward, the paper suggests promising improvements, including expanding the MPINN to
model additional TR mechanisms like negative electrode and solid electrolyte interphase
(SEI) layer decomposition for a more comprehensive representation. Reducing the compu-
tational cost of training, currently a bottleneck, would enhance its practicality. Additionally,
applying the MPINN to complex battery geometries or multi-cell systems could broaden
its real-world applicability, thereby advancing battery management systems and safety
designs. These enhancements could solidify the MPINN's role in improving LIB reliability
and safety.

4.2. Battery Pack Thermal Management

Cho et al. explores the use of a PINN to tackle significant challenges associated with
managing lithium-ion battery packs, particularly the accurate prediction of temperature
distributions [104]. The PINN approach addresses these issues by integrating physical laws,
such as energy balance equations, directly into the neural network’s loss function. This
hybrid method combines the strengths of physics-based and data-driven models, reducing
the need for large datasets and extensive parameter tuning while maintaining accuracy,
especially in scenarios with limited data or unknown initial conditions. The paper demon-
strates notable success in applying the PINN method to improve temperature prediction
accuracy within lithium-ion battery packs (Figure 7). By embedding physical constraints
into the neural network, the PINN achieves a root mean square error (RMSE) of 0.57 °C for
the Direct Current Fast Charge (DCFC) test profile and 0.52 °C for the Grade Load (GL)
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100 test profile. These results mark a significant improvement over traditional methods,
offering a more efficient and reliable way to monitor battery temperatures. Enhanced
accuracy is particularly valuable for preventing thermal runaway and extending battery
life, which are key concerns in battery management systems. The study also refines the
PINN's performance by incorporating additional inputs, such as chamber temperature,
and optimizing the neural network architecture. This hybrid approach not only outper-
forms conventional models in terms of precision but also reduces computational overhead,
making it a practical solution for real-time temperature monitoring in battery packs.
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Figure 6. Multiphysics-informed neural network framework. The figure has been republished
from [97] with permission under the terms of the Creative Commons.
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Figure 7. LSTM-PINN hybrid framework. The figure has been republished from [104] with permis-
sion under the terms of the Creative Commons.

Looking ahead, the paper suggests several avenues to further enhance the PINN
approach for battery pack applications. One promising improvement is the integration of
more comprehensive physical models into the neural network, such as those accounting
for varying thermal properties or complex heat transfer mechanisms within the battery

40



Batteries 2025, 11, 204

pack. This could lead to even greater prediction accuracy by capturing a broader range of
physical phenomena. Another potential advancement lies in optimizing the neural network
architecture, possibly by exploring hybrid models or alternative network types to better
handle the nonlinear dynamics of battery systems. Additionally, expanding the dataset to
encompass a wider variety of operating conditions and battery types could improve the
model’s generalizability, making it adaptable to diverse real-world scenarios and battery
configurations. These enhancements could solidify PINN’s role as a cornerstone in battery
management systems, driving further improvements in safety, efficiency, and performance
for lithium-ion battery applications.

4.3. Battery System Thermal Management

When battery packs are embedded in large systems, such as electronics and electric
vehicles, simulation becomes more challenging.

Shen et al. applied PINNs to address the challenge of accurately estimating tempera-
ture distributions in large-format lithium-ion blade batteries, which is a critical aspect of
thermal management in electric vehicle battery packs [105]. Effective temperature control
is vital because it directly impacts battery performance, safety, and lifespan, with excessive
heat potentially leading to thermal runaway. Traditional physics-based models, while
detailed, are computationally demanding and require extensive manual parameter tuning,
making them impractical for real-time use. Conversely, data-driven models depend on
large datasets, which may not always be available, especially under diverse operating
conditions. The paper introduces a PINN model that integrates a simplified multi-node
thermal model into an LSTM neural network, combining physical laws with machine
learning (Figure 8). This hybrid approach reduces the need for extensive data and cali-
bration by embedding heat transfer equations into the network’s loss function, enabling
real-time temperature predictions with improved accuracy and interpretability, particularly

for large-format batteries with non-uniform heat generation.

Prediction results
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Figure 8. PINN-based real-time battery temperature estimation framework. The figure has been
republished with permission from [105].

In this study, experimental data were gathered using a test bench equipped with a
Nebula Charging and Discharging testing system, a GDBELL high- and low-temperature
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test chamber, three K-type thermocouples, and an upper computer. A series of battery
thermal characteristic experiments, including discharging, cooling, charging, resting, and
discharging, were performed under varying current rate and environmental conditions
to capture the real-time temperature profiles of the blade battery. To develop the frame-
work, a 1D thermal model was established along the length direction of the large-format
blade battery, as heat transfer in the width and thickness directions was negligible. The
model incorporates thermal resistance between nodes, heat generation, Joule heating, and
convective heat transfer, and is simplified as follows:

dT T, — T Ty — T T,.,— T
B 2_<Q+ 1-T L= Tuw 2)/M2c (10)

f= dt Ry12 Ry23 Rpp

Here, Tx denotes the temperature at different nodes, while Rj, and Ry represent the
thermal resistance between nodes, including convective heat transfer resistance (Ry,) and
equivalent internal resistance (Ry). The Ry, values were determined using experimentally
measured data via the recursive least squares (RLS) method, whereas Ry values were
derived from open circuit voltage (OCV) testing combined with the Joule heating formula.
The transient temperature data, equivalent resistance curves, experimental data, and ther-
mal model were integrated into the PINN model, which includes an LSTM layer to handle
long-sequence time-series data, thereby preserving and updating critical temperature infor-
mation. The model is trained by minimizing the loss function, ultimately outputting the
transient central temperature of the battery as a temperature curve.

The paper demonstrates significant achievements through the development and
testing of the PINN model for battery temperature estimation. By incorporating a one-
dimensional thermal model with three nodes—accounting for heat generation, transfer, and
dissipation—the PINN leverages LSTM to capture the time-series nature of temperature
changes. Tested under various charging conditions (0.5 C, 1.0 C, and 2.0 C), the model
outperforms traditional approaches like backpropagation neural networks (BP-NN) and
standalone LSTMs. For instance, at a 2.0 C charging rate, it achieves an R? of 0.9863, a
mean absolute error (MAE) of 0.2875 °C, and a root mean square error (RMSE) of 0.3306 °C,
showecasing high predictive accuracy. A notable advantage is its ability to learn parameters,
such as equivalent internal resistance, automatically via neural network training, thereby
eliminating manual calibration. These results, validated through a realistic experimental
setup with a battery test bench, highlight the PINN's effectiveness in providing precise,
real-time temperature estimates and enhancing battery management systems’ ability to
prevent thermal issues. The paper outlines several promising directions for enhancing the
PINN model’s capabilities. One key improvement is extending temperature estimation to
the battery module level, predicting the overall temperature field across multiple cells in a
pack. This would offer a more comprehensive thermal profile for practical applications but
would require addressing increased complexity in modeling inter-cell interactions. Another
avenue is refining the thermal model by incorporating additional physical phenomena,
such as detailed heat transfer mechanisms or variable thermal properties, to further im-
prove accuracy. Expanding the dataset to include a broader range of operating conditions
(e.g., different charge rates, ambient temperatures, and battery aging states) could enhance
the model’s generalizability and robustness. Additionally, optimizing the neural network
architecture—potentially by exploring advanced hybrid designs—could improve its ability
to handle complex, nonlinear thermal dynamics. These advancements would strengthen
the PINN's role in real-time thermal management, supporting safer and more efficient
battery pack operations in electric vehicles.

The applications of PINNSs in battery thermal management discussed in this section
are summarized in Table 3. However, this area is not well understood due to the complexity
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of electrochemical-thermal multiphysics, which makes it difficult to identify the thermal
source and corresponding PDEs, especially with different SOC. Data-driven experimental
identification is the current approach being used, which deviates from the intention of
PINNSs because they are not data-driven.

Table 3. Summary of applications of PINNs in battery thermal management.

Scale Key Methods Highlights
Cell PINN with electric-thermal Electrochemical-thermal multiphysics,
mechanism [103], BINN [98], MPINN [97] real-time TR prediction
Pack LSTM-PINN [104] Data size, temperature uniformity, cell
arrangement

Large format, wide operational range,

System PINN-LSTM [105] 1D simplification

5. Conclusions

In this review paper, we first discussed the working principles of PINNs and their
variants, as well as their general applications in the physics simulation world in Section 2.
Based on this understanding, we then discussed the challenges associated with both
electronics and battery thermal management at three scale levels and how PINNSs can tackle
these challenges accordingly. Subsegently, we reviewed study that has been conducted at
the chip level, board level and system level of electronics thermal management in Section 3.
PINNSs are being used to solve different analysis challenges at different scales. In Section 4,
we then reviewed research conducted on battery thermal management with the same scale
categorizing standards, from the battery level to the pack level to large-format systems.
As the two most heat-intensive components in the high-tech, automobile, and industrial
fields, the thermal management of electronics and batteries should be considered together.
Gaps clearly exist in the connections between these two components. In the current
research, PINNs have solved the challenges of data scarcity and prediction efficiency, and
the critical idea is to figure out the correct PDEs to use and adjust the training algorithms
to various operating conditions. Despite the promising advantages that PINNs offer over
traditional machine learning, as well as their flexibility to combine with different techniques
to enhance performance, the application of PINNs is not without challenges. They can
be computationally intensive, sensitive to the correct formulation of governing equations
and neural network architecture, and may face convergence issues or require extensive
hyperparameter tuning when dealing with stiff or highly nonlinear systems, making their
deployment in real-time or large-scale industrial settings more challenging. Therefore,
this review points out both the pros and cons of applying PINNs, which will benefit
from inspiration in using advanced machine learning approaches to address system-level
electronics and battery system thermal management.
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Abstract: The rapid development of lithium-ion (Li-ion) batteries has raised requirements
for cycle life prediction to ensure safety and reliability. However, the intricate and nonlin-
ear behavior of the battery degradation process poses significant challenges in accurately
predicting its cycle life at an early stage. This work addresses the battery lifetime prediction
problem by leveraging machine learning (ML) methods. First, we apply quantile trans-
formation (QT) to both features and battery cycle lives to improve their correlation. Next,
we adopt a centered isotonic regression (CIR) method in our work, a variant of isotonic re-
gression (IR) that centers the feature values and then reduces overfitting to improve model
performance. Finally, we perform convex regression (CR) to capture specific patterns in the
battery dataset where monotonicity is absent and achieve an overall prediction for battery
cycle lives. To validate our proposed method, we have done a comprehensive comparison
among several different benchmarks, including elastic net, gradient boosting regression
tree, decision tree, support vector machine, random forest, and Gaussian process regression.
In contrast to existing methods, our CIR model has shown the best performance, with
an average percentage error of 9.8% and a root mean square error of 149 cycles. These
experiment results demonstrate the capability and potential of our proposed CIR model in
the problem of battery lifetime prediction.

Keywords: data analytics; data-driven prediction; lithium-ion battery; battery lifetime
prediction; feature transformation

1. Introduction

Many applications, including electric vehicles, computers, and smartphones, have
adopted lithium-ion (Li-ion) batteries due to their relative low cost, long cycle life, and
high energy and power density [1-3]. Li-ion batteries are very important for reducing the
operational costs of battery storage systems in smart grids and microgrids [4,5]. However,
Li-ion batteries degrade with time through internal electrochemical reactions as well
as other environmental factors. These problems not only increase operation costs by
forcing the replacement of Li-ion batteries but also lead to serious accidents, including
explosions and even bodily injuries. Therefore, optimizing operations and ensuring safety
and accuracy in the systems will be important. In addition, early-stage lifetime prediction
will save much time for the manufacture, production, and optimization of batteries. In
high-throughput battery optimization processes, such as multistep rapid charging, early
lifetime prognostics minimize the number of testing cycles required for each cell, thereby
accelerating the overall optimization process [6]. In most cases, the approaches for battery
health and lifetime prognostics are classified into two groups: model-based and data-driven
methods.
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The model-based methods pay attention to the underlying aging mechanisms that
define batteries by lists of equations describing the underlying chemical and physical
reactions. These methods employ modern filtering algorithms, including the particle
filter [7] and Kalman filter [8], to continuously modify model parameters in order to
predict the battery’s remaining useful life (RUL). These methods highlight that only a few
developed empirical models are built based on assuming simple mathematical relations
between the capacity of the battery and the aging cycles in a way that does not consider any
internal electrochemical mechanisms. The commonly developed empirical models widely
involve methods such as linear [9], polynomial [10], exponential [11], logarithmic [12], and
hybrid [13] methods. However, there are a few drawbacks to model-based methods. Firstly,
the efficiency of lifetime predictions is heavily based on the strength of the underlying
degradation models. Furthermore, these methods generally require extensive data along
the degradation trajectory to achieve accurate predictions. It is difficult to predict the
battery lifetime accurately at an early stage of degradation due to the inherently nonlinear
behavior of capacity degradation and the negligible changes during the initial battery
cycles [6].

The data-driven methods, which do not require explicit battery models, regard the
battery system as a black box and then derive the RUL and state of health (SOH) from
extracted features. The selection of input features generally influence the effectiveness of
data-driven approaches [14]. Elastic net (EN) regression is applied to predict RUL using
early-cycle charging and discharging curves. After that, several features derived from
voltage, temperature, capacity, and internal resistance are used as inputs for the machine
learning (ML) model to predict battery lifetime [6]. Liu et al. [15] introduced the Box-Cox
transformation (BCT) to model the relationship between extracted features and Li-ion
battery capacities. These features were then used to predict the RUL using a relevance
vector machine (RVM). Nuhic et al. [16] implemented the support vector machine (SVM) to
develop embedded diagnostics and prognostics for estimating the SOH and RUL of Li-ion
batteries. Zhang et al. [17] achieved the battery lifetime prediction by combining feature
construction with physical features, specifically electrochemical model parameters. Paulson
et al. [18] employed sequential feature selection to identify suitable features from a total
of 396 extracted features. Yang et al. [19] extracted 72 features from voltage, temperature,
and capacity data, and utilized various feature combinations with a gradient boosting
regression tree (GBRT) to predict battery lifetime. Fei et al. [20] used four different feature
selection methods to select important features from 42 manually extracted ones and then
predicted the battery’s RUL using various ML techniques. Zhang et al. [21] employed
neural networks to predict RUL using features extracted from discharge current, terminal
voltage, discharge capacity, and IR. Fei et al. [22] automatically extracted features using
convolutional neural networks (CNNs) and combined them with manually crafted features
based on domain knowledge to enhance prediction accuracy. Gong et al. [23] extracted
20 capacity degradation-related features and utilized various feature selection methods to
improve the accuracy of battery lifetime predictions. He et al. [24] employed CNNs to pre-
dict RUL by generating graphical features from the capacity-voltage curves. Zhao et al. [25]
implemented a transfer learning technique and developed a model called convolutional
neural network with attention (CNN-AT) that integrates an attention mechanism during
feature extraction to improve prediction accuracy. However, considering the nonlinear
degradation behavior of Li-ion batteries, most of these features have a nonlinear correlation
with the battery’s cycle life. Applying appropriate nonlinear transformations to the original
features would facilitate the feature selection. Zhang et al. [26] developed a linear model
between transformed capacity and battery cycle life using BCT, which can process the
capacity data to predict the RUL.
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In this paper, we consider a diverse set of 20 features from raw data to capture key
aspects of battery aging dynamics [6]. We transform the complete feature set into a lower-
dimensional subset to address potential irrelevance and redundancy, thereby enhancing
predictive accuracy. We apply quantile transformation (QT) to all 20 features and select
11 features to train the centered isotonic regression (CIR) model. The CIR method, a
variant of isotonic regression (IR), centers feature values and mitigates the overfitting to
improve model performance. Finally, we employ convex regression (CR) to capture specific
patterns in the battery dataset where monotonicity is insufficient, thereby improving
the overall prediction of battery cycle life. These methods take into consideration the
nonlinear degradation performance of Li-ion batteries and improve the accuracy of the
lifetime predictions.

Based on the above discussion, we outline our major contributions to advance the
state of the art in battery lifetime prediction, summarized below:

e  We demonstrate the effectiveness of applying QT to both features and battery cycle life.
This technique reduces the impact of outliers and non-normality in battery degradation
data, resulting in a more stable and informative feature representation for modeling.
The improved feature distribution enhances prediction accuracy.

e  We introduce CIR, a variant of IR approach, to capture the monotonic relationship
between transformed features and battery cycle life. By centering feature values, CIR
mitigates overfitting and improves the model’s ability to identify underlying trends,
leading to more accurate predictions, particularly in the early stages of battery life.

o  To address cases where the monotonicity assumption of CIR is insufficient, we em-
ploy CR. It enables the model to capture specific patterns in battery dataset, further
enhancing battery cycle life forecasts and overall predictive accuracy.

To further evaluate the impact of different ML models on the early-stage prediction of
Li-ion battery lifetime, a comprehensive analysis was performed using the feature subset
selected by the QT method. The ML models evaluated in this paper are EN, gradient boost-
ing egression tree (GBRT), decision tree (DT), SVM, RF, and Gaussian process regression
(GPR). With an average percentage error (APE) value of 9.8% and a root mean square error
(RMSE) of 149 cycles, the results show that our proposed CIR model works better than
other ML algorithms.

The rest of the paper is organized as follows. Section 2 describes the fundamental prin-
ciples of QT, IR, CIR, CR, and the overall framework for Li-ion battery lifetime prediction.
Section 3 explains the dataset used and the feature extraction process. Section 4 explains
feature selection and compares the results for the battery RUL prediction. Finally, Section 5
summarizes this paper.

2. Methods

This section focuses on various ML-based approaches for RUL battery prediction: QT,
IR, CIR, and CR. The effectiveness of models is evaluated based on the prediction accuracy
and reliability.

2.1. Quantile Transformation

Quantile Transformation (QT) is a preprocessing technique developed to conduct
nonlinear transformations on data, one of the widely used methods in the ML domain,
which differs from other conventional methods of linear scaling [27,28]. In particular, this is
useful for situations where transformation to a uniform or normal distribution significantly
increases interpretability and comparability. We have implemented QT to transform the
input data into a uniform distribution.

51



Batteries 2025, 11, 145

Each feature undergoes a separate transformation process for the QT method. First, it
estimates the cumulative distribution function (CDF) of the original data. Next, the QT uti-
lizes the estimated CDF to convert the input data into a uniform distribution, ensuring that
all features have a uniform distribution between 0 and 1 [29]. Applying this transformation
process separately to each feature maintains the ranking of the feature values relative to
each other and reduces sensitivity to outliers. We can express this feature transformation
mathematically as follows:

Xip=Fo ! (Fy(X)) 1)

where F;(X) is the CDF of the original feature, and F; ! is the inverse CDF of the target
distribution, which is uniform in this case. In other words, the transformation of the feature
will make sure that the input data is redistributed according to the quantiles of the uniform
distribution and makes the features more comparable but less influenced by the original
characteristics of the distribution.

We selected the QT since it is most appropriate for the nature of battery degradation
data. This type of battery data is usually non-normal and has outliers, and these can have a
negative impact on ML model performance. QT addresses this problem by transforming
the features and battery cycle lives into a uniform distribution. This consistency maximizes
comparability of characteristics and reduces the effect of outliers without loss of rank
order of the data, which is crucial in monitoring the relative pattern of battery degrada-
tion. Even though other transformation techniques like log transformation or Box-Cox can
handle skewness, they often result in distributional assumptions that may not be justified.
Standardization and min-max scaling address feature scaling but do not necessarily ad-
dress non-normality or outliers. QT provides a broader, more robust solution for battery
dataset, addressing non-normality and outlier effects while preserving rank information
and enabling feature comparability, which leads to improved model performance.

2.2. Isotonic Regression

Isotonic regression (IR) also known as monotonic regression is a nonparametric estima-
tion technique with an imposed monotonicity constraint on the estimated function [30,31].
To estimate a monotone increasing univariate function y = F(x) based on sequence of
observations y = y1, ¥,,..., Yym at m distinct data points x; < x < ... < xy;, IR does not
require a parametric form for F(x). The goal of IR is to find a function F such that the sum
of squared errors ) ; (ﬁ (x;) — yi)z is minimal under the constraint that £ is monotonic. If
the original data do not violate the monotonicity condition, IR returns the data unchanged.
If there are violations, the IR estimate adjusts the values by replacing the observations that
violate the monotonicity constraint with sequences of identical values [32].

In most IR cases, a usual problem lies in the fact that no explicit function estimates are
available between data points, as IR gives only the values at data points, which is important
in regression tasks that need to understand the F(x) behavior over a continuous range.
In real-world applications, estimating a continuous and strictly increasing curve is often
more realistic and valuable. For this purpose, linear interpolation among data points can
be employed to extend estimates across the entire range of x. This results in a piecewise
linear curve that provides a better approximation of F(x) while preserving monotonicity.
The approach remains nonparametric and relatively simple.

The Pooled-Adjacent-Violators Algorithm (PAVA) plays a significant role in IR: the
monotonicity constraint satisfaction is estimated by this function. The approach in this
work will be performed through ordered data monotonicity violation correction by pooling
adjacent violators and replacing them with weighted averages, which normally gives
simple and necessary adjustments. PAVA combines flexibility in nonparametric estimation
with a basic and efficient robust monotonic fit method. PAVA maintains monotonicity,
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allowing for reliable estimation and inverse estimation tasks without assuming an explicit
functional form. The steps for PAVA can be stated as Algorithm 1.

Algorithm 1: Pooled-Adjacent-Violators Algorithm (PAVA)

Input: (y,n)

. y = Sequence of values {y1,y2,...,Ym}

. n = Sequence of weights {ny,na,..., 1y}

Output: (F)

. F = Sequence of adjusted values {F}, b, ..., F,}

Procedure:

Initialization:

° Foreachi=1,...,m:

[ ﬁ,‘ Vi

. C < @ where C represents current set of contiguous violations

while loop:

° V={ivi<nF >F1} # @ where V denotes violations

° h < min(V); first violation identification

° Note: V identifies all violations; C is current contiguous violation. If contiguity breaks then
if-statement resets C

° if 1 € C then

° C« CU{h+1}

° else

. C« {hh+1}

° end if

° Foriec C:

F.  LkeC "k
° ki« YkeC MYk
end while loop
return £ = £, 5, ..., E,.

end Procedure

The algorithm basically starts from the initial point (x1, y1) and finds the first evidence
of non-monotonicity, then replaces the violating values with weighted average. This
process continues, pooling values as needed until all monotonicity violations are resolved.
The final output is the minimal adjustment required to achieve monotonicity. Piecewise-
linear interpolation between the points (x1, £ ), ..., (xm, Fy) is used to estimate function
F over the continuous range [x1, x;;]. The estimates can be used to find inverse values by
identifying the corresponding x-value.

In IR, the estimates remain the same as the original observations when there are no
violations of monotonicity. However, if monotonicity is violated, the IR estimate may
include parts that remain constant to ensure the monotonicity constraint is met. Also,
the data points do not influence the PAVA process, as they are not included in its input.
These constraints can pose challenges in applying IR to regression tasks, especially since a
strictly monotonic relationship between dependent and independent variables is typically
expected, and flat stretches in the estimate are often seen as undesirable. In order to avoid
the flat stretches in the estimate without violation of monotonicity, the CIR approach is
further established.

2.3. Centered Isotonic Regression

Centered isotonic regression (CIR), a developed approach to IR, presents an interesting
variant of IR for handling monotonicity violations at interior data points [32]. In CIR, we
resolve the violations by collapsing the IR estimates onto a single point. The x-coordinate
of this point is the weighted average of the involved data points, using the same weighting
method as the point estimates.
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The CIR point estimates, denoted as INf, retain the distinctive values of the IR estimates
but with fewer repetitions and possibly with different associated x values. This simplifi-
cation makes the CIR method more efficient than PAVA, as it pools both x and y values,
thereby reducing the need for in-depth data analysis.

CIR works as the shrinkage estimator along the x-axis. When a violation involves

only two points, the location of ( ¥;, INf,- can be found by finding the midpoint between the

original data points and the IR estimates along the x-axis. The process of the CIR algorithm
is detailed in Algorithm 2.

Algorithm 2: Centered Isotonic Regression (CIR) Algorithm

Input: (x,y,n)

° x = Sequence of input variables {x1,x,..., %}
. y = Sequence of output variables {y1,y2,...,Ym}
° n = Sequence of weights {ny,ny,..., 1y}

Output: (;, IN:, 17)

. ¥ = Adjusted sequence of input variables
. F= Adjusted sequence of output variables
° i = Adjusted sequence of weights
Procedure:
Initialization:
° Foreachz':l,...,m,set§i<—xi,Fi<—yi,rﬁ,‘<—ni
. Set 1« m
while loop:
° V= {i:i< m, <E, > ;i+1t> \% (;, :Ei+l /\;,‘ € (O,l))} +£Q:
. I+ min(V)
. Update IN-"h — 7;”;2+;ﬁ“;h“
nptipyg
° Update x), ¢« 28l
Myt iy
° Update nj, < nj, + nj,41
. Remove 1 +1
. Update m « m —1
end while loop:
# Boundary Conditions:
° if ;1 > x1, then:
° Add point 1 : (xl, IN-"l,O)
° Update e m41
° if E;{ < Xy, then:
° Add point m+1: (an,Fr;,())
° Update nt + m +1

return x, F, n.
end Procedure

CIR treats the identical values in y series as violations of strict monotonicity, except
for sequences of 0 s and 1 s, which are considered as limits. When shrinkage occurs,
shown on the x-axis, CIR may produce fewer points than initially provided. The resulting
x-values, known as shrinkage points and denoted as ¥, differ from the original data points.
Employing piecewise-linear addition at shrinkage points enables unique reverse estimates

~

for any given value in <F 1. F ;1> because the CIR estimate is continuously increasing, but

potentially at the boundaries.
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The final steps of the algorithm are triggered when monotonicity violations occur
at the boundaries of the input range. The main loop substitutes data points involved
in violations with a single shrinkage point, which can modify x; or remove x,,, thereby
restricting the range. The if-statements at the end introduce flat stretches to restore the
range to [x1, X;]. Along these added stretches, the CIR estimate matches the IR estimate.
The CIR implementation used in this work follows the PAVA directly. As a non-parametric
algorithm, PAVA does not require hyperparameter tuning. It works by iteratively pooling
adjacent violators of monotonicity until the monotonicity condition is met. This is a
completely data-driven process with no tuning parameters involved. Therefore, our CIR
model has no hyperparameters to optimize, ensuring reproducibility without the need for
hyperparameter optimization.

2.4. Convex Regression

Convex regression (CR) is a technique used to fit a convex function to a set of data
points [33,34]. A function f(x) is considered convex if, for any two points x; and x; in its
domain, the line part connecting f(x;1) and f(x) lies on or above the graph of the function.
Mathematically, a function f(x) is convex if:

f(/\x1 + (1 — )\)Xz) < )\f(?q) + (1 — /\)f(xz), V)\G[O, 1] (2)

where A denotes the weight of x; and x, in above equation. CR is particularly useful
when the relationship between variables is expected to be convex. The constraints in CR
frameworks often enforce this convex relationship. The goal of CR is to ensure that the
estimated function remains convex while closely fitting the observed data. Unlike linear
regression, which is based on a certain linearity assumption between independent and
dependent variables, in CR there is no assumption about the parametric form. Instead, it
counts on the convexity constraint to drive its fitting, which gives rise to a more flexible
and precise model for convex data compared with linear models.

The implementations of CR may vary. Our implementation of IR extends CIR in a
way that ensures the fitted function is not only monotonic but characterized by a global
minimum or maximum at a specific point, thereby capturing the convexity of the data.
The CR process identifies pivot points, dividing the data into sections where the function
switches between convex parts. Defining pivot points is critical to maintaining the convexity
of the general function. To find the global minima and maxima of the data, smoothing is
performed using moving averages. Once the pivot points are identified, the data are split
into two parts at the pivot point. For each part, CIR is performed, where the pivot ensures
the global convexity. The convex function f;(x) in part j satisfies:

f](x) =a;x +b; (3)

where a; and b; are coefficients to be determined during the fit process in that part, and the
overall function has to be convex for the entire dataset.

In order to make predictions, the position of a new data point relative to the pivot
points is assessed by the fitted model, which utilizes the relative position in order to decide
whether the lower part, upper part, or an interpolation between parts is applied. In datasets
with numerous features, CR using CIR can be done separately for each feature in order to
preserve convexity across all dimensions and support more complex relationships between
variables. In fact, CR proves very useful in situations where there is intrinsic convexity
between variables, such as in optimization problems where the objective functions often
turn out to be convex. By using appropriate CIR techniques, CR can capture data patterns
while keeping the function of the expected convex structure.
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2.5. Data-Driven Framework for Battery Lifetime Prediction

The framework initiates with the collection of cycle data from LFP/graphite cells,
where discharge capacity is recorded over multiple cycles, each reflecting varying stages
of the cell’s lifecycle. After that, some features are extracted: current, voltage, tempera-
ture, and capacity, leading to a multi-dimensional feature space within which important
information regarding the battery operation is captured, as shown in Figure 1. These
features are transformed using QT, mitigating the influence of outliers with a uniform
distribution, improving both stability and the performance of predictive models. After the
QT transformation, the most significant features are selected for battery RUL prediction
using proposed regression techniques.

Data Acquisition i Features Extraction l Features Transformation
LFP/graphite cells : st s St oot sy :
| Current | Voltage |Tcmpcralurc; Capacity Original Features
SN ®i - -' ¢ e
g l i b |
i Feawrel | | Feature2 | e | Featuren li l

Pradicted Cycle Life

£ T T |

we a¥s
Observed Cycle Life E F

J

{ Results (Training & Testing) : '[ CR Model ‘ ; CIR Model Features Selection Based on QT

Figure 1. The flowchart of our proposed method for predicting battery cycle life.

The next step involves developing two predictive models: CIR and CR. The CIR model
effectively captures the relationship between features and battery cycle lives by reducing
overfitting, leading to more accurate and organized predictions. The CR is applied to fit a
convex function to the data, effectively capturing specific patterns observed in the dataset
where monotonicity is insufficient. The model performance is evaluated by comparing
predicted and observed battery cycle lives. The proposed model demonstrates significantly
better performance in predicting battery lifetime.

3. Dataset and Feature Analysis
3.1. Dataset Description

In this study, we employ the MIT battery dataset provided by Severson et al. [6], which
contains 124 publicly available commercial LFP/graphite A123 APR18650M1A batteries
with a 1.1 Ah nominal capacity and 3.3 V nominal voltage. These batteries experienced
diverse fast charging conditions ranging from 3.6 C to 6 C with constant current-constant
voltage (CC-CV). All batteries followed a uniform discharge protocol. Charging from a
0% to a 80% state of charge (SOC) used single or dual step policies with fixed C-rates over
defined SOC intervals (e.g., 6 C from 0 to 50% SOC, then 4 C to 80%). Batteries then charged
from 80% to 100% SOC through a 1C CC-CV protocol, terminating at 3.6 V (cutoff: C/50),
and discharged at 4 C to 2.0 V (cutoff: C/50). The dataset comprises 124 cells, with each
cell involving cycle life, charge policy, and structural summary, incorporating parameters
such as cycle number, discharging capacity, charging capacity, IR, maximum temperature,
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average temperature, minimum temperature, and charging duration, along with cycle-
related features. These batches are classified by considering the sequential order of the
battery cell production under varying environmental conditions. Particularly, the dataset
comprises scalar variables, including dynamic features such as voltage, current, capacity,
temperature, and IR, all subject to continual changes over time. A cycle is deemed complete
upon a full charging and later discharging. The lifecycle of all batteries spans from 148 to
2233 under 72 distinctive charging conditions in the controlled laboratory environment.

Analyzing the discharge capacity over the first 1000 cycles shows minimal capacity
fade in the first 100 cycles, followed by an accelerated decline towards the end of battery
life, a common trend in batteries. The intersection of the capacity fade curves emphasizes
the weak correlation between the initial capacity and lifetime, an expected observation
because of the less degradation during the early cycles. Generally, in the dataset under
investigation, 81% of the cells exhibit an increase in capacity after 100 cycles, underscoring
the significance of factors beyond mere capacity measurements. The small increases in
capacity after a slow cycle or rest period could be caused by the charge stored in the area of
the negative electrode, which is outside the positive electrode’s bounds.

Recognizing the limited predictive capacity of the correlations mentioned above relies
on capacity fade curves, and we choose an alternative data-driven strategy that covers a
complete set of cycling data. This strategy includes full voltage profiles of each cycle and
other measures that include cell internal resistance and temperature. These changes in data
trends allow for broader and deeper analysis, highlighting the importance of predictive
models. The feature extraction from raw data will be done using the approach outlined by
Severson et al. [6]. The process of feature extraction is crucial for enhancing the accuracy of
cycle life predictions.

3.2. Features Extraction

Our work focuses on the first 100 cycles, taking into account the methodology pro-
posed by Severson et al. [6]. In the complex aging dynamics of Li-ion batteries, several
critical parameters effectively capture voltage, charge and discharge capacity, and tempera-
ture, as shown in Figure 2 [35].

The feature extraction is accomplished by obtaining 20 features, which are similar
to the features in [6], to enable the models to accurately predict battery lifetime, while
the details of the 20 features are listed in Table Al in the Appendix A. Initially, a range
of different degradation data from the first 100 cycles is taken into consideration, where
most cells do not reveal a significant capacity fade. The 20 features are analyzed in terms
of sources and processes of extraction, hence giving a diversified overview with respect
to battery aging dynamics. Specifically, geometric analyses and summary statistics of
discharge voltage curves and derivatives provide the discharge capacity features, which
are the most significant observations for battery degradation. This transformation AQ(V)
conveys all the information in the discharge voltage curve and its derivatives, representing
the most interesting point in effective degradation evaluation.

Additionally, features F-1 to F-20 are extracted from the discharge voltage curves,
with F-1 representing the discharge capacity at cycle 2 and F-2 denoting the difference
between the maximum discharge capacity and the capacity at cycle 2. F-3 corresponds to
the discharge capacity at cycle 100, F-4 signifies the temperature integral over time from
cycle 2-100, and F-5 manifests the average charge time across the first five cycles.
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Figure 2. Data visualization of a random LFP/graphite cell: (a) current vs. time; (b) voltage vs.
time; (c) temperature vs. time; (d) charging capacity vs. time; (e) discharging capacity vs. time;
(f) discharging capacity vs. voltage; (g) temperature vs. voltage. (h) incremental capacity (IC) curves
vs. voltage.

The next set of features, F-6 to F-11, are defined by summary statistics of the Q¢ (V)
curves, which characterize the difference in capacity between cycles 2-100; it is a critical
feature in our analysis, including the minimum, mean, variance, skewness, and kurtosis,
with F-11 comprising the value at 2 V for Qg;ss . The features F-12 to F-17 emphasize
capturing temperature variations and the behavior of the battery’s capacity degradation
over time. F-12 and F-13 denote the maximum and minimum temperatures recorded from
cycles 2 to 100, respectively. F-14 and F-15 describe the slope and intercept of the capacity
fade curve from cycles 2 to 100, while F-16 and F-17 capture the slope and intercept of the
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capacity fade curve from cycles 91 to 100. For IR, F-18 is the minimum IR from cycle 2
to cycle 100, a measure of efficiency while in operation. F-19 actually gives the IR value
of cycle 2; this is at the very start of cycling and provides a starting point from which all
changes can be monitored. Finally, F-20 captures the difference in IR between cycle 100
and cycle 2, giving an idea of degradation and how that impacts the lifetime of the battery.
Subsequently, the extracted features undergo feature selection, which aims to find the most
critical indicators of battery degradation and performance.

4. Experimental Results
4.1. Feature Selection Using Quantile Transformation

In this section, the QT applied to the 20 features is a major preprocessing step that
balances the varying distributions of the features, causing them to fall into a uniform
distribution. It mitigates the effect of highly skewed distributions and outliers, making
data consistent and easy to handle, which is mainly helpful for models sensitive to the
distribution and size of the input data. The QT improves feature comparability and its
correlations with the battery cycle life by distributing the data uniformly. The major result
of this transformation is to equalize the distribution of each feature. This uniformity ensures
that no single feature dominates the model due to scale or distribution, allowing for a more
balanced input into the ML algorithms intended to deploy.

The features that most likely predict battery lifetime will be those that provide good,
consistent trends with the battery’s cycle life. A feature that clearly exhibits a linear or
non-linear trend and has a strong correlation with the battery cycle life may be an important
predictor in the model. The modeling method should rank these features due to their high
impact on the accuracy of the model.

Alternatively, features that exhibit a weak or unclear pattern with the battery cycle life
may contribute less to the prediction. However, we cannot fully ignore such features, and
their potential predictive power may require further transformation or feature engineering.
One way to capture more complicated relationships that are not immediately evident in
raw form is by generating polynomial features or interaction terms.

By considering each of the 20 features individually, we have noticed that features, such
as F-1 to F-5, may show linear correlations with the battery cycle life. Even if these linear
correlations are easy to model, redundancy should be avoided, especially if the features
have a strong correlation with the battery cycle life. In such conditions, decreasing the
number of features might enhance model performance by avoiding overfitting.

The F-6 offers a unique case because of its convex pattern. The non-linear connection
implies a more complex relation between the feature and battery cycle life, maybe indicating
a situation where performance increases to a certain extent before declining. It’s necessary
to include this complexity in model as it is able to reflect a significant component of the
underlying battery behavior that a simpler linear model might neglect. F-7 to F-10 exhibit
a combination of linear and non-linear patterns, and their role in the model will depend
on how strongly these features correlate with the battery cycle life. If these features show
significant patterns, then they could be key predictors.

Similarly, F-11 to F-15 display varying degrees of correlation with the battery cycle life.
The strongly correlated features are probably important indicators of battery lifetime, but
weakly correlated features could need more adjustments to make them more helpful in the
model. Lastly, F-16 to F-20 could display a range of patterns, from strong linear relationships
to more complex, non-linear interactions, and understanding these relationships is vital for
constructing a robust predictive model.

In addition to ordering these features, the QT method revealed the underlying linear
and non-linear patterns of association between the features and the battery cycle life. The
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selection of modeling approaches and feature engineering methodologies is guided by
these patterns, which guarantee that the model can accurately capture the complex patterns
in the battery dataset. We used the correlation matrix generated with Pearson correlation,
to guide feature selection after QT. We identified the 11 most highly correlated features
with battery cycle life, while minimizing the inclusion of strongly inter-correlated features
to avoid redundancy.

Based on the aforementioned discussion, we select the following 11 features: F-2,
F-4, F-5, F-6, F-8, F-14, F-15, F-17, F-18, F-19, and F-20 for our regression CIR model.
Currently, the features that strongly correlated or displayed significant patterns indicating
predictive value with the battery cycle life are the ones that are shown in this selection.
We propose a ML based method for the early prediction of Li-ion battery lifetime. This
framework is composed of three main parts: feature transformation, feature selection,
and ML based predictive modeling. Initially, a diverse set of 20 features is extracted
from the raw degradation data to capture various aspects of battery aging dynamics.
Subsequently, to address potential feature redundancy and irrelevance, the full feature
set is transformed to produce a lower-dimensional subset, thereby enhancing the model’s
predictive accuracy. This study uses the selected 11 features to evaluate the performance of
various ML algorithms in terms of battery lifetime prediction.

This paper utilized 123 batteries from the MIT dataset, except for that with the shortest
life, whose degradation pattern differed from other cells [24]. Stratified random sampling
considers the intrinsic variability between the long-lived and short-lived cells in a given
dataset for balanced representation. We divide the data so that 2/3 (83 samples) form the
training set, and 1/3 (40 samples) constitute the testing set. This maintains the same ratio of
long-lived to short-lived cells in the subsets [19]. We repeat the stratified random sampling
procedure twenty times [20], to make the experiment less variable and average the results
across these repetitions to make them reliable and robust.

This work uses two crucial statistical metrics, APE and RMSE, to compare the per-
formance of our proposed method with other benchmarks. APE calculates the average
percentage difference between the predicted and observed cycle lives, providing a valuable
understanding of the overall accuracy of the predictive models. A lower APE value reflects
a higher degree of accuracy and alignment between predicted and observed battery life-
times, which means that the proposed method efficiently improves lifetime predictions.

The APE is given as
o, 1 N |y1 — 3? il 0
APE(%) = Nzizl T x 100% (4)
where y; represents the observed cycle life, §j; denotes the predicted cycle life, and the
total number of battery samples is N. In contrast, RMSE provides a total measure of the
magnitude of the differences between predicted and actual cycle lives, capturing variance

and bias in the predictive models. The RMSE is stated as

©)

RMSE figures out the differences between the predicted and observed cycle lives to show
how well the prediction model works overall; lower RMSE values mean that the model is
more accurate and reliable at predicting battery lifetimes.

4.2. Results Comparison with Benchmarks

This section employs the CIR approach to predict battery cycle life and compares it
with several ML techniques, including EN [6], GBRT [19], DT [19], SVM [19], RF [20], and
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GPR [20]. In the SVM model, we adopt the medium Gaussian kernel function. In the GPR
model, we choose the exponential kernel function. As discussed in Section 4.1, we split
the dataset into two parts: 2/3 for training and 1/3 for testing. To ensure its validity, we
executed stratified random sampling and repeated for 20 times. Performance metrics give
the average results over multiple iterations as an evaluation of predictive accuracy for
each model.

The metric results are summarized in Table 1, which compares the predictive per-
formance of the CIR method with that obtained from other models. Utilizing a total of
11 selected features as input, CIR performed better than alternative methods for the two
criteria of APE and RMSE. This advantage is because CIR accounts for monotonicity in the
data, which usually occurs in battery lifetime predictions. Figure 3 shows the relationship
between observed and predicted battery lifetime. The x-axis represents the observed values,
the y-axis represents the predictions, and the blue and red dots indicate the training and
testing results, respectively.

Table 1. Model metrics for different prediction methods.

Model APE (%) RMSE (Cycles)
Train Test Train Test
CIR Model 7.3 9.8 120 149
EN 8.9 10.8 172 179
GBRT 7.7 10.8 161 181
DT 6.5 11.3 107 157
SVM 9.7 11.5 210 214
RF 8.5 114 206 217
GPR 8.6 10.4 164 180
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Figure 3. Battery cycle life prediction results of (a) CIR; (b) EN; (c) GBRT; (d) DT; (e) SVM; (f) RF; and
(g) GPR.

The evaluation provided APE values of 9.8% and RMSE of 149 cycles, respectively, for
the CIR method. These findings highlight the accuracy of the CIR method compared to
traditional models including, EN and SVM, which show higher error rates. The EN model
showed an APE of 10.8%, with RMSE values of 179 cycles. While EN effectively balances
the limitations of regression techniques, it struggles to capture complex patterns, which are
reflected in its relatively high error rates, signifying less accurate predictions.

Similarly, GBRT achieved an APE of 10.8%, with RMSE values of 181 cycles. Despite
its ability to manage non-linear patterns and reduce bias, GBRT is prone to overfitting, par-
ticularly with smaller datasets, as indicated by its elevated RMSE. The DT model obtained
an APE of 11.3%, with RMSE values of 157 cycles. While DT is easy to interpret, they often
overfit, as evidenced by the significant increase in RMSE, indicating weaker generalization.

The SVM demonstrated an APE of 11.5%, with RMSE values of 214 cycles. While SVM
excels in handling high-dimensional data, these models can be computationally expensive
and sensitive to kernel selection. The high RMSE values suggest challenges in fitting the
model to the complex patterns present in the data. The RF model obtained an APE of
11.4%, with RMSE values of 217 cycles. However, RF is robust and effective at minimizing
overfitting; it cannot directly account for patterns in the data.

Finally, the GPR achieved an APE of 10.4%, with RMSE value of 180 cycles. While
GPR offers a probabilistic approach to regression, it faces scalability challenges and high
computational costs, particularly with large datasets, leading to risks of overfitting, as
suggested by its performance metrics.
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5. Conclusions

This paper demonstrated the effectiveness of a data-driven methodology for early
Li-ion battery lifetime prediction using QT, CIR, and CR. A key outcome of this work
is the collaborative benefit of combining these methods to address challenges related to
non-normality, outliers, and complex degradation patterns in battery data. QT enhances
correlations between features and battery cycle lives, facilitating the discovery of stronger
and more generalized relationships. CIR, a modified IR variant incorporating centering,
mitigates overfitting while improving the model’s ability to capture hidden monotonic
trends. Moreover, CR enables the accurate modeling of specific degradation patterns,
further enhancing predictive accuracy.

The results highlight the significant potential of data-driven approaches for early-
stage battery lifetime prediction. The achieved APE of 9.8% and RMSE of 149 cycles on the
MIT dataset compare favorably with existing ML methods, demonstrating the practical
applicability of the proposed methodology for battery optimization and management. A
key insight from this study is the importance of accounting for the intrinsic characteristics
of battery degradation data when selecting and integrating modeling techniques. While
QT, CIR, and CR have been explored in various applications, their combination for early
battery lifetime prediction yields notable performance improvements.

Future work includes extending this approach to other battery chemistries and
datasets, exploring advanced feature engineering and selection techniques incorporat-
ing physics-informed features to enhance predictive accuracy. Additionally, optimizing
computational efficiency will be crucial for scaling the method to real-world battery man-
agement systems.
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Appendix A

Table A1. Features extraction from the MIT dataset for battery lifetime prediction [6].

Feature No. Feature Details Feature Representation
F-1 Discharge capacity at cycle 2 QC,
Difference between maximum discharge capacity B
F-2 and cycle 2 MaX(chl ces QC100) QCZ
F-3 Discharge capacity at cycle 100 QCigo
F-4 Integral of temperature over time, cycles 2-100 IntT5_190
F-5 Average charge time first 5 cycles Avgt, s
F-6 Minimum of voltage discharge curve MinQg;sr (V)
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Table A1. Cont.

Feature No. Feature Details Feature Representation
F-7 Mean of voltage discharge curve MeanQy;¢r (V)
F-8 Variance of voltage discharge curve VarQuiss (V)
F-9 Skewness of voltage discharge curve SkewQgirs (V)
F-10 Kurtosis of voltage discharge curve KurtQgi¢f (V)
F-11 Value at 2V of voltage discharge curve Qui ff lv—av
F-12 Maximum temperature cycles 2-100 MaxT5_100(V)
F-13 Minimum temperature cycles 2-100 MinT,_100(V)
F-14 Slope of the capacity fade curve, cycles 2-100 SlopeCF,
F-15 Intercept of the capacity fade curve, cycles 2-100 IntpCF,_49
F-16 Slope of the capacity fade curve, cycles 91-100 SlopeCFg;_1
F-17 Intercept of the capacity fade curve, cycles 91-100 IntpCFy; 109
F-18 Minimum internal resistance, cycles 2-100 MinIR, 109
F-19 Internal resistance cycle 2 IR,
F-20 Internal res1stanc«eacrlllcflfi1}r7ecr11ece2 between cycle 100 IRyg0 — IR,
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Abstract: Artificial Neural Networks (ANNs) improve battery management in electric ve-
hicles (EVs) by enhancing the safety, durability, and reliability of electrochemical batteries,
particularly through improvements in the State of Charge (SOC) estimation. EV batteries
operate under demanding conditions, which can affect performance and, in extreme cases,
lead to critical failures such as thermal runaway—an exothermic chain reaction that may
result in overheating, fires, and even explosions. Addressing these risks requires advanced
diagnostic and management strategies, and machine learning presents a powerful solution
due to its ability to adapt across multiple facets of battery management. The versatility
of ML enables its application to material discovery, model development, quality control,
real-time monitoring, charge optimization, and fault detection, positioning it as an essential
technology for modern battery management systems. Specifically, ANN models excel at
detecting subtle, complex patterns that reflect battery health and performance, crucial for
accurate SOC estimation. The effectiveness of ML applications in this domain, however,
is highly dependent on the selection of quality datasets, relevant features, and suitable
algorithms. Advanced techniques such as active learning are being explored to enhance
ANN model performance by improving the models’ responsiveness to diverse and nuanced
battery behavior. This compact survey consolidates recent advances in machine learning
for SOC estimation, analyzing the current state of the field and highlighting the challenges
and opportunities that remain. By structuring insights from the extensive literature, this
paper aims to establish ANNSs as a foundational tool in next-generation battery manage-
ment systems, ultimately supporting safer and more efficient EVs through real-time fault
detection, accurate SOC estimation, and robust safety protocols. Future research directions
include refining dataset quality, optimizing algorithm selection, and enhancing diagnostic
precision, thereby broadening ANNs’ role in ensuring reliable battery management in
electric vehicles.

Keywords: battery system; data-driven strategy; Smart Industry 5.0; electric vehicles;
Artifical Neural Networks (ANNs); SOC monitoring

1. Introduction

With the rise of neural networks and machine learning techniques, there is an in-
creasing demand to apply these technologies to various engineering challenges. These
applications include luxury yacht energy management [1,2], energy efficiency in build-
ings [3,4], industrial robotics [5,6] and electric vehicles [7,8]. Al techniques enable achieving
outstanding results while circumventing the difficulties associated with developing ac-
curate physical models of these problems [9]. The transportation industry is investing in
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and confronting a range of challenges to improve efficiency, boost performance, enhance
connectivity, expand autonomy, and reduce emissions [10,11]. Major automotive markets,
especially in Europe, have set ambitious CO, reduction targets, positioning electric power
trains as one of the most effective solutions. Increasing economic incentives will be al-
located to facilitate the transition toward the full adoption of electric vehicles across the
region [12], with the goal of achieving this milestone by 2034 [13], as shown in Figure 1.

Evs sales in 2024 Evs salesin 2028

Evs sales in 2030 Evs salesin 2034

0% 25% 50% 75% 100%

Figure 1. European map of EV sales clustered by how evolved countries are in the transition to
net-zero-emission CO; passenger car sales [13].

However, one of the critical challenges in this domain is achieving an ideal balance
between cost-effectiveness and performance [14]. Batteries, as one of the highest-cost
components in EVs [15], play a crucial role in determining both the efficiency and overall
economics of these vehicles. An accurate estimation of the battery’s State of Charge (SOC)
is essential for reducing design costs [16], optimizing vehicle efficiency, and improving
overall system reliability [17]. This makes advanced battery management system (BMS)
softwares indispensable (e.g., MATLAB/Simulink framework, or Modelica framework), for
the precise estimation of SOC [18]. Currently, SOC estimation methods for EV/HYV battery
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systems are broadly classified into direct and indirect approaches [19,20], as depicted in

Figure 2.
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Figure 2. Summary diagram of the major SOC estimators used in the literature.

Traditional methods for SOC estimation, such as open-circuit voltage (OCV) measure-
ment [21] and coulomb counting [22], are commonly employed due to their simplicity.
However, these methods are often limited by sensor inaccuracies and the inherent un-
certainty associated with battery behavior under various operational conditions [23]. To
address these limitations, more advanced techniques have been developed, combining
equivalent circuit models (ECMs) with Kalman Filters to enhance SOC estimation accu-
racy [24]. These hybrid methods typically require extensive battery testing to model and
calibrate parameters, which can be resource-intensive [25]. In recent years, machine learn-
ing has introduced transformative potential to SOC estimation by enabling data-driven
approaches that leverage the vast amounts of data generated by modern battery systems.
Through representation learning and deep learning, ANN techniques can capture complex
patterns in battery data that are challenging to model with conventional physics-based
methods [26]. Voltage, current, and temperature signals, among other factors, can be ana-
lyzed using ANNSs to provide indirect but highly accurate SOC estimates, an approach that
aligns well with the requirements of real-time EV applications [27]. Despite the advantages
of ANN-based SOC estimation, challenges remain due to the nonlinear nature of batteries,
where factors such as degradation, temperature variations, and dynamic load conditions
can introduce significant variability in SOC predictions [28,29]. Ensuring accurate SOC
estimation is essential not only for optimizing vehicle performance but also for improving
passenger safety, enhancing driving comfort, and reducing costs associated with battery
overdesign or oversizing [30]. This paper provides a comprehensive overview of recent
advancements in ANN-based SOC estimation methods for electric vehicles. By analyzing a
range of machine learning algorithms, we aim to highlight the strengths and limitations
of these techniques, discussing their applicability and potential to transform EV battery
management. For those interested in foundational machine learning concepts, additional
resources are available that provide a deeper understanding of these techniques and their
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underlying principles. As battery technology continues to evolve rapidly, the availability
of extensive datasets for battery performance optimization has grown substantially. These
data, encompassing time-series measurements of voltage, current, and temperature, allow
for more shaded SOC estimation models, which are critical for the real-time management
of energy in EV batteries [31].

2. Methods Analyzed

In this overview, we examine and categorize the main machine learning methods for
estimating the battery State of Charge (SOC) in Electric Vehicles (EVs). Before diving into
specific approaches, we first address the rationale for selecting machine learning techniques
over traditional methods based on Kalman Filters. As illustrated below in Figure 3, Kalman
Filters rely on detailed knowledge of the battery’s model, requiring several engineering
steps to achieve accurate SOC estimation.
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Figure 3. Generic model for estimated SOC with KF.

In contrast, machine learning offers a more streamlined and direct path to reliable
results, using datasets built from real battery measurements or Digital Twin (DT) models, as
show in Figures 4 and 5. The use of DT models to train neural networks has demonstrated
considerable success not only in the electric vehicle industry but also across various appli-
cations, such as energy efficiency monitoring in luxury yachts, hotel energy management,
autonomous navigation for automotive vehicles, and other robotic systems [32-35]. A key
advantage of this approach is its ability to produce a well-trained neural network from DT
model outputs, even in early development stages when real-world data are limited. This
flexibility makes machine learning particularly valuable in initial project phases, allowing
for robust SOC estimation from minimal measurement data and broadening its applicability
across different sectors [36].
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Figure 5. Generic model for estimated SOC with ML with dataset collected by DT model.

In this section of the article, we provide an in-depth analysis of recent machine learning
methods developed for addressing the challenge with the State of Charge (SOC) estimation.
We present a concise overview of these approaches, highlighting the conceptual frameworks
that underpin how each method functions as proposed in the literature. To facilitate a clear
understanding of the techniques, we categorize them into two main types:

e  Feedforward Neural Networks (FNNs);
e Recurrent Neural Networks (RINNSs).

This division enables us to compare their unique architectures, advantages, and limita-
tions in capturing battery dynamics, as well as their suitability for real-time SOC estimation
in electric vehicle applications. In this study, we chose to focus exclusively on data-driven
approaches based on Feedforward Neural Networks (FNNs) and Recurrent Neural Net-
works (RNNs) due to their proven effectiveness and suitability for the State of Charge
(SOC) estimation. These methods stand out for their ability to model complex nonlinear
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relationships between inputs and SOC without relying on detailed and often computa-
tionally intensive battery models. This capability makes them particularly well-suited
for handling the dynamic and nonlinear behavior inherent in battery systems. Moreover,
FNNs and RNNs are highly advantageous for embedded applications in electric vehicles.
Their computational efficiency and relatively low memory requirements allow seamless
integration into the resource-constrained environments of vehicle systems. This efficiency
not only enables real-time SOC estimation but also ensures that these methods can operate
effectively under the hardware limitations typical of embedded systems. The rapid ad-
vancements and growing interest in FNNs and RNNs within the field further motivated
their selection for analysis. These neural network architectures have demonstrated a strong
potential to enhance the performance, adaptability, and robustness of battery management
systems. By focusing on these approaches, our study aims to contribute to the understand-
ing and development of SOC estimation techniques that are both practical and scalable for
real-world applications. Each method’s structure and operational principles are examined,
with attention given to how they handle data patterns and temporal dependencies inherent
in SOC estimation. This categorization will also help to clarify the decision-making process
in selecting appropriate neural network types, considering the specific demands of battery
state monitoring and predictive accuracy. To ensure a fair and consistent comparison of
SOC estimation methods, such as the machine learning-based approaches detailed in this
paper, it is crucial to evaluate algorithms under uniform conditions. This involves using
comparable datasets, aligning the number of trainable parameters, and applying consistent
training and testing methodologies. By following these guidelines, meaningful insights into
the relative strengths and limitations of various approaches can be obtained. Specifically,
we recommend adhering to the following three principles when evaluating ANNs’ SOC
estimation techniques:

1.  Consistent Quality Metrics: Utilize identical or comparable quality indices across
studies to ensure that the evaluation criteria are uniform and allow for objective
comparisons. These metrics could include Mean Absolute Error (MAE), root mean
squared error (RMSE), or accuracy percentages, as referenced in the literature;

2. Dataset Transparency: Clearly state the dataset used for training and testing, specify-
ing whether it is a standard publicly available dataset or a custom dataset obtained
from specific battery configurations. This helps in understanding the results;

3. Algorithm Complexity: Analyze the computational complexity of the proposed meth-
ods, highlighting their advantages and drawbacks. This includes evaluating process-
ing time, memory requirements, and the feasibility of real-time implementation on
embedded systems;

4. Different Approach: we chose articles that presented a particular method that differed
in the interesting way in which they addressed the problem of SOC estimation.

Integrating these principles into the evaluation process provides a structured frame-
work for assessing SOC estimation methodologies. This approach is particularly relevant
when comparing the diverse machine learning models discussed earlier, including FNNs,
LSTMs, BiLSTMs, and GRUs. By aligning the evaluation standards, the trade-offs between
accuracy, computational efficiency, and practical applicability can be better understood,
enabling the selection of the most suitable method for real-world deployment.

3. Feedforward Neural Networks (FNNs) for Battery SOC Estimation
Feedforward Neural Networks (FNNs) are powerful tools for implementing complex
non-linear mappings in systems with multiple inputs and outputs [37]. Their flexibility and
simplicity make them particularly valuable in fields such as battery state estimation, where
precise, data-driven models are essential for accurate predictions [38]. In this context, we
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focus on a straightforward FNN structure featuring a single hidden layer, an approach
commonly used in state estimation due to its simplicity and reliability [39]. In designing an
FNN, the choice of activation function f,iyv (X) plays a crucial role in defining the network’s
output behavior. A popular option is the hyperbolic tangent function, defined as

e¥ —e "

factiv(x) = tanh(x) = T rex

)

which bounds the output within the range [—1, 1], creating smooth and stable transitions
that often facilitate efficient training. Another interesting choice of activation function is
the sigmoid function, especially in binary classification problems, as it maps input values
to a range of (0, 1). While similar to tanh, it does not provide zero-centered outputs, which
may slow down training in certain networks. Its mathematical expression is

1
factiv(x) = Ttex

Alternatively, the Rectified Linear Unit (ReLU) activation function is widely adopted

()

for its computational efficiency and handling of sparse activations. ReLU is defined as

0, ifx<O
factlv(x) ReLU(x) x, if x > 0. (3)
The ReLU function’s ability to set all negative inputs to zero introduces a piecewise
linear structure that enables faster learning and helps to mitigate the vanishing gradient
problem, a common issue in neural networks. The choice of activation function can impact
both the network’s ability to learn from data and the computational efficiency during
training [40,41]. For instance, tanh and sigmoid activations are bounded, which can be
beneficial for controlling output ranges, but they may suffer from saturation effects, leading
to slower gradient updates. On the other hand, ReLU mitigates the vanishing gradient
problem, especially in deep networks, but can cause “dead neurons” (neurons that stop
updating if they consistently output zero) [42]. The training of an FNN involves optimizing
its weights W and biases b to minimize the loss function, commonly defined as the sum of
squared errors:

L= (vi — 9:)*, 4)
=1

N =

where y; is the actual target value, j; is the predicted output from the network, and # is the
number of training samples. Backpropagation, a widely used algorithm for this purpose,
calculates the partial derivatives of the loss function relative to each weight and bias,
iteratively updating them to reduce L. The number of training iterations, or epochs, is often
used to establish a stopping condition, though additional criteria, such as improvement
in error reduction, can also determine when training should conclude [43]. A generic
architecture of FNNs is shown in Figure 6.

For applications like the State of Charge (SOC) estimation in electric vehicle batteries,
hybrid approaches that integrate an Equivalent Circuit Model (ECM) with an FNN have
proven effective [20]. Traditionally, battery SOC estimation relies on lookup tables (LUTs)
to correlate SOC with open-circuit voltage (OCV). However, using an FNN to model this
correlation offers greater flexibility and potentially higher accuracy [44]. FNN uses OCV
as an input, processes it through a hidden layer with m neurons, and outputs the SOC
estimate. The ECM complements this model by estimating OCV from the battery’s terminal
voltage, Vierminal, thus enhancing the robustness of the SOC prediction. This method is
schematically represented in Figure 7.
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Figure 7. BP neural network introduced to offline build the battery OCV-SOC curve for SOC estimation.

Further improvements in SOC estimation accuracy have been achieved by integrating
the FNN with a Kalman Filter [45], specifically an Unscented Kalman Filter (UKF), for
Lithium Iron Phosphate (LFP) batteries [46]. In this hybrid model, the FNN generates initial
SOC estimates, which the UKF then refines. The FNN operates as a supervised machine
learning algorithm, comparing its predictions to known SOC values to compute estimation
errors. For training, datasets collected from automotive homologation driving cycles, such
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as US06, FUDS, and the Dynamic Stress Test (DST) specified by the U.S. Advanced Battery
Consortium, provide diverse operating conditions. Despite the relatively narrow training
dataset, the UKF effectively reduces error, increasing the model’s accuracy even when
applied to new data. This approach can be illustrated by the following Figure 8.

Trained FNN
Current / r,@_@__@\
Voltage @\ @ . @ . “. -

o

Temperature T i
e AD, ®

Figure 8. SOC estimation scheme based on FNN and Unscented Kalman Filter (UKF).

soc SOC after Filtering

Recent studies have demonstrated the potential of Feedforward Neural Networks
(FNNs) for estimating the State of Charge (SOC) in hybrid energy storage systems without
relying on Kalman Filters [47-50]. One prominent work [51] explored the application of an
FNN in a 12V hybrid energy storage configuration that combines a Lithium Iron Phosphate
(LFP) battery and a lead—acid battery, both used to power a belt starter—generator system.
This system allows the electric machine to operate as either a motor or generator, following
a control strategy that cycles the Li-ion battery within a specific SOC range. In this setup,
an FNN was developed to estimate the SOC of both batteries simultaneously, leveraging a
single network structure. This method can be summarized as in Figure 9.
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Figure 9. Architecture of BPNN with 4-layer network and 12 inputs, 6 from each battery, for
estimating SOC from LFP and LA batteries.

Despite this approach, further research is needed to compare this dual-output FNN
with separate single-output models, in order to clarify the advantages of a shared neural
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network structure for SOC estimation [52,53]. To address the complexities of accurately
predicting SOC—given the influence of various battery parameters like SOC, State of
Health (SOH), current, and temperature—some researchers [48,54] have explored using

battery polarization states as inputs to the FNN model, as shown in Figure 10.
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Figure 10. Structure of state estimation algorithm SOC with combined FNN and EKF.

Different polarization state time constants, denoted as 7, can vary (e.g., from 0 to 1000)
to account for distinct dynamic behaviors. Four polarization states with specific T values
were chosen, alongside the battery current, voltage, and temperature as inputs to the FNN,

as shown in Figure 11.
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The network was trained and validated on data from various driving cycles—EUDC,
HL07, HWFET, and NEDC—each tested under ambient temperatures ranging from —10 °C
to 25 °C. This data division allocated 80% for training and the remaining 20% for validation
and testing, with additional testing conducted on a Hardware-in-the-Loop (HIL) setup to
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evaluate real-world applicability. This study further demonstrated the FNN’s capability
of accurately estimating SOC across a range of temperatures, including low-temperature
conditions down to —20 °C. Although FNNSs do not inherently capture time-dependent
information, temporal dependencies can be indirectly modeled by creating new input
features based on moving averages of the battery’s terminal voltage and current. This ap-
proach enabled results comparable to those of Recurrent Neural Networks (RNNs), which
are specifically designed for sequential data [55-57]. Through a systematic evaluation of
FNN architectures—including variations in neuron counts, hidden layers, and averaging
window lengths (100 and 400 timesteps)—the study found that, at 25 °C, the optimal results
were obtained using a 400-timestep rolling window. As expected, performance degraded
at —20 °C due to the adverse effects of low temperatures on Li-ion batteries. The authors
hypothesized that model accuracy in these conditions could be improved with a larger
dataset or a more complex FNN capable of capturing the intricate dynamics at low temper-
atures. Another noteworthy finding is the significant improvement in model robustness
and accuracy, up to 41%, achievable by using augmented datasets. Additionally, internal
resistance data—measured in a laboratory setting along with battery voltage, current, and
temperature—were incorporated to train and test the FNN for SOC estimation. Although
the direct measurement of internal resistance in vehicles poses practical challenges, it
is feasible to integrate a model-based estimate of internal resistance onboard to provide
real-time input for both SOC and SOH estimation. In refining FNN structures, optimization
algorithms have shown great potential in streamlining the setup process by identifying
the optimal FNN structure, thus minimizing reliance on extensive engineering experience
to set parameters effectively [58-60]. While initial optimization efforts typically focus on
neuron count and learning rates, additional parameters—such as the number of hidden
layers and the initialization of weight distributions—could further enhance accuracy. How-
ever, considering these factors also introduces added complexity and an increased offline
computational burden when searching for optimal structures. An interesting extension of
FNN design is presented in [61], where a unique model architecture composed of three
parallel FNNs was developed, as summarized in Figure 12.

Battery |
Current

Figure 12. Schematic of three-classificatios Feedforward Neural Networks for battery SOC estimation
based on battery current.
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Each FNN was individually trained on distinct operational data corresponding to the
three primary operating modes of idling, charging, and discharging. Although the accuracy
of this model was limited by the available data (with training based on a pulsed profile and
validation on the US06 dataset), the study addressed the influence of randomly initialized
network weights by performing multiple training iterations. By averaging the resulting
error across these training runs, the authors obtained a final error measurement, accounting
for variations caused by initial weight values. This insight underscores the impact of
initialization in neural network training, a factor often underexplored in the SOC estimation
literature despite its importance in determining convergence to desirable local minima.
In another study, the authors in [62] present an advanced method for estimating battery
State of Charge (SOC) by integrating a Backpropagation Neural Network (BPNN) with
the Backtracking Search Algorithm (BSA). The methodology begins by collecting three key
input parameters—voltage, current, and temperature—from DST and FUDS drive cycles
conducted at three different temperatures (0 °C, 25 °C, and 45 °C). These raw measurements
are initially processed through a moving-average low-pass FIR filter to smooth the data, and
then normalized to prepare for subsequent analysis. Once preprocessed, the normalized
inputs are fed into the BPNN, which leverages its capacity to model complex, nonlinear
relationships between the measured parameters and the battery’s SOC to produce an
initial estimate. However, given that neural networks are prone to becoming trapped
in local minima due to suboptimal initial weights and biases, the approach enhances
performance by incorporating the BSA. In the optimization stage, BSA fine-tunes the
network by determining the optimal number of neurons in the hidden layer and the ideal
learning rate, all based on the minimization of the root mean squared error (RMSE). The
entire procedure is structured into four distinct stages. In Stage I, raw data are collected,
filtered to reduce noise, and normalized. Stage II uses these preprocessed data within
the BPNN to generate an initial SOC estimation. Stage III applies BSA to optimize the
hidden layer configuration and learning rate, thereby refining the network’s performance.
Finally, Stage IV focuses on training and validating the optimized model with designated
training and testing datasets, culminating in the computation of the final SOC and its
associated estimation error. To further validate the superiority of the proposed BPNN-BSA
model, a comparative study was conducted against alternative approaches, including
RBFNN-BSA, GRNN-BSA, and ELM-BSA models. In each case, current, voltage, and
temperature served as inputs, and their hyperparameters were similarly tuned using
BSA. Evaluation metrics such as RMSE, Mean Absolute Error (MAE), Mean Absolute
Percentage Error (MAPE), and SOC error were calculated for both DST and FUDS cycles
across the three temperature settings. For instance, during the DST cycle, the BPNN-
BSA model achieved RMSE values of 1.47%, 0.81%, and 0.48% at 0°C, 25 °C, and 45 °C,
respectively, while, for the FUDS cycle, RMSE values were 1.74%, 0.91%, and 0.57%. These
results indicate significant improvements; at 25 °C, the DST cycle RMSE was reduced by
34%, 62%, and 56% compared to the RBFNN-,BSA, GRNN-,BSA, and ELM-,BSA models,
respectively. Similar enhancements were observed for the FUDS cycle, with the proposed
method consistently yielding lower error metrics across all temperatures. Beyond RMSE,
the proposed model demonstrated notable reductions in MAE and MAPE. For example,
the DST cycle MAE reached as low as 0.32% at 45 °C, reflecting improvements of 43%, 68%,
and 63% over the alternative methods at 25 °C. Similarly, for the FUDS cycle, the MAE
at 0 °C was 0.87%, showing significant decreases compared to higher temperatures and
outperforming the competing models by substantial margins. Furthermore, the MAPE
for the DST cycle at 25 °C was 7.15% for the proposed model—considerably lower than
the corresponding values for the other methods—while the SOC error remained minimal,
underscoring the enhanced accuracy and robustness of the BPNN-BSA approach. Overall,
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integrating BPNN with BSA not only optimizes the neural network’s parameters but also
delivers superior performance in terms of accuracy and robustness across varying operating
conditions and temperature profiles. Despite the increased computational cost inherent
in such optimization, the improved precision in SOC estimation and the model’s ability
to generalize across different scenarios make the BPNN-BSA approach a highly effective
solution for battery management in electric vehicles and energy storage systems. This
method with the BSA algorithm is summarized in Figure 13.
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Figure 13. Schematic diagram of SOC estimation with FNN combined with BSA algorithm.

An intriguing recent study presents a highly accurate estimator for the State of Charge
(SOCQ) of lithium-ion batteries by meticulously integrating their underlying physical behav-
ior into the modeling process. The authors introduce a sophisticated hybrid architecture that
fuses a physics-based model—as detailed in [63]—with a data-driven deep Feedforward
Neural Network (FNN) for battery cells, as described in [64,65]. This innovative framework
is implemented within the paradigm of Physics-Informed Neural Networks (PINNs), which
uniquely combine traditional neural network architectures with the governing physical
laws of the system. Unlike conventional data-driven methods, PINNs inherently respect the
electrochemical principles and dynamic processes that govern battery operation, thereby
yielding predictions that are not only accurate and reliable but also physically plausible,
even in cases where experimental data are limited or contaminated with noise. Central to
this methodology is a composite loss function that seamlessly integrates two components.
The first is a data fidelity term, which minimizes the discrepancy between the network’s
predictions and the observed measurements, mirroring the approach taken by conventional
neural networks. The second, and more distinctive, component, is the physics fidelity term,
which quantifies deviations from established physical laws—such as charge conservation
and the kinetics of battery charge and discharge—by directly incorporating the governing
differential equations, along with their boundary and initial conditions, into the loss func-
tion. This design ensures that the network, which accepts critical input variables such as
current, voltage, and temperature, produces SOC predictions that remain consistent with
the underlying physics across a broad spectrum of operating conditions. The experimental
data used to train the PINN model were gathered under rigorously controlled laboratory
conditions. Experiments were conducted at ambient temperatures ranging from —10 °C to
25 °C, thereby capturing the battery’s performance across a diverse thermal spectrum. A
series of power profiles were generated for an electric vehicle by simulating standard drive
cycles—including UDDS, US06, LA92, and HWFET—as well as “Mix” cycles composed of
randomized segments of these standard profiles. During these experiments, the battery was
housed within a climate chamber where ambient temperature was systematically varied,
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INPUT

and key parameters such as voltage, current, battery temperature, and ampere-hours were
continuously recorded. This comprehensive dataset, generated under varying dynamic
loads and temperature conditions, provided the necessary depth and diversity to effectively
train the PINN model, enabling it to accurately estimate SOC across all tested thermal
conditions. To further validate the approach, the study conducted a rigorous comparison
between the proposed PINN model, an Adaptive Kalman Filter (AKF), and a conventional
FNN. Twelve distinct neural network setups were trained and evaluated using the Li-ion
battery dataset. Notably, the battery’s behavior at —10 °C posed significant challenges
due to substantial voltage deviations under load, heightened nonlinearity, and increased
internal resistance. Despite these hurdles, the PINN model demonstrated exceptional
performance, with error metrics—such as RMSE, MAE, and maximum error—remaining
impressively low. Even at —10 °C, the RMSE was maintained below 2.85% (approximately
0.028310), and the maximum error, indicative of estimation variance, stayed low even as
the SOC dropped to 20% (around 0.119825). These results underscore the PINN’s adeptness
at capturing the intricate, nonlinear dynamics and resistance characteristics under extreme
conditions, thereby affirming its reliability and robustness. Furthermore, embedding physi-
cal laws within the neural network enhances its interpretability, a significant advantage
over conventional “black-box” models. By elucidating the internal mechanisms that govern
battery behavior, this approach not only bolsters confidence in the model’s predictions but
also facilitates the identification and resolution of potential issues under novel or extreme
operating scenarios. Although the computational demands are higher—due to the neces-
sity of calculating derivatives and enforcing additional constraints during training—the
substantial benefits in terms of prediction accuracy, robustness, and real-time applicability
render the PINN-based approach a highly promising solution for advanced battery man-
agement systems in electric vehicles. By elegantly merging data-driven techniques with a
profound understanding of battery physics, this innovative method represents a significant
advancement over traditional SOC estimation techniques, offering a robust, adaptable, and
interpretable tool for navigating the complexities inherent in lithium-ion battery behavior.
This particular architecture is shown in Figure 14.
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Figure 14. FNNs with PINNs architecture for battery SOC.

Finally, there is another interesting study [66], in which an innovative hybrid method
is presented that significantly enhances battery state estimation by integrating the tradi-
tional Equivalent Circuit Model (ECM) with Feedforward Neural Networks. The approach
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commences with a first-order ECM that characterizes the battery’s dynamic behavior using
fundamental components such as ohmic resistance, polarization resistance, and polar-
ization capacitance. The initial parameters are determined online via a Recursive Least
Squares algorithm with a forgetting factor, ensuring robust calibration against real-world
measurements. However, under extreme conditions—such as freezing temperatures or
rapid charging and discharging—the ECM alone proves insufficient to capture the battery’s
pronounced nonlinear behavior. To overcome these limitations, three Feedforward Neural
Networks are embedded within the ECM as virtual electronic components, each dedicated
to correcting the residual errors in estimating a specific parameter. These networks are
trained offline using an iterative strategy that incorporates the battery’s state-space equa-
tions into a physics-informed loss function. This loss function, derived from the mean
squared error between the predicted and measured terminal voltages, directs the back-
propagation process to fine-tune the network parameters. The evaluation of the hybrid
model is based on a real-world battery dataset, which comprises charging and discharging
measurements—such as current, voltage, and cell temperature—collected from a brand-
new Panasonic 18650PF cell under diverse operating conditions. To thoroughly assess the
model’s performance, the authors selected three different operating modes (HPPC, US06,
and HWFET) and conducted tests under four ambient temperatures (—20 °C, —10 °C, 0 °C,
and 10 °C), resulting in a total of 12 scenarios. To further validate the model’s accuracy, the
predicted terminal voltage was computed using both the first-order ECM and the proposed
hybrid model with the identified parameters. Under the HPPC mode, the traditional
ECM demonstrated high accuracy during the initial stages of discharging; however, its
estimation error progressively increased due to error accumulation from the recursive
FFRLS method and its limited adaptability. In contrast, the hybrid model maintained
consistently high accuracy throughout the discharging process, as the neural network
modules dynamically compensated for the parameter estimation biases with their supe-
rior nonlinear-fitting capabilities. Under the USO6 and HWFET operating conditions, the
traditional ECM exhibited considerable fluctuations and larger estimation errors, whereas
the hybrid model closely tracked the terminal voltage without introducing extraneous
noise. This enhanced performance is attributed to the FNN modules’ ability to effectively
learn the rapid variations in voltage and current characteristic of these conditions. Notably,
when discharging at —20 °C—a scenario in which the battery’s electrochemical behavior
becomes exceedingly complex—the traditional ECM produced the highest errors across
all operating modes, while the hybrid model continued to deliver satisfactory accuracy.
Following the offline training phase, the refined parameters are deployed for real-time
State of Charge (SOC) estimation using an Extended Kalman Filter (EKF). When applied to
the dataset, the hybrid model achieved a reduction in SOC estimation errors, ranging from
29% to 64% across various conditions, demonstrating marked improvements in accuracy,
adaptability, and robustness compared to conventional ECM approaches. By merging the
interpretability of physics-based models with the advanced nonlinear learning capabilities
of neural networks, this method offers a precise and dependable solution for battery state
estimation in complex and challenging environments. This approach can be summarized
as in Figure 15.

Based on the studies analyzed in this section, it is evident that with the integration of
advanced optimization techniques and the use of augmented datasets, Feedforward Neural
Networks (FNNs) emerge as a highly promising solution for the next generation of battery
management systems, particularly in practical and real-world applications [67]. However,
in spite of the benefits of what we have seen in this section, FFNs suffer from problems
related to the explosion or vanishing of the descending gradient [68], failing always, and
especially with complex systems, to handle the correlations that can occur between distant
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First-Order ECM of the battery

time instants. To solve these problems mentioned above, the use of Recurrent Neural
Networks is often a resort, which we analyze in the next section of the article.

Structure of the hybrid model with FNNs
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Figure 15. Hybrid ECM approach where we use 3 FNNSs for resistance and capacity of battery model.

4. Recurrent Neural Networks (RNNs) for Battery SOC Estimation

In this section, we introduce various types of Recurrent Neural Networks (RNNs)
and examine key findings from the recent literature on their application in estimating the
State of Charge (SOC) of batteries. RNN-based machine learning models, which retain and
leverage past information, show particular promise for such tasks [69,70]. Unlike traditional
neural networks, RNNs incorporate temporal dependencies by feeding previous outputs
or intermediate states back as inputs [71]. For instance, the SOC from time step k — 1 can be
fed as an input at time k. This architecture is well-suited for capturing short-term sequence
dependencies, though it may struggle with the long-term dependencies typically seen
in battery systems. However, training RNNs can be challenging due to issues such as
vanishing or exploding gradients during backpropagation, which can hinder the learning
of long-term dependencies [72]. To address these limitations, several RNN variants have
been developed, including Long Short-Term Memory (LSTM) [73], Bidirectional LSTM
(BiLSTM) [74], and Gated Recurrent Unit (GRU) [75]. These architectures use specialized
gating mechanisms to manage and leverage dependencies over longer sequences, making
them suitable for tasks involving extensive sequential data, such as speech recognition and
battery SOC estimation [69,76,77].

4.1. LSTM Neural Network

The LSTM network introduces a memory cell ¢, to store and manage information over
time. It uses three primary gates:

e  Forget Gate fi: Controls how much information from the previous memory cell ¢x_1
should be retained.

fie = 0(Wg - [hie—1, x¢] + by)
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e Input Gate iy: Regulates how much of the new information will be added to the
memory cell.
i = o (Wi [, xi] + bi)

e Output Gate 0y: Determines how much of the information from the memory cell ¢
should be used in the output /.

o = 0(Wo - [l—1, %] + Do)
These gates work together to update the memory cell and produce the final output:
¢ = tanh(We - [l 1, x¢) + be)

Ck = fk Ck—1+ ik Ck
hy = o - tanh(cy)

This setup enables the LSTM to selectively retain or discard information, allowing it
to capture long-term dependencies [78]. An example of a generic architecture of an LSTM
is shown in Figure 16.
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Figure 16. LSTM generic architecture.

In [79], the authors applied a Long Short-Term Memory (LSTM) network to estimate
the State of Charge (SOC) using only directly measured battery signals, such as terminal
voltage, load current, and ambient temperature. This approach does not rely on additional
methods or estimation filters, simplifying the overall implementation. A notable outcome
of this work is the LSTM’s ability to accurately estimate SOC across varying ambient
temperatures. This capability represents a significant advantage over traditional methods
that rely on lookup tables (LUTs), which typically require separate LUTs to be created for
each temperature range [80]. However, it is important to highlight that the effectiveness of
this approach depends on the quality of the dataset used to train the LSTM. Specifically, the
dataset must contain sufficient information to encode the temperature variations within
the model parameters, which may necessitate a large and comprehensive dataset. For
their study, the authors utilized a dataset from a Panasonic 18650PF Li-ion battery cell,
acquired at multiple ambient temperatures. This dataset is publicly available for download
from [81]. Another interesting solution to improve the use of LSTM neural networks, using
its ability to store what happens in the short- to long-term observation time, is the combina-
tion of LSTM with other neural networks [82-84].The idea is to use a hybrid CNN-LSTM
network to estimate the State of Charge (SOC) of lithium-ion batteries by capturing their
complex nonlinear dynamics using voltage, current, and temperature measurements. The
method leverages spatial features extracted from the immediate relationships among the
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measured variables—including their averages—as well as temporal dependencies derived
from historical data. The network begins by processing time-sequenced input data with
a one-dimensional convolution layer that transforms raw signals into high-level repre-
sentations emphasizing internal correlations. These features are then passed to an LSTM
network that effectively integrates historical context over both short and long periods. This
combined approach enhances performance beyond that of a traditional LSTM alone. To
simulate real-world electric vehicle battery loading behaviors, the DST-FUDS-US06 (DFU)
profile—an integration of the dynamic stress test (DST), federal urban driving schedule
(FUDS), and US06 test profiles—was employed. During discharge, the DFU profile was
repeatedly applied until full battery discharge, and tests were conducted under various
temperature conditions (0 °C, 10 °C, 20 °C, 30 °C, 40 °C, 50 °C, and room temperature) to
build comprehensive testing datasets. More specifically, the network was trained with DST
data (8438 samples), FUDS data (8390 samples), and US06 data (7987 samples) at room
temperature, while its online SOC estimation performance was evaluated using DFU data
(8350 samples) at room temperature. The input vector x; = [Ii,, Vi,, Ty, , [avgy, , Vavgy]
is mapped to the output y; = [SOCy]. Estimation results at room temperature are pre-
sented in Section IV-A, with additional results under varying temperature conditions in
Section IV-B. During training, although increasing the number of epochs generally en-
hances model accuracy, it also extends training time. To determine an optimal number of
epochs, the root mean squared error (RMSE) for both training and testing datasets was
monitored. The RMSE dropped below 4% after 2000 epochs and stabilized around 2%
after 6200 epochs, with the best performance achieved between 8000 and 11,000 epochs.
Consequently, 10,000 epochs were selected for training. For performance comparison,
the proposed network was benchmarked against a standalone LSTM (i.e., without the
convolutional layer) and a CNN comprising three convolutional layers (each with six filters
and zero padding to preserve input length). All networks were trained for 10,000 epochs,
with training times of 161 min for the proposed network, 231 min for the LSTM, and
102 min for the CNN. On a laptop, the average computation times per time step were
0.098 ms, 0.116 ms, and 0.082 ms for the proposed, LSTM, and CNN networks, respectively.
When the battery starts at 100% SOC, the CNN network operating independently of past
inputs produces highly fluctuating estimates, whereas both the LSTM and the proposed
CNN-LSTM deliver much smoother and more accurate predictions. The proposed net-
work consistently maintains estimation errors within 2%, while the standalone LSTM can
sometimes exceed 4%. Although both networks yield satisfactory results, the CNN-LSTM
demonstrates slightly better accuracy. Since the initial battery SOC is not always known a
priori, robustness against unknown initial conditions is critical. To simulate this, data with
lower initial SOC values were generated (for example, by removing data with SOC greater
than 80% to simulate an 80% initial SOC). When the SOC starts at 80%, both the LSTM and
the proposed networks exhibit a two-stage behavior. Initially, the effect of the unknown
state is dominant, and the proposed network takes slightly longer than the LSTM to track
the true SOC. Once convergence is achieved, however, the proposed network exhibits lower
and more consistent errors, with overall RMSE and mean absolute error (MAE) values
of 1.35% and 0.87% compared to 1.43% and 0.95% for the LSTM. When the initial SOC is
set to 60%, the proposed network converges to the true SOC faster than the LSTM and
subsequently provides significantly more stable and accurate estimates (with an RMSE
of 0.92% and MAE of 0.48% versus 2.97% and 2.03% for the LSTM). Although the CNN
network is less affected by unknown initial conditions, its inability to model temporal
dependencies results in inferior overall performance. Overall, this integrated CNN-LSTM
design effectively combines local and temporal feature extraction, adapts to environmental
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variations and uncertain initial conditions, and delivers superior performance in estimating
the battery’s State of Charge. This type of hybrid approach is schematized in Figure 17.
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Figure 17. Architecture of combined LSTM with another RNN.
The recent works [85] presents the EI-LSTM—-CO, an improved LSTM-RNN model for
SOC estimation. By incorporating a sliding window average voltage into the input, the
model enhances its ability to capture nonlinear battery behavior. Additionally, a state flow
strategy based on ampere-hour integration (Ahl) constrains output variations, resulting in
smoother and more accurate SOC predictions. This particular LSTM Neural Network can
be schematized using the following diagram (Figure 18).
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Figure 18. Framework of the SOC estimation using the algorithm EI-LSTM-CO.

An interesting recent work [86] presents a novel approach for battery State of Charge
(SOC) estimation—a critical factor for electric vehicle safety and range prediction—using
an LSTM neural network optimized via a random search algorithm (RS-LSTM), as depicted
in Figure 19. Unlike most SOC studies that rely on manual hyperparameter tuning, which
is often random and fails to achieve a globally optimal solution, this method automates
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the optimization process. Few studies have attempted automatic hyperparameter tuning;
those that have generally lack sufficient validation in real-world scenarios and do not
adequately account for the complexities of actual vehicle operation. Real driving con-
ditions introduce numerous measurable battery parameters and including less relevant
features can compromise both model accuracy and interpretability. To simulate the di-
verse conditions encountered by lithium-ion batteries in practical use, the study utilizes
a dataset from the University of Maryland (CALCE) based on the INR 18650-20R battery
model. The CALCE team conducted a series of dynamic tests under varying temperatures
(0°C, 25 °C, and 45 °C) and initial SOC conditions (80% and 50%) using datasets from the
Dynamic Stress Test (DST) and the Federal Urban Driving Schedule (FUDS). To address
the challenges associated with manual hyperparameter tuning, the authors first apply a
Random Forest algorithm for dimensionality reduction, selecting the most relevant input
features (discharge capacity and discharge energy) to reduce noise and prevent overfit-
ting. Building on this foundation, the RS-LSTM method optimizes the LSTM network’s
hyperparameters—namely, look back, epochs, batch size, and learning rate—within a
carefully designed search space tailored to the battery data. This process yields optimal
settings of 45 for look back, 177 epochs, a batch size of 64, and a learning rate of 0.0026. The
study further compares the feature selection results from the Random Forest algorithm
with those derived from the Pearson correlation coefficient to identify the best combination
of model inputs from both linear and nonlinear perspectives. Following dimensionality
reduction and hyperparameter optimization, the optimized LSTM network is evaluated
using standard metrics such as Mean Absolute Error (MAE), root mean squared error
(RMSE), and the coefficient of determination (R?). Experimental validation under various
SOC intervals, temperature conditions, and even scenarios with added Gaussian noise
confirms the method’s superiority, effectiveness, and robustness. Furthermore, to assess the
efficiency of the proposed method under complex driving dynamics—including frequent
charging, discharging, and pause states—the study incorporates real-world vehicle data
collected from three vehicles between 1 and 15 April 2022. The SOC estimation results for
both training and validation sets indicate that all vehicles exhibit excellent performance,
demonstrating that RS-LSTM effectively captures vehicle-specific SOC change patterns.
Although some deviations occur during vehicle pause states—likely due to insufficient
training data—the overall performance remains robust. Notably, Vehicle C shows excep-
tional results (with an R? of 0.998, MAE of 0.871, and RMSE of 1.218 in the training set, and
similar metrics in the validation set), while Vehicles A and B display only minor increases
in error. The RS-LSTM method significantly outperforms alternative approaches such as
TCN-LSTM, CNN-BiGRU, CNN, and standard LSTM networks, achieving an MAE of
0.221%, an RMSE of 0.262%, and an R? of 0.997. By automating hyperparameter tuning and
employing robust feature selection, this integrated approach produces a model that is both
highly accurate and stable, overcoming the limitations of manual tuning. The authors rec-
ommend that future research further adapt the model to the complex nature of real-world
vehicle data and develop more adaptive feature selection methods to dynamically respond
to evolving data characteristics. This innovative approach not only represents a significant
advancement for battery management systems in electric vehicles but also holds potential
for broader applications, such as in portable electronic devices and supercapacitors.

85



Batteries 2025, 11, 107

e —|  Model Design F—<
/ = '| RSA;'gO?‘ffhm —————————— —_ \ It ]j.lil‘l;ltl‘l' ]::3.\: OLi.:}ﬂ;r. \
Criteria Evaluate | .
: ol Pefromance : | @ \.
comparison ; ' ouTPuT
I Ry Calculate i | | @ :
Initialize the Generate i parameters with = 2 -
I parameters - Hyperparameter F\?;:r min Fit values # f @ P A @
I Combinations and update | | e <
l Optimal | | @)ﬂ‘/ ) i
i i
/1 |&F ‘
R e - \ L —]

P _ T RPN T N
r 3 1 1

| = G I [ gt ] [ Techmo }
et X i i Algorithm echnology
| -
| EA S Al
E EE - B E |
I st st 7 3 T i
. |
| = ot X i

Figure 19. Flowchart for optimization of LSTM neural network by RS random search algorithm.

The use of LSTM networks comes with challenges, such as their unidirectional nature,
which limits them to processing data only from past to present, potentially losing valuable
future context. They are also prone to overfitting, especially with limited or noisy datasets,
and optimizing parameters like look-back length and learning rate can be computationally
expensive and time-consuming. Additionally, LSTMs may struggle with capturing complex
long-range dependencies and require significant computational resources for processing
long sequences. To partially solve these problems, Bidirectional LSTM (BiLSTM) networks
address these limitations by processing data in both forward and backward directions,
allowing them to capture both past and future contexts [87]. This bidirectional approach
enhances their ability to handle noisy or incomplete data, model complex dependencies
more effectively, and achieve greater accuracy in tasks like SOC estimation [88]. While
BiLSTMs require more computational resources than standard LSTMs, their improved
robustness and precision make them a valuable tool for applications requiring detailed
sequential data analysis. In the next section of this article, we will discuss this recurrent
neural network, highlighting some interesting applications and variants for estimating SOC.

4.2. Bidirectional LSTM Neural Networks

The Bidirectional Long Short-Term Memory (BiLSTM) network is an extension of
the traditional LSTM architecture that processes data in both forward and backward
directions. By combining the outputs from two LSTMs—one processing the input sequence
in its natural order and the other processing it in reverse—BiLSTMSs can capture both
past (previous time steps) and future (upcoming time steps) context for every point in
the sequence [89]. This bidirectional architecture makes BiLSTMs particularly useful
for applications where the context from both ends of a sequence significantly impacts
predictions, such as text translation, speech recognition, and battery state estimation tasks
like State of Charge (SOC) [90] and remaining useful life estimation [91].

° Forward LSTM: Processes the input sequence x = [xl, X2,..., xT] from the first time
step t = 1 to the last t = T, generating a sequence of hidden states.

— —
h t= LSTMforward(xt/ h t—l)

_>
Here, h  represents the hidden state at time ¢ for the forward LSTM;
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Backward LSTM: Processes the same input sequence in reverse, from t = T back to
t =1, generating another sequence of hidden states.

— —
hy= LSTMbackward (xtr h t+l)

?t is the hidden state at time ¢ for the backward LSTM,;

Combined Output: The output of the BILSTM at each time step t is a combination
of the hidden states from the forward and backward LSTMs. The combination is
typically achieved using concatenation, summation, or averaging:

hy = f(ﬁt,?t)

where f(-) is a function that combines the two hidden states, such as

W
—  Concatenation: h; = ?tl

t

—  Summation: iy = h i+ h

Key equations for BILSTM results including the following:
Forward LSTM Hidden State:

— —
hy= tanh(fot + Ut hi g+ bf)

where W, Uy, and by are the weights and biases for the forward LSTM;
Backward LSTM Hidden State:

— —
hy= tanh(bet +Up b1+ bb)

where Wy, U, and by, are the weights and biases for the backward LSTM;

Output Combination:
—
hi=f ( he h t)
Depending on the task, the choice of f (concatenation, summation, or averaging) can vary.

This dual-direction approach allows BiLSTM to capture temporal or contextual de-

pendencies from both ends of the sequence, making it ideal for applications such as text

translation, where context from both the start and end of a phrase impacts the final inter-

pretation. An example of this architecture is shown in Figure 20.
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Figure 20. BiLSTM generic architecture.
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Many interesting works, such as [92,93], use the concept of BILSTM and introduce a
hybrid deep learning architecture, combining a Convolutional Neural Network (CNN) and
Bidirectional Long Short-Term Memory (BiLSTM) to enhance the estimation of the State of
Charge (SOC) in lithium-ion batteries, critical for electric vehicle efficiency. These models
introduce an innovative method for estimating the State of Charge (SOC) in lithium-ion
batteries used in electric vehicles by combining spatial and temporal feature analysis within
a hybrid deep learning framework. Accurate SOC estimation requires capturing spatial
features—which represent the interrelationships among current inputs—and temporal
features, which reflect the correlations between the present SOC and historical data. To
achieve this, the authors propose a hybrid CNN-BiLSTM network. The one-dimensional
Convolutional Neural Network (CNN) extracts advanced spatial features from raw data by
adjusting convolution kernel weights and window widths, effectively generating multiple
features that serve as inputs for the subsequent recurrent model. The bidirectional long
short-term memory (BiLSTM) network then models the temporal dynamics by learning
from both past and future dependencies, thereby capturing the evolution of battery be-
havior over time. A key innovation of this work is the integration of the Group Learning
Algorithm (GLA) to automatically optimize the hyperparameters of the CNN-BiLSTM
network. By tuning parameters such as the learning rate, the number of LSTM units,
and the number of bidirectional layers, GLA enhances the model’s predictability and
stability while reducing the computational burden and eliminating the need for manual
configuration. This strategic approach improves the model’s efficiency and adaptability
to diverse operating conditions without the risk of overfitting or underfitting. The deep
neural network is trained using the mean squared error (MSE) loss function, and its per-
formance is evaluated with metrics including R?, relative error, normalized RMSE, RMSE,
and Mean Absolute Error (MAE). The experiments were conducted on an AMD Ryzen
5 5500U using MATLAB 2022, with data collected from cylindrical INR21700-40T Li-ion
batteries provided by the CALCE Research Group. The batteries were discharged under
standard industry procedures at temperatures of 25 °C, 0 °C, and 45 °C. Analysis of the data
revealed strong positive associations between SOC, voltage, and discharge capacity, as well
as the significant influence of urban driving cycles and environmental conditions on battery
performance. Evaluations across different temperatures demonstrated that the proposed
GLA-CNN-BiLSTM model consistently outperforms alternative approaches (such as CNN,
CNN-LSTM, GLA-LSTM, and GLA-CNN) in terms of accuracy and stability. At 0 °C, the
model produced significantly lower error metrics than the alternatives, while, at 25 °C
and 45 °C, it maintained high prediction accuracy with minimal errors. Further perfor-
mance assessments, including the Granger causality test, confirmed the model’s superior
ability to capture the intricate dynamics of battery behavior, achieving remarkably low
error rates that surpass state-of-the-art methods. This work presents a robust and efficient
methodology for SOC estimation in electric vehicles. By effectively integrating spatial and
temporal feature extraction with an innovative hyperparameter tuning strategy via GLA,
the hybrid model significantly enhances the accuracy, reliability, and adaptability of battery
SOC estimation in real-world applications. .These methods based on GLA-CNN-BiLSTM
are summarized in Figure 21.
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Figure 21. Schematic structure of GLA-CNN-BiLSTM deep learning model.

An interesting enhancement of bidirectional LSTM networks is presented in the
work [94], where the authors integrate an attention mechanism to improve performance
and introduce multi-dimensional temperature compensation to address variations in tem-
perature. This approach describes an advanced method for estimating the State of Charge
(SOC) of lithium-ion batteries using a temperature-compensated Bidirectional LSTM (BiL-
STM) network enhanced with an integrated attention mechanism. This approach improves
feature extraction by weighting the hidden outputs of multiple LSTM cells, which allows
the network to selectively focus on the most relevant inputs in complex time-series bat-
tery data. In this method, spatial attention is applied during the encoding phase via a
convolutional neural network that learns high-dimensional representations, ensuring that
the most critical features are emphasized. During decoding, temporal attention is used
to dynamically assign weights across time steps, effectively capturing essential temporal
information for accurate SOC prediction. Temperature effects are addressed through a
multidimensional compensation strategy. A polynomial model expresses the open-circuit
voltage (OCV) as a function of both SOC and temperature, while the reference SOC is
computed using ampere-hour integration. This integration of temperature data not only
compensates for temperature-induced variations but also improves error convergence
during training. Experimental validation was performed using a laboratory test bench
that includes a battery testing system, an electrochemical workstation, a host computer,
and a thermostat. Lithium-ion cells with a LiNiCoAlO; cathode, graphite anode, and
solid polymer electrolyte (rated at 3.7 V and 2.6 Ah) were tested at temperatures of 0 °C,
10 °C, 25 °C, and 40 °C under two conditions: a dynamic stress test (DST) and an urban
dynamometer driving schedule (UDDS). Under DST conditions at 25 °C with a discharge
period of 13,500 s sampled every 10 s (yielding 1350 data points), the initial high-quality
data allowed for accurate predictions by the LSTM. However, bidirectional errors intro-
duced fluctuations when the dataset was small. The temperature-compensated model with
integrated attention (AMBIiLSTM TC) effectively mitigated these errors, maintaining stable
and lower prediction errors throughout the discharge. Under UDDS conditions, where
data are sampled every second (yielding 13,500 data points) and the temperature rises
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rapidly within the first 120 s, the AMBIiLSTM TC again outperformed standard methods by
significantly reducing the root mean squared error (RMSE). Further analysis during training
showed that the introduction of attention mechanisms led to rapid error convergence, with
an optimal configuration found at 16 hidden units, balancing improved accuracy with
only a modest increase in computational time. By integrating both spatial and temporal
attention mechanisms with multidimensional temperature compensation and validating
the approach through extensive experimental testing, the proposed method markedly
improves feature extraction from time-series data, resulting in a robust and accurate SOC
estimation under a wide range of operating conditions while maintaining computational
efficiency. This technique is summarized in Figure 22.
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Figure 22. Framework of SOC estimation based on the AMBIiLSTM architecture.

Experimental results show that the proposed method achieves maximum errors of
less than 1% and improves accuracy by 9.39% and 22.36% under two different current
conditions. Furthermore, in the context of battery health prognosis, the approach enhances
accuracy by 21.45% compared to standard bidirectional LSTM networks, demonstrating its
significant potential for applications in battery management systems. However, BILSTMs
require a sufficient sequence length before outputting predictions, which can introduce
computational limits.

4.3. Gated Recurrent Unit Neural Networks

Another effective RNN variant for managing long-term dependencies is the Gated
Recurrent Unit (GRU). The GRU employs a simplified gating mechanism compared to the
LSTM, using a single gate to control both memory retention and update decisions [95-97].
The Gated Recurrent Unit (GRU) is a simplified variant of the Long Short-Term Memory
(LSTM) architecture, designed to address the exploding and vanishing gradient problem in
recurrent neural networks (RNNs) while reducing computational complexity [98,99]. An
example of this particular architecture is shown in Figure 23.
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Unlike the LSTM, which uses separate forget and input gates, the GRU combines these

into a single update gate. This design reduces the number of parameters and simplifies

training, while still enabling the model to capture long-term dependencies in sequential
data [100,101]. The GRU consists of two main gates:

Reset Gate (ry): Controls how much of the past information to forget;
Update Gate (zj): Determines how much of the previous state to retain and how much
to update with new information.

The core equations governing the GRU are as follows:

Update Gate:
Zp = U'(szk + uzhk,1 + bz)

where x; is the input vector at time step k, hi;_1 is the hidden state from the previous
time step, W, and U, are weight matrices, b, is the bias term, and ¢ is the sigmoid
activation function;
Reset Gate:

e = O'(Wrxk + urhk—l + br)

Here, W;, U;, and b, are the corresponding weight matrices and bias for the reset gate;
Candidate Hidden State: The reset gate determines how much of the past hidden
state contributes to the candidate hidden state.

flk = tanh(thk + uh(f’k © hk—l) + bh)

where © denotes the element-wise multiplication, and tanh is the hyperbolic tangent
activation function;

Current Hidden State: The update gate determines the final hidden state as a combi-
nation of the previous hidden state and the candidate hidden state.

hk:Zk@hk_1+(1—Zk)®flk

This streamlined design allows GRUs to achieve performance similar to LSTMs with re-

duced computational complexity [102]. The GRU’s update gate decides which information
from the previous and current steps should contribute to the output [103].

An interesting application of a GRU variant is presented in the article [104], where the

authors propose an enhanced model for State of Charge (SOC) estimation using a Bidirec-
tional Gated Recurrent Unit (Bi-GRU) network optimized with the Nesterov Accelerated
Gradient (NAG) algorithm, as shown in Figure 24.
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Figure 24. Architecture of Bidirectional GRU (Bi-GRU).

To validate their approach, the authors utilize a well-known lithium-ion battery dataset
from the University of Maryland, ensuring a comprehensive evaluation of the model’s
effectiveness. They achived some interesting results in terms of accuracy in SOC estimation
across various ambient temperatures, outperforming existing state-of-the-art data-driven
methods and demonstrating its robustness under diverse conditions. In [105], the authors
combine Gated Recurrent Units (GRUs) with Recurrent Neural Networks (RNNs) to pro-
pose an advanced method for estimating the State of Charge (SOC) in lithium batteries, as
shown in Figure 25. The paper presents an innovative approach that integrates a GRU-
RNN model with an enhanced momentum gradient optimization algorithm. Traditional
techniques—such as ampere-hour integration and open-circuit voltage measurements—
often struggle with both accuracy and real-time performance. To address these challenges,
the authors develop a model that takes measured voltage and current as inputs to a GRU-
RNN, which then outputs an estimated SOC. The GRU, an evolution of conventional
recurrent neural networks, effectively manages long-term dependencies while mitigating
issues like exploding or vanishing gradients. Additionally, the paper introduces an im-
proved training strategy through a momentum gradient algorithm, a refined version of the
classic gradient descent method. The authors first review the conventional gradient descent
approach and then present the momentum-enhanced version. This algorithm considers
both the current gradient and historical gradient information: when the weight update di-
rection at the current iteration aligns with that of the previous one, the update is reinforced;
if not, it is dampened. This approach not only reduces oscillations during weight updates
but also accelerates convergence during training. To further enhance generalization and
prevent overfitting, random noise is incorporated into the training data. Experimental
validation is carried out on a lithium battery test platform that includes a battery tester
(NEWARE CT-4008-5V12A-TB), a battery holder, BTcap 21700 (2200 mAh) lithium batteries,
and a host computer. The study systematically evaluates various parameters—such as
the momentum coefficient, noise variance, number of training epochs, and number of
hidden neurons—to optimize performance. The results reveal that a moderate momentum
coefficient significantly improves convergence speed and minimizes oscillations, while
excessively high values can lead to instability. Moreover, an optimal noise variance of 0.03,
combined with 30 hidden neurons, yields the best prediction accuracy, as indicated by
improvements in RMSE, MAE, and R? metrics. This study demonstrates that the GRU-
RNN-based momentum optimization algorithm provides a reliable and efficient method
for SOC estimation in battery management systems. The integration of advanced machine
learning techniques with tailored optimization strategies represents a significant contribu-
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tion to the field and holds promise for application to other dynamic systems, ultimately
paving the way for more accurate and efficient battery performance monitoring. This work
exemplifies a promising fusion of machine learning and practical battery applications,
offering a robust solution to a critical challenge in energy storage technology.
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Figure 25. Scheme of GRU-RNN architecture.

The authors of a recent study [106] present a robust and innovative approach for
estimating the State of Charge (SOC) in lithium-ion batteries, known as GRU-ASG. This
method integrates a Gated Recurrent Unit (GRU) neural network with an adaptive Savitzky—
Golay (ASG) filter, enhancing both the accuracy and stability of SOC estimation. The core
principles of this approach are illustrated in Figure 26. Accurate SOC estimation is fun-
damental for ensuring the safety, efficiency, and longevity of energy storage systems.
Traditional methods, such as ampere-hour integration and open-circuit voltage measure-
ment, suffer from cumulative errors and rely on precise initial SOC values, making them
impractical for many real-world applications. Model-based techniques, like Kalman Fil-
tering, require detailed system parameters, which are often unavailable or difficult to
determine. More recently, deep learning approaches, particularly Recurrent Neural Net-
works (RNNs) such as GRU and LSTM, have demonstrated superior performance in SOC
estimation. However, these models struggle with fluctuations in predictions, particularly
under dynamic operating conditions. To overcome these challenges, the GRU-ASG method
introduces a two-fold solution. First, the “many-to-one” structured GRU network captures
long-term dependencies by incorporating multiple past measurements into each SOC
estimate, thereby enhancing prediction accuracy. Second, the adaptive Savitzky—Golay
filter (ASG) smooths the GRU-generated SOC predictions. Unlike Kalman-based filters,
which require a reference SOC, ASG autonomously optimizes its parameters, eliminating
the need for predefined initial SOC values. The method operates in two main stages.
The GRU network first generates an initial SOC estimate, leveraging historical voltage,
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current, and temperature data. The ASG filtering algorithm then refines this estimate by
dynamically adjusting the smoothing window length, optimizing the trade-off between
reducing fluctuations and preserving accuracy. This adaptive approach eliminates the need
for manual parameter tuning, making it particularly well-suited for real-time applications
in battery management systems. To validate the effectiveness of the many-to-one GRU
architecture, the authors compare its performance against standard RNN and LSTM models.
The three models have identical architectures, except for the type of neural network layers.
Experimental results indicate that while all three models can capture the general decreasing
trend of SOC, their accuracy varies significantly. The GRU model achieves the lowest
maximum estimation error at approximately 7%, followed by LSTM at 8% and RNN at
12%. These findings underscore the major reliability of GRU for SOC estimation. In terms
of error metrics, GRU achieves a mean squared error (MSE) of 0.17%, which is 59% lower
than RNN and 39% lower than LSTM. Similarly, its mean absolute error (MAE) is 3.49%,
33% lower than RNN, and 20% lower than LSTM. These results highlight the clear advan-
tage of the many-to-one GRU structure in improving SOC estimation accuracy. To further
enhance its robustness, the ASG filtering algorithm is applied to refine the GRU-generated
SOC estimates. The GRU-ASG model is trained using four out of six different operating
condition datasets collected from an energy storage plant, with the remaining two datasets
used for validation. Experimental results confirm that GRU-ASG consistently outperforms
other approaches, including GRU, GRU-MD (Moving Median), and GRU-GA (Gaussian
filter), achieving performance comparable to GRU-SG (Savitzky-Golay filtering with an
optimally tuned window length). Notably, across all test datasets, MSE remains below
0.15% and MAE does not exceed 3%. Additionally, the GRU-ASG model demonstrates
strong generalization capabilities, enabling accurate SOC estimation even under complex
and unpredictable operating conditions. When compared to alternative filtering techniques,
GRU-ASG shows clear advantages. While all filtering methods enhance the stability of
GRU predictions, ASG outperforms both moving median (MD) and Gaussian (GA) filters
by dynamically selecting the optimal smoothing window length. Unlike Kalman-based
methods, which require an accurate initial SOC, GRU-ASG operates independently, mak-
ing it highly practical for real-world applications in energy storage. As energy storage
systems continue to expand, the increasing availability of real-world battery data will
further improve the training and performance of GRU-ASG, strengthening its applicability
for large-scale SOC estimation and battery safety management. This scalability highlights
its potential for widespread adoption in modern battery management systems. Future
research will focus on incorporating additional environmental factors, such as tempera-
ture fluctuations and battery capacity degradation, to further enhance robustness under
real-world operating conditions. Moreover, transfer learning techniques will be explored
to extend the adaptability of GRU-ASG across different battery chemistries and usage
scenarios, ensuring even greater versatility in practical applications. The GRU-ASG model
represents a significant advancement in SOC estimation, surpassing both traditional and
deep learning-based approaches. The many-to-one GRU structure effectively integrates
historical data, while the ASG filter enhances stability and adaptability. With its strong
generalization capabilities and scalability, GRU-ASG stands as a highly promising an inter-
esting solution for next-generation energy storage systems, where precise SOC estimation
is crucial for ensuring safety, efficiency, and longevity.
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5. Discussion

The growing demand for machine learning-based methods in estimating the State
of Charge (SOC) of EV/HV battery system arises from the limitations of traditional ap-
proaches, which struggle with the uncertainty and complexity inherent in battery models.
Unlike conventional methods, machine learning techniques exploit large datasets and
advanced artificial intelligence algorithms to bypass the need for explicit battery modeling.
Instead, they train specialized models to uncover nonlinear relationships between input
parameters, such as voltage, current, and temperature, and the SOC. These techniques
are recognized for their high accuracy, adaptability, and strong generalization capabilities.
This review consolidates recent advancements in machine learning-based SOC estimation,
presenting challenges, opportunities, and areas for further research. Additionally, the
methods analyzed are summarized in the sequence of Tables 1-4 , which outlines their
respective advantages and disadvantages.
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Table 1. Comparison of SOC estimation methods.

Article Innovations Dataset & EV Tests Performance Advantages Disadvantages Computational Cost
OCV-SOC-T table . Accurate SOC
Utsoc Wit LESCOLICON e ot Lopemed
X . (0-50 °C); UKF for . (40°C), up to 16.4% temperature emp! ’ s optir
Estimation X . .. OCV-SOC-T, FUDS; 5 . L . Sensitive to flat BMS real-time use.
nonlinearity handling; No direct EV 0°Q). integration; Real-time OCV-SOC regi
Simplified Rint model. o direct EV tests. capable. - regions.
ECM with 3 .
Panasonic 18650PF; MSE reduced by . L. .
Neural-Network- ~ feedforward NNsfor  pyppc, Usgs, HWFET - 82.5% (USoe); Rmse  Flishaccuracy - Initial/final phase e, 64450;
Embedded ECM orections at10°Cto —20°C;  improved 33-64% o one Adantive  ogair OmP© Online: 1.3-2.2s
[66] correction; Lab-tested under EV  (US06), 5-29% concitions; Adaptive o Ine raling, (real-time suitable).
Physics-informed loss conditions (HWFET) to uncertainties. requires retraining.
in training. ’ ’
McMaster Univ. (LG High accuracy and
Deep FNN with HG2,3Ah); UDDS, RMSE < 2.85%; rokf!;usmess wi};h Demanding offline Offline: demanding;
Physics-Informed NN physics-constrained ~ US06, LA92, HWFET, Outperforms noisy /sparse data; training: Cgm lex Online: officient &
(PINN) [63] loss (data + charge Mix; —10°Cto25°C;  NN-only and AKF Y/sp . nung; p . i’
. S Physically consistent  design. real-time capable.
conservation). Climatic chamber methods. Tt
tests. solutions.
. Dynamic tests; NN
H}tlizildﬁerl\Lf%rKSFO fC . trained on DST, RMS error (US06, Higher robustness via Risk of NN fitting: Offline: structural
NN + UKF for Error estl ;1 o 4 t.o . validated on 0°C) reduced from UKE filtering; No C S 01 NONV—eUKF & optimization; Online:
Cancellation [45] ;Ols(gcizggé tulsllon, US06/FUDS; Li-ion 4.1% (NN only) to need for OCV-SOC . (:mp ix real-time with filtered
ne‘; dod € (mostly LiFePO4) 2.4% (NN + UKF). table. Integration. errors.
’ under EV conditions.
Table 2. Comparison of SOC estimation methods (part 2).
Article Innovations Dataset & EV Tests Performance Advantages Disadvantages Computational Cost
Hybrid FNN model
for SOC estimation; Lab data on Li-ion o Robust to . . L
Hybrid FNNs for SOC NN optimization to (LiFePO4) batteries; %Sefgoé;g# % nonlinearities; No g;ﬁﬁll e*ﬁéﬂﬁfes 8&}35 i:lr_lfirrféng’
[51] improve DST, US06, FUDS at T op need for OCV-SOC 8 Requires :
N . conditions. careful optimization.  capable.
generalization and variable temperatures. tables.
reduce errors.
Hybrid approach:
FNN + EKF with Lab data on Li-ion . EKFlessaccurate in . L
parameter 7 for filter  (LiFePO4); DST, US06, Reduced RMS and Accurate and robu'st, strong nonlinearities; Ofﬂ}ne. dem;ndmg,
FNN + EKF 7 [48] A . max errors; Stable EKF ensures real-time 3 . Online: real-time
update; Direct SOC FUDS under various X ! A Requires tuning and .
S - SOC estimation. applicability. PR suitable.
estimation without temperatures. sensor calibration.
OCV-S0C table.
Eg\dlg g;tgilfjc:\soc Lab data on Li-ion Strong nonlinear Complex training: Offline:
BPNN + BSA Model estimation: Improved (LiFePO4); DST, US06, RMS and MAE errors  learning; No Re uI;res hich- Ea;lit computationally
[62] data f sior{ (vorita o FUDS at various typically <5%. OCV-SOC table daga gh-quatity heavy; Online:
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= orSOC  voltage via sliding <3.2%; Improved R window size, window size 50;
. and FUDS for s for accurate initial L . .
[85] window), output L stability vs. standard i constraints); More Online: fast, real-time
. validation (7 SOC; High accuracy
constrained by Ahl LSTM-RNN. complex than capable.
o temperatures, 1s for BMS. X
strategy for stability. sampling) conventional NNs.
Table 3. Comparison of SOC estimation methods (part 3).
Article Innovations Dataset & EV Tests Performance Advantages Disadvantages Computational Cost
Hybrid CNN-LSTM o
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tests. (temperature environmental .
and temperature T . suitable).
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Auto-tuned different =0.221%, RMSE = High accuracy and mod l,t ninp P ’
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Table 4. Comparison of SOC estimation methods (part 4).

Article Innovations Dataset & EV Tests Performance Advantages Disadvantages Computational Cost
BiLSTM with
spatial /temporal Improved feature Complex model;
a}t)tention' P Lab tests on DST (25°C)::RMSE _ extraction; Robustto uFi’reS I taset Offline:
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5.1. Challenges in Machine Learning-Based SOC Estimation

From the analysis of the methods proposed in this article, it is possible to define

problems that these methods have in common, which may prove to be the challenges to

overcome in future work, in order to make these ANN algorithms even more performant.

The challenges to be overcome and solved can be summarized in the following key points:

1.

Inconsistencies in Model Evaluation: Comparing different models remains challeng-

ing due to variability in datasets, hyperparameter settings, optimization algorithms,

and computational resources used across studies [107]. These inconsistencies compli-

cate cross-study benchmarking and make it difficult to assess the relative effectiveness

of different approaches. Furthermore, the use of complex composite algorithms,

which often combine serial or parallel structures, increases model complexity [108].

As the number of modules grows, the model’s overall controllability diminishes,

making it more vulnerable to disturbances and raising concerns about its robustness

in practical applications [109];

Dataset Limitations: Large variations in datasets are caused by differences in experi-

mental conditions and the mismatch between training data and real-world electric

vehicle operation [110]. This discrepancy impacts even the most sophisticated models,

reducing their accuracy and applicability in real-world scenarios [111]. The lack of

standardized, comprehensive datasets exacerbates this issue;

Computational Complexity: Many advanced SOC estimation algorithms require

significant computational power due to their intricate structures and optimization

techniques. This increases the demands on hardware resources, potentially hindering

the real-time performance of SOC estimation systems [112]. Balancing computational

efficiency with accuracy is critical for enabling online SOC estimation;

Lack of Open-Source Tools: Few researchers publish their code, and there is often

little transparency regarding preprocessing techniques, input parameter choices, and

hyperparameter tuning. These gaps hinder reproducibility and prevent effective

collaboration within the research community. Without standardized benchmarks, it is

difficult to attribute performance improvements to either the model or preprocessing
techniques [113];
Real-Time Implementation: Implementing advanced machine learning algorithms

in real-time systems, especially in resource-constrained vehicles, poses significant
technical hurdles [114,115];
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6.  Generalization to Diverse Conditions: We must adapt SOC estimation models to perform
reliably across a wide range of driving conditions and environmental factors [116].

5.2. Areas for Improvement and Key Observations

We use Artificial Neural Network (ANN) methods to estimate the State of Charge
(SOC) and these methods have proven effective for their intended tasks. However, our
analysis shows that several improvements can boost performance, reliability, and practical
applicability. Below, we present key areas for improvement along with emerging challenges
that future research must tackle:

1. Standardization of Datasets and Data Quality: Machine learning models often depend
on specific datasets that limit generalization. We must develop high-quality, standard-
ized datasets with precise measurements and diverse data types. Researchers should
also improve data quality by applying advanced data preprocessing techniques [117],
sensor fusion methods, and machine learning-based denoising algorithms to ensure
accurate and reliable input data [118];

2. Open-Source Benchmarks: Creating open-source initiatives and establishing standard-
ized benchmarks for data preprocessing, model architectures, and hyperparameter
tuning may lead to significant improvements [119]. Adopting uniform techniques
to clean, normalize, and prepare data establishes a consistent foundation for experi-
ments. Designing model architectures with comparable features and systematically
tuning hyperparameters—by adjusting factors like learning rates and network layers—
minimizes biases from arbitrary decisions. This approach promises enhanced repro-
ducibility, fair comparisons among methods, and increased collaboration, ultimately
accelerating progress in ANN-based SOC estimation for electric vehicle batteries
[120];

3. Balanced Algorithm Complexity: In pursuit of increased accuracy, SOC estimation
models must deliver computational efficiency and meet real-world constraints [121].
Evaluating these models from diverse perspectives—including robustness, adaptabil-
ity, and efficiency—ensures practicality for deployment;

4. Generalization and Transfer Learning: One of the challenges in achieving accurate
State of Charge estimation is that vehicles are subjected to a wide range of driving
conditions, many of which are not fully represented during the training phase. En-
suring that these models generalize well across such diverse conditions remains a
significant concern [122]. Transfer learning is emerging as a promising approach to
adapt these models to varying scenarios, with researchers actively exploring how to
leverage knowledge from one domain to enhance performance in another;

5. Al Hardware Acceleration: The advent of specialized hardware for Al and machine
learning is expected to accelerate the deployment of complex models in real-time
applications [123]. In particular, hardware accelerators such as GPUs and TPUs
drastically reduce training and inference times, paving the way for the development
and integration of increasingly sophisticated state-of-charge estimation models in
electric vehicles;

6. Big Data and Cloud Computing: Integrating big data analytics with cloud computing
platforms can optimization SOC management. Cloud-based solutions provide scala-
bility and allow remote monitoring and optimization by analyzing data from large
fleets, leading to more robust and adaptive management strategies [124];

7. Advanced Machine Learning Techniques: Advanced models—including Convolu-
tional Neural Networks (CNNs) and Transformer-based architectures—promise sig-
nificant improvements [125]. These techniques excel at feature extraction and capture
complex, non-linear relationships in battery data. For example, models using atten-
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tion mechanisms (such as AMBILSTM) and multi-head self-attention in Transformers
effectively identify intricate patterns and dynamic operating conditions [126];

8.  Hybrid Models and Optimization Strategies: Combining multiple architectures (e.g.,
GRU-ASG, GLA-CNN-BIiLSTM) in hybrid models can improve accuracy and robust-
ness [127]. Researchers must optimize these models to manage increased computa-
tional complexity. Likewise, advanced optimization strategies (as seen in RS-LSTM)
can boost performance while requiring more computational resources [128].

Addressing these improvements and challenges will enhance the performance, relia-
bility, and applicability of ANN-based SOC estimation methods, driving the development
of more efficient and robust battery management systems.

6. Conclusions

This work presents a comprehensive and detailed review of the State of Charge (SOC)
estimation methods for battery systems based on machine learning algorithms. By ana-
lyzing and comparing various methods, this paper provides a clear understanding of the
advantages and limitations of different approaches, offering valuable insights into the evo-
lution and current trends in SOC estimation. A structured methodology for evaluating and
benchmarking different models is introduced, enabling a more consistent and fair compari-
son across diverse studies. This framework addresses key challenges in the field, including
dataset variability, computational complexity, and the lack of standardized benchmarks,
while offering guidance on how these obstacles can be overcome. Furthermore, the study
emphasizes areas for improvement, such as enhancing generalization capabilities, fostering
open-source collaboration, and achieving a balance between accuracy and computational
efficiency. The potential of machine learning-based SOC estimation lies in its ability to
handle the nonlinear dynamics of batteries, its adaptability to various operating conditions,
and its robust generalization capabilities.

By addressing challenges such as dataset standardization and promoting the adoption
of open-source benchmarks, this work aims to accelerate innovation in SOC estimation
methods. Additionally, it advocates for the development of scalable, efficient, and robust
machine learning models that align with real-world constraints, fostering advances in
battery management systems. Ultimately, this study aims to contribute to the enhancement
of EV/HYV battery system performance and safety, driving forward the intelligent evolution
of SOC estimation techniques. These advancements will play a pivotal role in supporting
the sustainable development of electric vehicles and new energy technologies, paving the
way for a cleaner, smarter energy future.
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Abstract: This study considers the significance of drones in various civilian applications, emphasizing
battery-operated drones and their advantages and limitations, and highlights the importance of
energy consumption, battery capacity, and the state of health of batteries in ensuring efficient drone
operation and endurance. It also describes a robust testing methodology used to determine battery
SoH accurately, considering discharge rates and using machine learning algorithms for analysis.
Machine learning techniques, including classical regression models and Ensemble Learning methods,
were developed and calibrated using experimental UAV data to predict SoH accurately. Evaluation
metrics such as Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) assess model
performance, highlighting the balance between model complexity and generalization. The results
demonstrated improved SoH predictions with machine learning models, though complexities may
lead to overfitting challenges. The transition from simpler regression models to intricate Ensemble
Learning methods is meticulously described, including an assessment of each model’s strengths
and limitations. Among the Ensemble Learning methods, Bagging, GBR, XGBoost, LightGBM,
and stacking were studied. The stacking technique demonstrated promising results: for Flight
92 an RMSE of 0.03% and an MAE of 1.64% were observed, while for Flight 129 the RMSE was
0.66% and the MAE stood at 1.46%.

Keywords: UAV data analysis; machine learning; regression models; Ensemble Learning; Li-ion

1. Introduction

“Drone” is a concept that refers to aircraft of various sizes and features that are
controlled by remote control, also known as unmanned aerial vehicles (UAV) which are
increasingly preferred in various civilian fields; these areas of use include activities such as
live monitoring, expansion of wireless internet access areas, remote sensing, search-and-
rescue activities, cargo distribution, security and surveillance, precision agriculture, and
control of civil structures. Smart UAV technologies are among the important innovations
in UAV technology, with advantages such as reducing risks and providing cost savings,
especially in areas such as civil construction management [1].

UAVs’ ease of deployment, low maintenance costs, superior mobility, and ability to
stay airborne for long periods of time make them a viable option for a range of civilian and
military applications. These features make UAVs ideal for these tasks [2]. UAVs primarily
rely on either internal combustion engines or batteries for propulsion power sources. In this
context, we specifically concentrate on battery-operated drones. Battery-operated drones
offer several notable advantages, including zero emissions, simplified maintenance, and
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straightforward controllability. However, they also face limitations, particularly concerning
flight range and duration [3].

Energy consumption is one of the key factors of UAVs affecting efficient use, en-
durance, cost, and emissions. Energy consumption is also related to drone design, environ-
ment, drone dynamics, and operations [4]. In addition, the battery pack must be capable of
providing sufficient electrical power to match the power consumed by aerodynamic drag,
considering losses from the propeller, motor, and motor controller, and additionally the
avionic system and other electronics [5]. The capacity of a battery is determined based on
its application, and this capacity decreases as the battery ages. Additionally, as the battery
ages, its impedance increases, which in turn reduces its ability to provide energy effectively.

The state of health (SoH) of a battery reflects its ability to store and supply energy
based on its fundamental conditions, considering the energy and power requirements of
the application. SoH serves as a crucial indicator for assessing the level of degradation
experienced by a battery over time. Monitoring SoH in the operational processes of UAVs is
critical for the successful continuation of missions. The condition of Li-ion batteries requires
particular attention in order to ensure that UAVs operate uninterruptedly throughout their
mission period and do not pose any safety risk in the air. Therefore, battery SoH estimation
is a great challenge for operation endurance due to the aging mechanism of the battery. To
tackle this situation, various methods have been developed as experimental techniques and
adaptive battery models [6]. The determination of SoH in battery packs directly impacts the
endurance and operational limits of UAVs. As batteries age, the operational time of drones
decreases, affecting their overall performance. Additionally, because State of Charge (SoC)
data are linked to SoH, inaccuracies in SoC measurements might mislead the estimation
of remaining capacity, potentially leading to premature shutdown or loss of the drone
during operation [7]. Andrioaia et al. discussed the necessity of estimating the Remaining
Useful Life (RUL) and predicting the capacity of Li-ion batteries to prevent UAVs from
losing autonomy, comparing the performance of three machine learning models—Support
Vector Machine for Regression (SVMR), Multiple Linear Regression (MLR), and Random
Forest (RF)—to estimate the RUL. This method might be implemented in UAVs’ Predictive
Maintenance (PdM) systems [8]. In addition, Zhang et al. addressed the issue of limited
endurance in UAVs for the estimation of the state of charge (SOC) of Li-Po batteries,
maximizing energy utilization and enhancing UAV endurance. They used the extended
Kalman filter algorithm, based on an equivalent circuit model, to estimate SOC [9]. Accurate
prediction of SoH can ensure UAVs battery lifespan and efficiency. Shibl et al. presented
a UAV BMS based on machine learning (ML) models predicting SoC and estimating SoH
using battery voltage, current, and ambient temperature data. Deep Neural Networks
(DNN) and Long Short-Term Memory (LSTM) were used for SoC prediction, while Random
Forest (RF) was used for SoH estimation [10].

In various applications, such as steady-level flight for fixed-wing aircraft or hover-
ing conditions for multi-rotor vehicles, a constant power discharge process represented
the actual battery loading; however, in the present study, a robust and diverse testing
methodology was employed, involving the testing of the battery under various C rates at
ten-second intervals to mimic different operational states of the drone [11]. This involved
altering the position of an actual drone every 10 s while logging current and voltage data.
By analyzing the discharge current associated with position changes, we determined the
battery’s behavior across different operational scenarios. Subsequently, these data were
utilized to calculate SoH information of the battery. A single cell underwent rigorous testing
for 285 cycles using a specialized battery test system, during which capacity data were
recorded. The effect of discharge rate on available capacity was considered for variable
current discharges. Afterwards, having the capacity values in response to discharge current
for each cycle, machine learning algorithms were then applied to the data to calculate and
assess the SoH information of the battery accurately to determine an efficient source of SoH
information (Tables S1 and S2).
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Our research group has recently published studies utilizing machine learning for
estimating the SoH in electric vehicles (EVs). Specifically, it introduced a methodology for
comparative analysis, focusing on classical and deep learning approaches, and assessed
improvements made to LSTM and Bi-LSTM methods using evaluation metrics such as MSE,
MAE, RMSE, and R-squared. The objective of the study was to drive advancements in EV
technology by predicting Li-ion Battery (LIB) performance [12]. Additionally, another study
was conducted as an assessment of traditional ML and advanced deep learning models for
predictive modeling, encompassing techniques such as Random Forests, XGBoost, Elastic
Net, MLP, CNNs, and RNNs, as well as hybrid models such as RNN-LSTM and CNN-LSTM.
The findings underscored the potential of deep learning-based hybrid models in improving
battery SoH assessments [7]. Accurately managing the capacity of L-ion batteries is crucial
for enhancing the cost-effectiveness of large-scale energy storage systems. Therefore, in
a study by Oyucu et al., various machine learning models—AdaBoost, gradient boosting,
XGBoost, LightGBM, CatBoost, and Ensemble Learning—were used to predict the discharge
capacity of LIBs. The study also utilized SHAP (Shapley additive explanations) values
within the explainable artificial intelligence (XAI) framework to analyze key features
affecting predictions [13].

Apart from the previous studies, in the present study, classical regression models such
as Linear Regression (LR), Lasso, ElasticNet, and Ridge Regression (RR) were developed
to predict the SoH of UAVs [14,15]. These models were calibrated using comprehen-
sive experimental data obtained from UAV operations to interpret battery aging and
operational performance. Following these initial models, Ensemble Learning techniques
including Bagging, Boosting, and Stacking were employed to enhance the accuracy of SoH
predictions [16]. These methods combined predictions from various regression models
to achieve more robust and accurate predictions, thereby playing a critical role in the
operational continuity and reliability of UAV batteries.

Two different evaluation metrics were used to measure the accuracy of SoH predictions
for UAV batteries using the developed regression and Ensemble Learning models. The first
evaluation metric is Root Mean Squared Error (RMSE), indicating how much deviation the
model’s predictions showed from the actual values by calculating the square root of the
mean of squared errors, providing a broad perspective on the magnitude of the model’s
errors. The second metric was Mean Absolute Error (MAE), which was calculated by taking
the mean of the absolute values of errors, presenting the average of the model’s errors more
directly. By evaluating the model’s performance from different perspectives using these
two metrics, it was demonstrated how reliable the developed prediction models were.

The results obtained indicated improvements among different models; however, they
also demonstrated a decrease in success rates in cases where model complexity increased.
This phenomenon was particularly pronounced in models using more complex Ensemble
Learning techniques. As model complexity increases, theoretically, the model is expected to
learn the data better and generalize; however, in some cases, overfitting issues have arisen,
negatively impacting the model’s performance on independent datasets. The results have
shown that controlling and balancing complexity during the model development process
is a significant factor directly affecting success rates. Therefore, while increasing model
complexity, the importance of integrating techniques that maintain generalization ability
has been emphasized.

This article evaluates the feasibility of machine learning techniques for developing
and validating SoH predictions for UAV batteries. It extensively discusses the data col-
lection and processing methods used for estimating battery SoH values. Factors such as
temperature and cycle that affect battery performance are examined, and how these factors
might be integrated into SoH prediction models is emphasized. The transition from simple
regression models to more complex Ensemble Learning methods is described. Each model’s
implementation and the comparative analysis of their results identifies the advantages and
limitations of the models.
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Section 3 evaluates the prediction results obtained through different machine learning
models using RMSE and MAE metrics to measure model performance. Section 5 focuses on
the integration potential of the results into practical scenarios and discusses the limitations
encountered in using machine learning methods for UAV battery SoH prediction. The
article concludes with suggestions for future research, including the development of new
algorithms to improve prediction model accuracy, experiments on more diverse datasets,
and enhancing the applicability of SoH prediction models in real-world conditions.

The novel contributions of this study can be listed as below:

e Integration of diverse machine learning techniques: The combination of classical
regression models and advanced Ensemble Learning techniques (Bagging, Boosting,
and Stacking) is utilized to obtain accurate battery SoH estimation. In particular, the
stacking of models is deployed for improving prediction accuracy and robustness by
leveraging the strengths of several models.

e  Robust testing approach: Within this study, a robust test method is designed for battery
SoH estimation on various discharge rates and real operational scenarios. These
scenarios mainly simulate the actual usage conditions of drones more accurately than
standard tests by changing the drone’s operational conditions every 10 s to measure
battery behavior in dynamic scenarios. Consequently, this testing process crucially
improves the feasibility of the SoH predictions to real-world drone environments.

e  Evaluation with real UAV data: For the evaluation process, this study presents a real-world
dataset providing calibration and experimental validation of the machine learning
models under realistic operational factors, which is critical for practical applications
in drone battery management.

2. Materials and Methods

This study aims to estimate the SoH for a UAV by using a literature dataset [13].
Rodrigues and co-workers conducted a study using DJI Matrice 100 Quadcopter (D]I,
Shenzhen, China) to work with various parameters such as the battery voltage and current,
altitude, wind conditions, wind speed, angular velocity, acceleration, and load within
a specific area. In the context of this article, we used some of the datasets.

2.1. Battery Tests and Data Collection

The dataset in this article included not only voltage and current logs but also GPS
data, range, altitude, acceleration, aerial time, wind speed, etc. [17]. A total of 209 flights
were conducted in the study, and characteristics such as range and altitude were analyzed
for these flights. However, the SoH was not shared after each flight. In this article,
flights 92 and 129 were considered as having the longest range declared, and current and
voltage information was utilized. Based on these data, each current value discharged from
the battery was calculated to create a discharge algorithm. Using this algorithm, a test
methodology with 285 cycles was conducted on high-energy 18650 batteries. The discharge
algorithm, detailed in the supporting information, involved changing the current every
ten seconds, repeated approximately 167 times throughout the test. The dataset from these
285 cycles, comprising discharge currents, voltage readings, and capacity values, was then
used as input data for estimating the SoH by using machine learning techniques. In feature
engineering, firstly data samples are extracted with respect to cycle feature values from
1 to 285. Consequently, a histogram based on the current (A) feature is extracted to analyze
current values data distribution. Afterwards, a time-series analysis is conducted between
the relative time feature and the capacity (Ah) target feature to analyze how the capacity
feature values change over relative time feature values. Ultimately, a correlation matrix is
generated between the current and capacity features to better understand the relationship
information between capacity feature values and current feature values. Additionally, some
‘null” valued samples are separated from the data to provide cleaner data as an input to
the models.
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2.2. Machine Learning Techniques

This study explores the application of machine learning techniques, specifically classi-
cal regression models such as LR, Lasso, ElasticNet, and RR, to predict the SoH of UAV
batteries. These models were initially calibrated using comprehensive UAV operational
data to interpret battery aging and performance. Subsequently, Ensemble Learning meth-
ods such as Bagging, Boosting, and Stacking were employed to enhance SoH prediction
accuracy by combining predictions from multiple regression models. Evaluation metrics
such as Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) were used to
measure model accuracy, highlighting the reliability of the developed prediction models [7].

This study found that while model complexity might improve predictions, overly
complex models might suffer from decreased success rates, especially with complex Ensem-
ble Learning techniques, due to potential overfitting issues. The finding emphasizes the
importance of controlling complexity to maintain generalization ability and improve suc-
cess rates. The article discusses data collection, processing methods, and the integration of
factors such as temperature and cycle into SoH prediction models. It also evaluates model
performance using RMSE and MAE metrics and discusses limitations and future research
directions, including the development of new algorithms, diverse dataset experiments, and
improving the applicability of SoH prediction models in real-world conditions.

Finally, estimation of the battery capacity is the direct measure for determining the
SoH state of the battery. Consequently, as capacity decreases, SoH also decreases, which
shows the battery aging and degradation. Therefore, SoH estimation and evaluation are
intrinsically accomplished by performing the battery capacity estimation and comparing
the estimated battery capacity values with ground truth capacity values in the dataset with
the machine learning techniques and evaluation metrics mentioned above.

2.2.1. Linear Regression

LR in the context of cycle, current, and capacity for batteries is a statistical modeling
technique used to understand and predict how the number of cycles, the magnitude of
discharge current during cycles, and the resulting capacity of the battery are related [18].
LR with cycle, current, and capacity for batteries involves modeling the relationship
between these variables using a linear equation. The independent variables are cycle
and discharge current, representing the number of cycles and the magnitude of discharge
current, respectively. The dependent variable is capacity, indicating the amount of charge
the battery may hold. By collecting data on cycle currents and corresponding capacities
across multiple charge—discharge cycles, LR allowed us to determine the linear relationship
between these variables. The LR model provided insights into how changes in cycle and
current impacted the capacity of the battery. The resulting regression Equation (1) is given

as
Capacity = Bo + B1 X Cycle + By x Current + € 1)

where

e  Capacity is the battery’s capacity;

e  Cycle the number of cycles;

e  Current is the discharge current during the cycles;

e Py is the intercept, representing the capacity when the cycle current is zero;

e 1 and B, are the coefficients for cycle and current, respectively, indicating how they

influence capacity;
e ¢ is the error term.

This equation helps in predicting the capacity of the battery for different cycle cur-
rents based on the observed data. LR analysis is valuable for optimizing battery per-
formance, understanding degradation patterns, and designing efficient charging and
discharging strategies.
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2.2.2. Lasso Regression

Lasso regression is a method that applies L1 norm regularization to independent
variables in regression models to approach their coefficients towards zero. This method
reduces the complexity of variables in the model and sets the coefficients of insignificant
variables to zero, thereby creating simpler and more generalizable models. Lasso stands
for “Least Absolute Shrinkage and Selection Operator”, referring to its ability to shrink
coefficients while performing variable selection [19].

The main difference between LR (Linear Regression) and Lasso lies in Lasso’s inclusion
of a regularization term during model creation. LR aims to determine coefficients that
minimize the relationship between independent and dependent variables, whereas Lasso
additionally minimizes the sum of absolute values of coefficients. This additional term
makes Lasso more resistant to overfitting and enables it to build models with fewer vari-
ables. These characteristics make Lasso more advantageous, especially when the number
of variables exceeds the number of observations. Therefore, Lasso regression can be used
to select the most effective features from battery data and accurately predict SoH.

2.2.3. ElasticNet Regression

ElasticNet regression performs variable selection and regularization in regression
models by using a combination of both L1 and L2 norm regularization. This method
combines the variable selection advantages of Lasso with the performance in grouped
variables of Ridge regression. ElasticNet provides an effective solution, especially in
cases where features exhibit high correlation with each other. The model is optimized
with a penalty term that includes both the sum of squares of coefficients (L2) and the
sum of absolute values (L1), making the model resistant to overfitting and improving its
generalization ability [20].

Unlike Linear and Lasso regression, ElasticNet regression has a more robust modeling
structure against the multitude of variables and correlation problems among them, thanks
to its regularization terms. LR does not include regularization, so the problem of multi-
collinearity among variables may negatively impact the model’s accuracy. ElasticNet mini-
mizes these issues with regulatory terms, providing more stable and reliable predictions.

2.2.4. Ridge Regression

Ridge Regression (RR), applied to the context of cycle, current, and capacity for
batteries, involves using a regularization technique to enhance the stability and accuracy of
the LR model [14]. RR is a variant of LR that includes a regularization term to the ordinary
least squares (OLS) regression equation. In the case of cycle, current, and capacity analysis
for batteries, RR aims to model the relationship between these variables while addressing
potential issues such as multicollinearity and overfitting.

The RR Equation (2) with cycle current and capacity as variables is represented as

Capacity = Bo + B1 % Cycle + Ba x Current + € + )\Zl};l B (2)

where

Capacity is the number of battery’s capacity;

Cycle is the number of cycles;

Current is the discharge current during cycles;

Bo is the intercept;

B1 and B, are the coefficients for cycle and current, respectively;

€ is the error term;

A is the regularization parameter that controls the strength of regularization;

Zle ﬁiz is the sum of squared coefficients, excluding the intercept.

In our use of the RR method, the regularization term /\Zf’zl [3,2 was added to the
least squares equation. This term penalized large coefficients, preventing overfitting and
reducing the impact of multicollinearity in the model. The parameter A determines the
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extent of regularization, with higher values leading to greater shrinkage of coefficients.
By incorporating RR into the analysis of cycle, current, and capacity data for batteries,
we improved the model’s robustness, handled correlated predictors more effectively, and

produced more reliable predictions for battery performance.

2.3. Ensemble Modeling in Machine Learning

Ensemble methods in machine learning were designed to integrate predictions from
multiple base models to achieve an overall performance improvement. This approach was
used to enhance the model’s predictive ability for unknown data and to better generalize
learning on training data. The underlying motivation for using ensemble methods was
to optimize the balance between bias and variance by combining a set of weak prediction
models strongly, thus creating more accurate and reliable models. In this context, methods
such as the Random Forest algorithm excel by combining multiple Decision Tree models to

outperform a single Decision Tree [21].

Ensemble methods may be categorized into three main categories: Bagging, Boosting,
and Stacking. Bagging trains many base models independently and creates final predictions
by averaging their outputs. Boosting sequentially improves models and tries to correct
errors of previous predictions at each step, reducing the model’s bias. Stacking combines
predictions from different models, using them as input for the final model to generate final
predictions. Each method applies different strategies to enhance the model’s robustness
and performance on data, thus improving the model’s reliability and accuracy [22].

3. Results

3.1. Exploratory Data Analysis (EDA) Studies on the Dataset

In this study, datasets from two different flights named Flight 92 and Flight 129
were thoroughly examined. The data from both flights were evaluated separately using ex-
ploratory data analysis (EDA) techniques. The analysis process was designed to understand
the operational dynamics and potential anomalies specific to each flight.

The examined datasets contain ‘CYCLE’ numbers ranging from 1 to 285 for each flight,
representing different time intervals during the flights. In total, the examined dataset for
Flight 92 consists of 46,170 rows and 5 columns, and for Flight 129 it consists of 46,170 rows
and 5 columns as well. Figure 1 illustrates the frequency distribution of current values.
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Figure 1. The frequency distribution of current values: (A) Flight 92, (B) Flight 129.

The current values provided in Figure 1 were classified into different intervals ranging
from —5 amps to 0 amps. The shape of the histogram indicates that the majority of cur-
rent values are concentrated within specific intervals. Particularly, the frequency between
—3 and —4 amps shows the highest peak, with approximately 6000 observations within this
range for Flight 92, while for Flight 192, the peak frequency occurs near —4 amps. This dis-
tribution concludes with a second peak near -1 amp, where approximately 6000 frequency
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Current(A)

Capacity(Ah)

values were observed. On the other hand, lower frequencies were observed between
—1 and —2 amps intervals. The correlation matrix of the data is provided in Figure 2.
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Figure 2. Correlation matrix of (A) Flight 92 and (B) Flight 129.

The correlation matrix provided in Figure 2 represents the correlation coefficients
between current and capacity. These coefficients are shown as —1, indicating a perfect nega-
tive correlation between current and capacity. A perfect negative correlation indicates that
as one variable increases, the other variable decreases in equal proportion (Equation (3)).
This means that an increase in current corresponds to a decrease in capacity, or an increase
in capacity corresponds to a decrease in current. This correlation analysis is especially
helpful for further understanding the battery capacity degradation effect with respect to
the current (A) feature values, accurate SoH modeling, improving predictive maintenance,
and improving the accuracy for capacity prediction on models applied in this study.

Capacity(Ah) = Bo + B1 * Current(A) 3)

According to the correlation matrix, there is a strong negative relationship between
“Current (A)” and “Capacity (Ah)” (correlation coefficient of —1). In Equation (3), Capacity
(Ah) represents the battery capacity, while Current (A) refers to the current. By is the
intercept term, indicating the capacity value when the current is zero. B, on the other
hand, represents the slope of the relationship between current and capacity, and according
to the correlation matrix, this slope is negative.

In this case, the correlation coefficient of —1 implies that the value of 8; will also be
negative. This means that as the current increases, the capacity decreases, resulting in
anegative slope for the relationship. Therefore, a clear consistency can be observed between
the correlation matrix presented in Figure 2 and Equation (3).

3.2. Dataset Splitting

When examining the data from both flights, it was observed that there were no missing
values. The data were divided as shown in Table 1. The training set contains the data used in
the learning process of the model. Each observation contains two features (columns). These
features represent various dynamics and operational parameters of the flight. Training
the model on these data allowed the algorithm to learn from the flight data and generate
predictions that might be applied to future data. The “Holdout” set, on the other hand, was
a separate data group allocated to evaluate the performance of the model, which was not
used during the training process. This set was used to test how the model performed with
data it had not seen during training.
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Table 1. Dataset splitting values.

Flight 92 Flight 129
Training Set Holdout Set Training Set Holdout Set
30,934.2 15,237.2 30,934.2 15,237.2

3.3. Model Development

The process, starting with the preparation and preprocessing of the dataset, encom-
passed tasks such as standardization and normalization of the data required for training the
models. These steps are of critical importance to enable the model to learn more effectively
and make more accurate predictions. Subsequently, prediction models were developed
using various regression models and Ensemble Learning techniques. These techniques
included LR, Lasso, RR, and ElasticNet regression models. Each model was calibrated using
specific error minimization techniques and regularization methods. The hyperparameters
of the developed models are provided in Table 2.

Table 2. Model hyperparameters for LR, Lasso, ElasticNet and RR.

Model Hyperparameter Value
fit_intercept True
LR normalize False
Positive False
Alpha 0.0005
L fit_intercept True
asso random_state 42
max_iter 1000
Alpha 0.0005
ElasticNet 11_ratio 0.9
random_state 42
Alpha 2.0
RR fit_intercept True
Normalize False

In Table 2, for each type of model, the important hyperparameters and their values
are provided. For the LR model, the fit_intercept parameter was set to True, indicating that
the model would compute the intercept term. Additionally, the Positive parameter was set
to False, allowing coefficients to take negative values. For the Lasso Regression model, the
Alpha value was set to 0.0005, indicating the amount of L1 regularization applied in the
model. The fit_intercept was also set to True to compute the intercept term of the model.
The random_state was set to 42 to determine the randomness of the model, ensuring its
reproducibility. Moreover, the max_iter was set to 1000 to allow a sufficient number of
iterations during the fitting process of the model. In the RR model, the Alpha value was set
to 2.0, indicating the strength of the L2 regularization applied. The hyperparameter settings
of each model significantly affected its performance and generalization ability. Therefore,
the parameters were carefully selected and tuned.

Development of Ensemble Learning Models

Within the scope of the study, models were developed using regression models by
employing Bagging, Boosting, and Stacking methods [21]. In the Bagging process, a Bagging
regressor was built on top of a base estimator. The hyperparameters and regression models
used in developing Ensemble models are provided in Tables 3 and 4.
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Table 3. Model hyperparameters for bagging, boosting and stacking.

Model Hyperparameter Value Predictions

n_estimators 10
Bagging max_samples 1.0 LR, Lasso, ElasticNet, RR

bootstrap True
Boosting Table 4 Table 4
cv 5
Stacking passthrough True ElasticNet, RR, Gradient Boosting Regressor
final_estimator linear_regression

Table 4. Model hyperparameters for GBR, XGBoost and LightGBM.

Boosting Model Hyperparameter Value
n_estimators 3000
learning_rate 0.05
max_depth 4
Gradient Boosting Regressor (GBR) max_features Sqrt
min_samples_leaf 15
min_samples_split 10
loss Huber
colsample_bytree 0.4603
gamma 0.0468
learning_rate 0.05
max_depth 3
eXtreme Gradient Boosting Regressor (XGBoost) min_child_weight 1.7817
n_estimators 2200
reg_alpha 0.4640
reg_lambda 0.8571
subsample 0.5213
num_leaves 5
learning_rate 0.05
n_estimators 720
max_bin 55
Light Gradient Boosting Machine Regressor bagging_fraction 0.8
(LightGBM) bagging_freq 5
feature_fraction 0.2319
feature_fraction_seed 9
bagging_seed 9
min_data_in_leaf 6

In Table 3, the hyperparameters specified for three different Ensemble Learning
techniques—Bagging, Boosting, and Stacking—are provided. Key parameters and their
values for each technique, along with the summary of prediction models used with these
techniques, are outlined. For the Bagging method, the fundamental parameters were speci-
fied as n_estimators, max_samples, and bootstrap. The max_samples value was set to 1.0,
indicating that the maximum number of samples used for training each base estimator was
all samples. The prediction models used in this method were listed as LR, Lasso, ElasticNet,
and RR. The Stacking technique combined predictions from different prediction models to
produce final predictions through a new meta-model. The cv parameter represented the
number of folds used for cross-validation and was set to 5 in this case. The passthrough
parameter was set to True, allowing the original features of base estimators to be directly
passed through to the final predictor. LR was used as the final estimator, and predictions
made with this method utilized ElasticNet, RR, and GBR models. The parameters and
values specified for Boosting were provided in Table 5 in this table. Boosting was based on
the principle of sequentially improving weak predictors to build a strong model.
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Table 5. Comparison of the results of machine learning models.

Flight 92 Flight 129
Model
RMSE (%) MAE (%) RMSE (%) MAE (%)
LR 0.04 0.03 0.97 0.20
Lasso 4.56 341 4.32 2.98
ElasticNet 411 3.07 3.91 2.69
RR 0.04 0.03 0.97 0.20

4. Experimental Results

This section thoroughly examines experimental analyses and the results obtained from
evaluating the performance of different regression models. LR, Lasso, ElasticNet, and RR
models were utilized within the scope of this study. Each model was trained and tested
on appropriate datasets with predefined hyperparameters. RMSE and MAE metrics were
employed to measure model accuracy. The predictive performances of the models were
comparatively assessed.

4.1. Results of Machine Learning Techniques

During the analysis process, potential risks such as overfitting were considered along-
side the predictive capabilities of the models on real data. Specifically, it was observed
that the Lasso and ElasticNet regression models provided more stable results by reduc-
ing model complexity through regularization terms. Increasing the alpha parameter in
RR significantly influenced the model’s robustness and generalization ability, improving
its adaptation to different datasets. The results of the models developed using machine
learning techniques are provided in Table 5.

A performance evaluation conducted on four different regression models (LR, Lasso,
ElasticNet, and RR) is presented in Table 5. The results were measured on two different
flight datasets named Flight 92 and Flight 129. The LR and RR models exhibited signifi-
cantly low RMSE and MAE values for both flight datasets. These results indicated high
prediction accuracy and good fit of these two models to the data. The findings suggested
that the performance of models might vary on datasets from flights with similar charac-
teristics, emphasizing the importance of careful model selection based on flight attributes.
This analysis provided important insights into assessing the suitability and generalizability
of the model.

4.2. Results of Ensemble Modeling in Machine Learning

The findings obtained from applying ensemble modeling techniques in machine
learning and the performance of these approaches were examined. Ensemble modeling
aimed to improve overall prediction success by combining multiple prediction models.
These techniques worked towards balancing individual model errors and reducing issues
such as overfitting to provide more robust and reliable predictions. Within the scope of
this study, ensemble methods such as Bagging, Boosting, and Stacking were used, and the
effects of these methods on different datasets were analyzed comparatively. The results
obtained are provided in Table 6.

Table 6. Result of ensemble modeling in machine learning.

Flight 92 Flight 129
Model
RMSE (%) MAE (%) RMSE (%) MAE (%)

Bagging 2.20 1.64 2.22 1.46
GBR 0.14 0.03 0.67 0.10
XGBoost 24.17 19.87 24.42 18.36
LightGBM 1.21 0.23 1.73 0.65
Stacking 0.03 1.64 0.66 1.46
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The Bagging method aimed to reduce the model’s variance to achieve more stable
results, while Boosting focused on correcting errors of individual predictors and thereby
reduces the model’s bias in this process. The Stacking method, on the other hand, combined
predictions obtained from various models through a meta-regressor, ensuring the best
possible balance of these predictions. Each method offered different advantages for specific
data structures and types of problems.

The experimental results indicated that ensemble models generally provided predic-
tions with higher accuracy compared to individual regression models. Particularly in noisy
and complex datasets, the performance of ensemble methods was significantly superior
(Figure 3). Moreover, models obtained through the application of these techniques have
demonstrated better generalization ability on new and unseen data, enhancing the model’s
robustness. Figure 3 compares the performances of various machine learning models for
the 92nd and 129th flights with their RMSE and MAE values. The GBR and Stacking models
had the lowest error rates for both flights and provided the most accurate predictions. In
particular, the GBR model gave the most successful results with RMSE 0.14 and MAE 0.03
for the 92nd flight, while it also exhibited very low errors for the 129th flight. On the
other hand, the XGBoost model had the highest RMSE and MAE values for both flights
and showed the lowest performance compared to the other models. The Bagging and
LightGBM models also showed good performance with acceptable error rates.

Comparison of RMSE and MAE for Flight 92 and Flight 129
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Figure 3. Comparison of RMSE and MAE for Flight 92 and Flight 129.

Consequently, ensemble modeling techniques offered an effective strategy in manag-
ing model complexity and maximizing prediction success in machine learning projects.
These approaches optimized performance by striking a good balance between various
prediction models and leveraging the strengths of each model. The results showed that the
choice of hyperparameters and model selection played a crucial role in prediction accu-
racy. While each regression model offered different advantages for specific data structures
and prediction needs, comprehensive testing of these models allowed for the selection
of the most suitable model tailored to the application domain. This experimental study
provided valuable insights into the development of advanced modeling techniques and
the determination of the best model specific to the data.
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5. Discussion

This section evaluates the comparative performance of various machine learning
techniques applied to battery state estimation, as summarized in Table 7. This analysis
highlighted the relative effectiveness of different approaches. Such comparative informa-
tion with similar studies in the literature provided important insights to advance the field
of battery management systems by identifying the most promising methodologies and
areas for further research and improvement.

Table 7. Studies in the literature and model performances.

Reference Method * Chemistry Dataset MAE RMSE
[23] RLS 90 Ah LiFePOy4 OCYV, SOC, and temperature 1.8% 2.3%
CNN +
[24] GRU 1.3 Ah 18650 NMC Voltage, current, temperature 1.26% 1.54%
(FUDS)

Charge, NASA dataset, aging test,

[25] IB-ELM 2 Ah 18650 LiFePOy, 0.010-0.034 0.014-0.039
Voltage, current, temperature
[26] LSTM 2.9 Ah 18650 NMC Voltage, current, temperature 1.39% 1.7%
[27] GRU 2.3 Ah 26650 LiFePOy, Voltage, temperature 0.49% 0.64%
[28] DNN 2.3 Ah 26650 LiFePOy, Voltage, current, temperature - 3.68%
[29] SVR 2 Ah 18650 LiFePOy4 Oxford and NASA dataset - 3.62% and 2.49%
Proposed Ensemble 1.5 Ah 18650 NMC Voltage, current, discharge capacity 0.03% 1.64%

Method Modeling

* RLS: recursive least squares, CNN + GRU: convolutional neural network-gated recurrent unit, IB-ELM: improved
blinex-extreme learning machine, LSTM: long short-term memory, DNN: deep neural network, SVR: support
vector regression.

In Table 7, various machine learning models, ranging from simple regressions to
complex deep learning architectures, were evaluated for their accuracy in predicting the
SoH status of LIBs. The RLS method applied to the 90 Ah LiFePO, battery showed
reasonable accuracy with MAE and RMSE values of 1.8% and 2.3%, respectively. In
particular, the combined CNN+GRU model trained under the Federal Urban Driving
Schedule (FUDS) provided improved performance with lower error measures (1.26% MAE
and 1.54% RMSE). On the other hand, the performance of the DNN and Support Vector
Regression (SVR) models, although generally robust, exhibited higher RMSE values under
certain conditions, highlighting potential limitations in their adaptability or tuning.

Our proposed Ensemble Modeling approach, which combines multiple predictive
models to leverage the strengths of individual models, achieved an MAE of only 0.03 and
an RMSE of 1.64. This approach not only improved the prediction accuracy but also
provided robustness to various operating conditions and dataset variabilities, validating
the potential of ensemble methods in complex system predictions such as battery states.

The ensemble modeling techniques examined in this study, Bagging, Boosting, and
Stacking, were applied to different regression problems, and the performance of each
method was comprehensively evaluated. The results shed light on how these techniques
might impact the overall success of the model and when each technique should be preferred.
It was observed that the Bagging method is particularly effective in datasets with high
variance problems. This method increased sample diversity and ensured independence
among base predictors, thus minimizing the risk of overfitting. However, Bagging may
sometimes be insufficient in reducing bias, which may lead the model to make biased errors
in certain cases.

Boosting was used to improve weak predictors and correct sequential errors. While
this method balanced low bias and high variance, it might increase complexity in some
cases, leading to overfitting. Boosting was suitable for situations designed to manage
low bias and variance that needed improvement. Stacking optimized performance by
combining the strengths of various prediction models and integrating these predictions
through a meta-regressor. This approach maintained generalization ability while increas-
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ing model complexity and synergies obtained by combining various prediction models
enhanced overall prediction success. The application of Stacking might be highly effective
when correct parameters and predictors were chosen, but incorrect implementation might
complicate the model’s interpretability and practical applicability.

6. Conclusions

The in-depth analysis of ensemble modeling techniques discussed in this study demon-
strated how these approaches might be effectively used in various machine learning problems.
While Bagging, Boosting, and Stacking methods offered advantages in certain data structures
and learning scenarios, the challenges and limitations encountered during their application
were also considered. Stacking stands out, especially with a 0.03 and 0.66 RMSE performance.

The Bagging methodology was effective in improving overall performance by reducing
the model’s variance, particularly in variable datasets where it prevented overfitting,
but falls short in low bias problems. Boosting achieved noticeable successes, especially
when working with weak learners, by enhancing model accuracy through sequential
improvements, but carries risks of overfitting in complex data structures. Stacking created
a robust meta-model by integrating predictions from different models and achieved high
success rates through synergy from the combination of various prediction models.

In conclusion, the findings of this study shed light on the evolution of ensemble mod-
eling techniques and their future applications. It was expected that with the integration
of artificial intelligence algorithms, processes such as automatic adjustment of model pa-
rameters and dynamic model selection would be automated. The development of stronger
hybrid models through the combination of different ensemble techniques offers the po-
tential to achieve better results in complex data structures. The integration of ensemble
modeling approaches with deep learning frameworks requires more attention to their envi-
ronmental and ethical dimensions, especially regarding data privacy and algorithmic bias
issues. In conclusion, ensemble modeling techniques will continue to be a significant part of
ongoing developments and innovations in the field of machine learning. These techniques
play a critical role in optimizing model performance and producing generalizable solutions
on larger datasets, both in academic research and industrial applications.
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Abstract: Residential energy storage systems offer significant potential for price arbitrage by cap-
italizing on fluctuations in electricity prices throughout the day. This study investigates the po-
tential revenue from optimal battery scheduling for residential storage in different north-western
European electricity price zones during 2023. Using Nord Pool day-ahead prices, we applied
an optimization model to determine the revenue for two types of batteries: 5 kW /10 kWh and
10 kW /10 kWh. The analysis considered battery capacity, charging and discharging efficiency, and
maximum charge/discharge rates. Our results show notable variations in potential revenue across
different regions, with the Baltic states demonstrating the highest revenue potential. The findings
indicate that while 10 kW batteries can generate higher total revenue, 5 kW batteries are more efficient
in terms of revenue per cycle. These regional disparities underscore the need for targeted incentives
and policies to enhance the economic viability of residential energy storage. The research results
provide valuable insights into optimizing residential battery storage for price arbitrage, offering
guidance for consumers, policymakers, and energy providers to maximize economic benefits in

various electricity markets.

Keywords: battery scheduling optimization; price arbitrage; day-ahead electricity prices; residential
energy storage

1. Introduction

Price arbitrage is based on profiting by charging the battery during periods when
electricity prices are low and discharging the battery when prices are high. The greater
the price difference between peak and valley prices, the greater the economic benefit will
be. Electricity prices fluctuate during the day according to the so-called California “duck
curve” [1,2], where the x-axis represents hours and the y-axis represents the quantity
of electricity net demand. Fluctuations in electricity prices during the day depend on
the dynamics of electricity demand and supply. The integration of renewable energy
sources, such as solar and wind power plants, into the grid has a significant impact on
the variability of electricity prices. First peak demand is in the morning as consumers
wake up and businesses start. From the morning until midday, the net demand decreases
as solar production increases. The second demand peak appears in the evening as solar
energy production wanes due to the sunset. Energy storage is a notable way to flatten the
mismatch level of the overall load that emerges at high solar penetrations.

Based on information reported by Bloomberg in [3], cumulative residential energy
storage capacity to be installed globally in 2030 will reach 93 GW /196 GWh. Already, in
Germany and Italy, over 70% of new home solar systems have batteries attached. This
allows to shift the use of daytime generated solar power to the evening and night time.
Customers are concerned with installing residential batteries mainly for three reasons: a
desire to increase solar self-consumption, to reduce their bills, and to have backup power.
Self-consumption allows to reduce the grid load, especially at peak times, and thereby

Batteries 2024, 10, 251. https:/ /doi.org/10.3390/batteries10070251 122 https:/ /www.mdpi.com/journal /batteries



Batteries 2024, 10, 251

reduce the necessity of grid expansion. Changing policies from net metering to net billing
and reducing feed-in tariffs are other reasons to incline consumers to install residential
batteries and maximize self-consumption.

Energy prices are rising while installation costs of energy storage systems are de-
creasing. Bloomberg’s annual battery price survey finds a 14% drop from 2022 to 2023 [4].
Electricity customers can take advantage of price arbitrage by installing residential batteries
without solar power. This type of installation is good for power backup and resilience.

The study presented in [5] proposes two day-ahead battery-behavior-aware operation
scheduling strategies to maximize profitability and longevity in residential grid-connected
applications with dynamic electricity pricing. The strategy with alow charge/discharge rate
extends the battery lifetime but the profit is negative of —3 EUR/kWh/year. Strategies with
high and moderate charge/discharge rates resulted in positive profits of 8.3 EUR/kWh/year
and 9.2 EUR/kWh/year, despite having shorte-r battery lifetimes estimated at 10.1 years
and 13.6 years, respectively.

Four energy arbitrage strategies, including mirror arbitrage, back-to-back arbitrage,
and statistical-based operation strategy, are applied to determine the strategy with the best
performance for a BESS that would participate in the Colombian market [6]. A financial
evaluation shows that the income obtained from battery energy storage systems when only
performing energy arbitrage in the Colombian electricity market does not compensate for
the investment costs.

The economic viability of hydrogen storage and Li-ion batteries based on price arbi-
trage in the day-ahead Poland market is presented in [7]. The net present value for Li-ion
technology is significantly higher than for hydrogen but the results show that both tech-
nologies are unprofitable in the current price fluctuations and capital cost of the systems.

The study presented in [8] proposes a stochastic bidding approach for grid-level bat-
tery storage arbitrage profit maximization using day-ahead and real-time market prices.
Case studies show that profits using the MILP (Mixed Integer Linear Programming)
algorithm are higher than the LP (Linear Programming) algorithm. The profit of the
same capacity but lower power batteries is lower as the battery requires a longer time to
charge/discharge.

Increasing the penetration level of renewable energy poses challenges to the stability of
the power system [9,10]. The integration of the smart grid with renewable energy sources,
opportunities, and challenges are discussed in [11]. The advantages and disadvantages
of hybrid wind and solar energy integration systems are discussed in [12]. Wind power
plants cannot produce electricity when the wind is not strong enough and solar power
plants cannot generate at night or on a cloudy day. The opposite case is also possible
when, on windy or very sunny days, the amount of energy produced exceeds the net
demand. Battery energy storage systems provide a range of benefits and support functions
to the power grid, including frequency regulation, peak shaving operating reserves, and
others. Batteries can charge and discharge quickly, making them ideal for balancing the
grid on demand or production side. Balancing services can be differentiated into frequency
containment reserve (FCR), automatic frequency restoration reserve (aFRR), and manual
frequency restoration reserve (mFRR) [13]. The study presented in [14] proposes a two-stage
optimization technique to schedule batteries owned by commercial consumers through an
aggregator, considering energy arbitrage and peak shaving benefits at the consumer level
and the frequency regulation benefit at the grid level. Consumers have no possibility to
participate directly in the balancing services because the size of residential batteries is too
small; therefore, this is organized through an aggregator. The possibility to participate in
balancing services gives additional revenues for residential battery owners [15].

The economics for residential storage in Europe are often poor without incentives;
therefore, many governments subsidize consumer adoption of batteries. However, cus-
tomers lack good data on the actual potential revenue [3]. This paper provides a compara-
tive study of the potential revenue for residential battery price arbitrage in the different
north-western European power market electricity price zones of 13 countries. The revenue
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is obtained by using optimal battery scheduling during day-ahead prices in 2023. We used
5 kW /10 kWh and 10 kW /10 kWh batteries for optimal battery scheduling. The model
evaluates the battery capacity, charging, and discharging efficiency, maximum charging,
and discharging rate. The obtained results indicate the price zones with the highest and
lowest possible revenue and show the revenue and battery cycle differences between 5 kW
and 10 kW power batteries.

The remainder of this paper is organized as follows. Section 2 describes the day-
ahead prices in 2023 and the battery scheduling optimization model. Section 3 explains
the residential battery price arbitrage scenario and analyses the results by applying the
optimization model presented in Section 2. Section 4 provides the concluding remarks.

2. Materials and Methods
2.1. Energy Price Data

For the price arbitrage study, we used Nord Pool day-ahead prices in 2023 [16]. Nord
Pool is the north-western European power market covering 20 bidding zones in 13 countries.
Usually, the day-ahead prices are announced to the market at 12:45 CET or later. Knowing
the 24-h day-ahead prices makes it possible to build the optimal schedule for the battery
to maximize the revenue during this period. Table 1 summarizes the mean, maximum,
minimum, standard deviation, and total sum of day-ahead market prices of 21 zones
in 2023.

Table 1. Summary of the Nord Pool day-ahead prices in 2023.

EUR/MWh
Zone Country
Mean Max Min SD Sum, Thousand
AT Austria 102.14 437.47 —500.00 4438 894.76
BE Belgium 97.27 330.36 —120.00 45.87 852.08
DK1 b . 86.83 524.27 —440.10 48.82 760.60
DK2 enmar 81.25 524.27 —60.04 50.12 711.78
EE Estonia 90.79 777.18 —60.04 55.79 795.31
FI Finland 56.47 777.18 —500.00 56.71 494.65
FR France 96.86 276.12 —134.94 4553 848.46
DE-LU Germany-Luxembourg 95.18 524.27 —500.00 47.58 833.74
LV Latvia 93.89 777.18 —56.55 5455 822.51
LT Lithuania 94.44 777.18 —56.55 54.87 827.31
NL Netherlands 95.82 463.77 —500.00 49.05 839.36
NO1 66.95 332.00 —61.84 44.68 586.49
NO2 79.45 261.85 —61.84 36.29 695.95
NO3 Norway 38.55 332.00 —10.06 32.79 337.74
NO4 29.95 332.00 —10.06 26.21 262.34
NO5 67.05 261.85 —6.62 43.40 587.32
SE1 39.97 332.00 —60.04 34.17 350.15
SE2 Swed 39.98 332.00 —60.04 34.16 350.20
SE3 weden 51.70 332.00 —60.04 45.33 452.90
SE4 64.88 332.00 —60.04 50.64 568.34

Bold values highlight the highest values in a column.

The highest electricity mean price of 102.14 EUR/MWh was in Austria. Also, we see
that this corresponds to the highest total sum of all hourly prices per year: 894.76 thousand
EUR. The price range in the day-ahead market is limited to —500 (minimum) and 4000
(maximum) EUR/MWh. The highest electricity price, 777.18 EUR/MWh, was reached
in four zones (EE, FI, LV, and LT) at the same hour on 22 November 2023. It is worth
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mentioning that the absolute maximum of prices was reached on 17 August 2022 in the
Baltic region (EE, LV, and LT). That day, the price hits 4000 EUR/MWHh for one hour, even
after the activation of Lithuanian peak load reserves. The absolute price minimum was
spotted for two days in 2023. The first time, it was on Sunday 2 July 2023 and included
three zones: NL, AT, and DE-LU. High wind and solar generation coincided with low
demand. The second time, it was related to an electricity trading error. Kinect Energy sent
an incorrect bid for Finland for delivery on 24 November. Starting from 14:00 CET until
midnight, the price was at —500 EUR/MWh.

The European Clean Power Pathways Explorer by EMBER provides insights into the
energy landscapes of various European countries [17]. For example, Austria relies signif-
icantly on renewable energy, particularly hydroelectric power. The availability of water
for hydropower can fluctuate, leading to price variability. Belgium’s energy mix mainly
comprises nuclear and gas-powered generation. The Baltic states rely on imported energy,
contributing to higher price variability. Energy prices are affected by their interconnections
with neighboring markets and the integration of wind and solar power. Germany is un-
dergoing an energy transition to increase its share of renewable energy, particularly wind
and solar. A large portion of energy in Denmark comes from wind turbines. Wind power’s
intermittent nature leads to price fluctuations. France has a large nuclear fleet that helps to
stabilize electricity prices. Periods of maintenance or reduced nuclear output can cause
price spikes. The Netherlands is transitioning from natural gas to more renewable energy
sources. The integration of wind and solar power contributes to price variability. Finland’s
energy mix includes nuclear, hydro, and increasing wind power. Norway’s electricity
prices are influenced by its reliance on hydropower. Sweden'’s energy mix includes nuclear,
hydro, and increasing wind power.

The standard deviation (SD) shows the amount of variation about its mean price. We
can expect that a higher standard deviation indicates a higher potential revenue of price
arbitrage. But the standard deviation of the whole year’s prices is not a good indicator. As
prices are announced 24 h ahead, the optimal schedule of the battery can be built based
on this period; therefore, the better indicator would be the standard deviation of the day
prices. Figure 1 shows the boxplot of the standard deviation of day prices in 2023 ordered
from the highest to the lowest. Based on the values presented in Table 1, the highest and the
lowest prices were in Finland. The highest standard deviation was in Finland too. However,
by analyzing the standard deviation of day prices (Figure 1), the Finland zone is twelfth.
The highest standard deviation of day prices is in the Baltic region, positioning Estonia
first, Lithuania second, and Latvia third. Based on that, we can make an assumption that
revenue also will be the highest in the Baltic region. The exact revenue values of optimal
battery scheduling for price arbitrage are presented and discussed in Section 3.

A small deviation in electricity prices refers to a scenario where there is relatively
little fluctuation or volatility in electricity costs over time. This stability can offer several
advantages, particularly in the context of energy planning, investment, and consumption.
Predictable prices help in assessing the true cost of renewables versus conventional energy
sources. This facilitates the achievement of grid parity. Grid parity is the point at which the
cost of generating electricity from renewable sources becomes equal to or less than the cost
of purchasing electricity from the grid. The timing of reaching grid parity is closely related
to the price of electricity in a given country. Higher electricity prices make renewable
energy more competitive sooner, accelerating the achievement of grid parity. Conversely,
lower electricity prices can delay the integration.

The total sum reflects the cumulative cost of electricity over the year, indicating the
overall economic impact on consumers and industries.
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Standard deviation of day prices in 2023
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Figure 1. Standard deviation of day prices in 2023 by price zone.

2.2. Battery Scheduling Optimisation Model

The battery scheduling optimization model is based on models presented in [6,18—
21]. The main purpose of the implemented model is to determine the optimal battery
scheduling for the day-ahead prices. The model accounts for the battery capacity, charging
and discharging efficiency, maximum charging and discharging rate, initial charge state,
state of the charge, and discharge limit. The time resolution of the model is one hour.

2.2.1. Objective Function

The objective function (Equation (1)) seeks to maximize revenue from the price arbi-
trage over a day-ahead prices period, as follows:

MaximizeZ:tT:1 C(t) (Edis(t) — Echg(t))’ 1)

where ¢ is the time period of one hour, T is the day-ahead optimization period, C(t) is the
energy price at time period ¢, and E;s(f) and E g (f) correspond to the discharge and charge
energy at each time period t.

2.2.2. Constraints

A set of constraints are applied to keep battery operation within its physical limitations
during the optimization period.

The state of charge (SOC) of the battery at the time t depends on the previous state of
charge and the charging P, (t) and discharging Py;s(t) power, as shown by Equation (2). At
refers to time between t — 1 and t.

SOC(t) = SOC(t—1) + (Pchg(t) - Pdis(t))At, 2)

The charging and discharging power are also limited by the maximum allowed battery
charging and discharging rate (Reng jmax and Ryis_max) and battery capacity Begp:
Pchg(f) < Bcap’ Rchg_mux'lchg(t) ®3)

Pdis(t) < Bcap' Rdis_max'ldis(t) (4)
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where I, (f) and I;5(f) are binary variables used to ensure that the battery can only charge
or discharge at each time period f. It is constrained by Equation (5).

Ichg(t) + Idis(t) <1 ®)

The state of charge of the battery at each time period must be within its minimum and
maximum limits, as shown in Equation (6),

SOCpin < SOC(t) < SOChax (6)

The actual energy that is used to charge the battery until a specific SOC level or energy,
that is removed from the battery and sold to the grid depends on the battery efficiency. The
required energy to charge the battery from SOC(t — 1) until SOC(f) with efficiency 7 is
given by Equation (7).

_ AtPyg(t)  ASOC(t)

Ego(t) = 7
chg( ) Mehg Tehg )

The actual energy, which is sold to the grid when the battery state of charge decreases
by ASOC(t) with efficiency 1745, is given by Equation (8).

Egis(t) = AtPyis(t)nais = ASOC(t)114: ®)

3. Results

The potential revenue for residential battery price arbitrage in different north-western
European power market electricity price zones is obtained using two the same 10 kWh
capacity but different charge—discharge rate batteries. The first battery has 5 kW (0.5 C)
charge—discharge power. It takes two hours to fully charge this battery, which means
that the daily optimal battery scheduling plan requires at least two hours with the lowest
price. The situation is analogous to the discharge battery. Two hours with the highest
price are needed to discharge the battery to the minimum level of the specified state of the
charge (SOC).

We can make an assumption that the same capacity but 1 C rate battery gives more
revenue as the time needed to charge and discharge the battery is shorter. In this case, the
advantage is that the battery can be fully charged in an hour, i.e., at the lowest price and
fully discharged in an hour at the highest price.

In both cases, we use the following main battery parameters:
Capacity: 10 kWh;

Charging/Discharging power: 5 kW (for Case 1) and 10 kW (for Case 2);
Charging/Discharging efficiency: 95%;

SOC upper limit: 90%;

SOC lower limit: 10%;

Optimization scenario: max revenue.

3.1. Case Study with a 5 kW/10 kWh Battery

The revenue of price arbitrage with a 5 kW /10 kWh battery in 2023 is shown in
Figure 2. The highest revenue is in the Baltic region with the top 1 of 409.78 EUR in the
Estonian price zone and the top 2-3 with almost identical revenue in Lithuania and Latvia.
The lowest possible revenue is in Norway zone 4. Norway has five price zones where the
difference between the lowest revenue zone NO4 and the highest revenue zone NO2 is
2.6 times or 75.44 EUR per year. The similar situation is in Sweden where the SE3 zone
gives a revenue of 184 EUR compared to the SE2 zone with a revenue of 86.86 EUR. It can
be seen that the price zone revenues highly correlate with the standard deviation of day
prices. The Person correlation coefficient is equal to 0.99. But the correlation coefficient
between the revenues and standard deviation of the hole year prices is equal to 0.85. This
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shows that the standard deviation of day prices is a much better indicator of the possible
arbitrage revenue than the standard deviation of the whole year prices.

Revenue in 2023
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Figure 2. Price arbitrage revenue of a 5 kW /10 kWh battery in 2023.

The revenue of price arbitrage is a result of battery scheduling during the day. This
means that the battery goes through a certain number of charge and discharge cycles during
the day. The total number of battery cycles during the whole year is presented in Figure 3.
The mean number of cycles per year in all price zones is 523 or 1.4 cycles per day. We can
also see that a higher number of cycles does not necessarily mean a higher revenue. Norway,
NO2, with a lower number of cycles, gives higher revenue compared with Sweden’s SE1
and SE2 zones. The battery cycles of the Netherlands’ price zone are lower than in Finland’s
price zone but the revenue is 68% higher. It depends on the day-ahead price variation.
Bigger differences between the hourly prices give higher revenue at the end of the day. It is
also worth mentioning that the price difference should compensate for the charging and
discharging efficiency of the battery. The optimal battery scheduling model evaluates the
battery efficiency and charges or discharges the battery only when the revenue is positive.

Battery cycles in 2023
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Figure 3. Total battery cycles of a 5 kW /10 kWh battery in 2023.
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Revenue per battery cycle is presented in Figure 4. We can see that revenue per one
battery cycle in the Netherlands is very close to that in the Baltic states and is equal to
0.601 EUR, which is not the case comparing only the yearly revenue. Therefore, the revenue
per one battery cycle is a better criterion to compare the possible revenue of price arbitrage
in different price zones. The revenue per battery cycle divided by battery capacity gives
the revenue per battery cycle for 1 kWh, which allows to compare revenue of batteries with
different capacities. For example, the revenue of one battery cycle gives 1.8 cent/1 kWh in
Sweden zone 1 (SE1).

Revenue per battery cycle in 2023
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Figure 4. Revenue per battery cycle of a 5 kW /10 kWh battery in 2023.
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Making an assumption that revenue per one battery cycle will not change during all
of the battery lifetime and assuming that the number of battery cycles is equal to 6000,
then the total possible revenue of 5 kW /10 kWh battery in Estonia will be 3774 EUR and
only 738 EUR in Norway zone 4 (NO4). The revenue differs more than 5 times. It should
also be noted that this revenue does not include taxes on electricity distribution, fixed
periodic electricity supplier taxes, power cost, and others, which are different in different
price zones.

3.2. Case Study with 10 kW/10 kWh Battery

The 10 kW /10 kWh battery can be fully charged or discharged in one hour. This
gives an opportunity to take advantage of cases when there is only one hour during a
day with the lowest or highest price. The 5 kW /10 kWh battery needs two hours in a
row with the lowest and the highest prices to be charged and discharged to achieve the
maximum revenue.

Figure 5 shows the revenue increase of 10 kW power battery compared to a 5 kW
battery. The highest revenue increase of 11.6% is in Finland’s price zone and the lowest,
with 6.14%, is in Germany-Luxembourg. The average increase in all price zones is 7.98%.
The biggest monetary increase is in Latvia and is equal to 52.53 EUR and the smallest one is
only 3.87 EUR in Norway zone 4 (NO4). The average monetary increase in all price zones
is 20.68 EUR.
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Figure 6 illustrates the percentage increase in total battery cycles when using a 10 kW
power battery instead of a 5 kW power battery. The data show that on average, the
10 kW battery results in a 9.38% increase in battery cycles across various price zones.
This increase is greater than the corresponding revenue increase, indicating that although
the 10 kW battery is cycled more frequently, the revenue per cycle decreases on average
(Figure 7). The highest revenue increase per one battery cycle using 10 kW power battery
is in the Netherlands (0.0124 EUR) and in Austria (0.0123 EUR). The highest decrease of
—0.0212 EUR is in the Estonia price zone and in Latvia —0.0180 EUR. In Norway zone 2
(NO2), there is no difference between using 10 kW or 5 kW power battery. Prices zones
where the increase in cycles does not correspond to a substantial increase in revenue
indicate inefficiencies in the use of the higher power battery.
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Figure 6. Total battery cycles increase by using a 10 kW power battery compared to a 5 kW power battery.
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Revenue per battery cycle in 2023
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Figure 7. Revenue per 10 kWh battery cycle by using a 10 kW power battery compared to a 5 kW
power battery.

The comparative analysis of results reveals that the economic viability of residential
energy storage for price arbitrage varies significantly across different north-western Eu-
ropean electricity price zones. The 10 kW power batteries generally result in higher total
revenue but not necessarily higher revenue per cycle, indicating a trade-off between battery
usage and efficiency. Regions with significant price fluctuations, like the Baltic states, offer
the best opportunities for maximizing revenue through optimal battery scheduling. Con-
versely, areas with smaller price variations may see less benefit from higher power batteries,
underscoring the need for targeted policies and incentives to enhance the economic appeal
of residential energy storage systems.

4. Conclusions

This study provides a comparative analysis of the potential revenue from residential
battery price arbitrage across different north-western European power market electricity
price zones. By employing optimal battery scheduling during the day-ahead prices of 2023,
we evaluated the performance of 5 kW /10 kWh and 10 kW /10 kWh batteries. The results
reveal significant differences in potential revenue among various price zones, highlight-
ing both the opportunities and challenges associated with residential energy storage in
the region.

The analysis identified specific price zones with the highest and the lowest potential
revenues from battery arbitrage, as follows:

e A 5kW/10 kWh battery gives the highest revenue in the Baltic region with the top 1 of
409.78 EUR in the Estonian price zone and the top 2-3 with almost identical revenue
in Lithuania and Latvia;

The lowest possible revue is in Norway zone 4 (NO4);

The mean number of cycles per year in all price zones is 1.4 cycles per day;

The 10 kW battery results on an average 7.98% increase in total revenue across various
regions. The average monetary increase in all price zones is 20.68 EUR;

e The findings indicate that while 10 kW batteries can generate higher total revenue,
5 kW batteries are more efficient in terms of revenue per cycle.

This study provides insights into the economic performance of residential battery
storage price arbitrage in different north-western European electricity markets. The method-
ology and results can guide future studies and inform consumers and energy providers on
optimizing residential energy storage for maximum economic benefit. As future work, we
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plan to analyze battery scheduling strategies when battery storage is coupled with a PV
generation system.
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Nomenclature

Zone Definitions Description

AT Austria

BE Belgium

DK1 Denmark

DK2 Denmark

EE Estonia

FI Finland

FR France

DE-LU Germany-Luxembourg

LV Latvia

LT Lithuania

NL Netherlands

NO1 Norway

NO2 Norway

NO3 Norway

NO4 Norway

NO5 Norway

SE1 Sweden

SE2 Sweden

SE3 Sweden

SE4 Sweden

Symbols Description

t Steps of time

At Duration of time period t, 1 h

T Day-ahead optimization period, 24 h

C@) Energy price at time period t, EUR/kWh
Egpe(t) Charge energy at each time period f, kWh
E4is(t) Discharge energy at each time period t, kWh
Pepe(t) Charge power at each time period ¢, kW
Pjis(t) Discharge power at each time period t, kW
Reng_max Maximum charging rate

Ruis max Maximum discharging rate

Beap Battery capacity, kWh

Leng(t) Binary variable indicating that battery is charging
Liis(t) Binary variable indicating that battery is discharging
SOC(t) State of charge of the battery at the time f, kWh
Neng Battery charge efficiency, %

Ndis Battery discharge efficiency, %
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Abstract: As batteries become widespread applications across various domains, the prediction of
battery cycle life has attracted increasing attention. However, the intricate internal mechanisms of
batteries pose challenges to achieving accurate battery lifetime prediction, and the inherent patterns
within temporal data from battery experiments are often elusive. Meanwhile, the commonality
of missing data in real-world battery usage further complicates accurate lifetime prediction. To
address these issues, this article develops a self-attention-based neural network (NN) to precisely
forecast battery cycle life, leveraging an attention mechanism that proficiently manages time-series
data without the need for recurrent frameworks and adeptly handles the data-missing scenarios.
Furthermore, a two-stage training approach is adopted, where certain network hyperparameters are
fine-tuned in a sequential manner to enhance training efficacy. The results show that the proposed
self-attention-based NN approach not only achieves superior predictive precision compared with
the benchmarks including Elastic Net and CNN-LSTM but also maintains resilience against missing-
data scenarios, ensuring reliable battery lifetime predictions. This work highlights the superior
performance of utilizing attention mechanism for battery cycle life prognostics.

Keywords: battery cycle life prediction; self-attention mechanism; neural network; missing data

1. Introduction

Recent years have seen a significant focus on battery degradation and its impact on the
operational lifespan of energy storage systems. As the demand for reliable and efficient en-
ergy storage solutions grows, accurate prediction of battery cycle life has become paramount.
Batteries, being crucial for a myriad of applications from portable electronics [1,2] to electric
vehicles [3-5], energy storages [6,7], and renewable energy systems [8-10], suffer from degra-
dation influenced by a complex interplay of physical, chemical, and environmental factors.
These complexities pose a substantial challenge for accurately modeling and predicting
battery performance over time.

Researchers have been dedicated to extending battery lifespan and enhancing system
performance by exploring various methodologies for predicting battery cycle life. Tradi-
tional methods typically rely on empirical models that may oversimplify and thus fail to
contain the complex dynamics of battery behavior. More sophisticated approaches such as
model-based approaches can capture more intricate details but often at the cost of computa-
tional intensity and the need for battery’s physical and chemical property information due
to the complex electrochemical nature of the modeling [11]. The development of battery
models has been critical in this endeavor, with a pioneer work on the electrochemical
model (ECM) by Newman and Tiedemann [12]. The ECM, evolving through time, provides
a comprehensive description of battery properties due to its modelling capabilities [13].
This enables researchers to accurately estimate the state of health (SOH) and predict the
remaining useful life (RUL) of batteries [14]. Additionally, the ECM has been enhanced
with thermal models to account for phenomena such as solid electrolyte interface (SEI)
layer growth—a key indicator of battery degradation [15]—furthering the precision of life-
time prediction methods [16]. The pseudo-two-dimensional (P2D) model [17], a prominent
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ECM variant, applies porous electrode theory principles, focusing on the order reduc-
tion and simplification of kinetic equations [18], and also serves as a competitive model
for SOH estimations [19]. This model has been utilized by researchers such as Ashwin
et al. [20] to simulate battery aging processes, incorporating temperature effects and SEI
layer thickness and thereby modeling battery capacity fade under cyclic loading conditions.
Innovations have continued with variants such as the single-particle model (SPM) [21],
the simplified P2D model [17], the improved SPM model [22], and the reduced-order
model (ROM) [23-26]. For instance, Parhizi et al. [27] investigated the SEI layer develop-
ment using the SPM model to understand capacity degradation under various operational
conditions, aiming to predict capacity fade.

Concurrently, machine learning methods have surfaced as potent alternatives, harness-
ing data-driven insights to capture hidden patterns within battery performance data [28].
These techniques range from regression-based algorithms and ensemble methods to re-
current neural networks (RNNs), which are particularly adept at capturing temporal
dependencies. Severson et al. [29] leveraged the elastic net (EN) regression to predict
battery cycle life based on early cycle charging and discharging characteristics, using
features derived from voltage, capacity, temperature, and internal resistance as machine
learning inputs. Zhang et al. [30] also achieved battery lifetime predictions based on feature
construction, where the physical features were namely ECM parameters. In addition, Hong
et al.’s approach [31] to predict a battery’s RUL using voltage curve data from only a
few early cycles included the use of dilated convolutional neural networks (CNNs) to
handle the time-sequential voltage data and implicit sampling to gauge the neural net-
work’s output uncertainty. Thelen et al. [32] also focused on RUL prediction while using
various data-driven methods, including EN or random forest, to enhance the predictive
performance of an empirical capacity fade model implemented by a Gaussian process (GP)
model. Nubhic et al. [33] utilized the support vector machine (SVM) for the diagnosis and
prognostics of battery SOH and RUL, taking into account the influence of environmental
and load conditions. Considering the usage of fully discharged voltage and internal resis-
tance, Tseng et al. [34] built a regression model for SOH estimation and RUL prediction that
incorporated particle swarm optimization for optimal parameter determination. Mansouri
et al. [35] and Guo et al. [36] expanded the suite of regression techniques, implementing
algorithms like LASSO, multi-layer perceptron (MLP), support vector regression (SVR), and
gradient boosted trees (GBT) for RUL prediction, with some even incorporating Bayesian
methods for managing uncertainty. Neural networks have also been pivotal, with studies
by Khumprom et al. [37] and Ren et al. [38] employing deep neural network (DNN) struc-
tures including autoencoders for feature extraction, while Zhang et al. [39] utilized RNNs
to capture capacity degradation patterns. Meanwhile, the model-based and data-driven
methods can also be combined together to achieve SOH and RUL prediction, where these
types of methods are commonly addressed as grey box modeling [40]. For example, Thelen
et al. [32] proposed a framework where various machine learning methods, including
EN, random forest (RF), GP, and neural networks (NNs), were employed to correct and
enhance the predictive performance of an empirical model in the context of RUL prediction.
Liao et al. [41] raised another method fusion framework where a particle filter model was
assisted by two data-driven methods to measure the internal state of the model and predict
future measurements, eventually predicting the RUL of batteries.

Model-based approaches are recognized for their detailed simulation of battery be-
haviors, providing explicit models of internal processes that accurately represent battery
dynamics. On the other hand, data-driven methods have garnered acclaim for their data
processing capabilities, yielding impressive predictive accuracy even in the absence of
intricate domain-specific knowledge. Nevertheless, the sequential nature of data hidden
in battery experiments poses a significant challenge; the above-mentioned methodolo-
gies have yet to surmount the complexity and non-linearity embedded within the data
sequences. Notably, RNNs have been employed to handle temporal sequences in many
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researches [39], although this advantage often entails high computational demand or a
compromise in prediction precision.

In the domain of natural language processing (NLP), a groundbreaking concept known
as the self-attention mechanism has been introduced with noteworthy success. Initiated
by A. Vaswani et al. [42] to address translational intricacies, the attention mechanism
shows a great capability for dealing with serial data without recurrent structure, reduc-
ing the complexity of networks and calculation burden. The self-attention mechanism
outperforms conventional RNNs with two merits: its capability for parallel computation
of temporal sequences, markedly accelerating operational throughput, and its intrinsic
proficiency in maintaining focus across long-time series, overcoming the fundamental
limitation encountered in traditional RNN architectures.

Meanwhile, the issue of missing data is a prevalent concern in real-world sequential
data, and its occurrence can introduce unpredictable disruptions to model training and
evaluative processes. To tackle the challenge of data loss, various methods have been
proposed in the literature. For example, Severson et al. [43] introduced a method employing
expectation maximization and sparse discriminant analysis for high-dimensional datasets,
training classifiers across varying patterns of missing data. Complementary to this, PCA-
based techniques have also shown promise in addressing data insufficiencies [44]. Jeong
et al. [45] tackled fairness in model training amid absent values, devising a fair mixed-
integer programming (MIP) forest algorithm based on decision trees with the missing
incorporated in attribute (MIA) technique [46], while Chen et al. [47] integrated a multi-
head self-attention mechanism within a variational auto-encoder (VAE) network for the
industrial soft-sensing problem with missing data, and the best method could satisfy the
requirements of high precision in complex industrial processes. Additionally, Wu et al. [48]
applied an attention-based AimNet structure for data imputation and data cleaning issues,
and Yu et al. [49] proposed a novel network structure consisting of convolution modules and
an attention module, along with a specially designed loss function, successfully improving
the performance for the consecutively missing seismic data reconstruction problem.

In the context of battery life prediction, where the intricacies of temporal correlations
and the varying importance of attributes are decisive, the ability of the attention mech-
anism to spotlight pertinent information holds substantial promise. However, there are
still few studies focusing on the application of the self-attention mechanism on battery life
prediction [50]. By effectively capturing the interplay between attributes and their tem-
poral progression, the attention mechanism presents an opportunity to elevate prediction
accuracy. Building on the progress made in attention-based models and the growing recog-
nition of their potential in capturing temporal dependencies, this study introduces a novel
application: the integration of the attention mechanism into neural networks for battery
life prediction, where we combined the calculation of attention value and typical fully
connected networks together to enhance battery life forecasting. To enhance the predictive
performance of the attention network during training, a two-stage training approach was
employed, where some hyperparameters of the network need to be tuned between the
training stages. Moreover, this study delves into the attention mechanism’s innate capacity
to handle missing data, examining its efficacy under different data-missing possibilities
across three distinct data-loss patterns: random missing, cycle missing, and time-step miss-
ing. The results demonstrate the attention mechanism’s exceptional predictive performance
under varied data-missing scenarios and various degree of data missingness.

The remaining sections of this paper are outlined as follows. Section 2 elaborates on
the principles of the self-attention mechanism and its deployment in contexts of data-loss
scenarios. Section 3 details the used dataset and the categorization of data missingness,
and then Section 4 presents the predictive results for battery cycle life under different data
conditions. Finally, Section 5 provides the conclusion of the work.
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2. Methods
2.1. The Self-Attention Mechanism

Denote X = [x], x5, ..., x{]T as the input sequence, and x] = [xj1, Xj2, ..., Xim],
where L is the sequence length, and m = dj,qel is the dimension of the input sequence.
The calculation of attention mainly involves three aspects, i.e., query Q, key K, and value
V, derived by Q = XWR, K = XWK, v = XWV, where WS, WK, WV are the weight
matrices with the dimension of dpogel X dQ, dmodel X dg, and dmogel X dy, respectively. As
the requirement of the calculation, dg = dk should hold, and dx = dy is a common setup
in practical applications similar to our work.

Given the Q, K, V, the calculation of self-attention can be obtained by (1). As the

(%) part is a square matrix, the SoftMax operator is applied on each of its rows.
Attention(Q, K, V) = SoftMax <QKT> 14 1)
o vk

Inspired by the idea of attention, multi-head self-attention is more popular and more
capable in practical applications, where different heads can focus on different parts of
the input sequence, covering important portions as much as possible. The calculation of
multi-head self-attention mainly consists of a concatenation of attention heads and a linear
transformation, as shown in (2):

MultiHead(Q, K, V) = [head, heady, . ..,headh]WO )
where head; = Attention (X Wl-Q, X WiK, X WZ.V> 2)

In addition, to emphasize location information, positional encoding is adopted before
calculating the attention value. As a common choice in practice, we use sine and cosine
functions for the positional encoding in the work, as shown in (3):

PE(pps, 2i) = sin (pos/lO, OOOZi/dmodel)

. ®)
PE (s, 2i11) = €O (pos /10,000%/ dmodel)
where pos represents the position, and 7 indicates the dimension of input.

After the multi-head self-attention has been calculated, a fully connected network is
employed to reduce dimension and obtain the target output. The overall structure of the
entire attention-based network is described in Figure 1.

g 2 B i
W Loxd,
r—L’ O -
Wi £ xdy Lxdy
y K head;—
Lxdy
Wy 7,
L% dadel L% dmoel
X—+ : : W2 Multi-Head _ | |
[ Self-Attention
Positional
Encoding

2\
Attention Module Fully-Connected Module

Figure 1. The structure of the attention-based network. The arrows indicate the data flow and the
blue circles represent the general neurons in the network.
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2.2. Handling Missing Data with the Self-Attention Mechanism

Within the domain of sequential data analysis, the self-attention mechanism has
emerged as a cornerstone for capturing contextual relationships. Its innovative deployment
in the face of missing data further underscores its versatility. In real-world datasets, where
incomplete data are commonplace, the self-attention mechanism showcases its inherent
adaptability to these challenges. Under the data-missing condition, the affected positions
in the data input X will be set to zero, yet their positional encoding preserves the location’s
informational context. Particularly in the context of self-attention, where queries, keys,
and values are derived from the same input sequence, the mechanism’s intrinsic similarity
computation and attention weight allocation process exhibit a degree of adaptability that
can accommodate partial data availability.

In the case of missing data within self-attention, the absence of values at specific
positions—manifested as random zeros within the input X—directly affects their influence
on the similarity calculations between queries and keys. Denote the data input with missing
values as X’; then, the query, key, and value can be articulated as Q' = (X’ + PE)W<, K’ =
(X' + PE)WK, and V' = (X’ + PE)WV, respectively. While missing values do not disrupt
the attention values’” computation, the resultant attention scores inherently reflect the
data’s absence and maintain positional context, as depicted in Figure 2. Consequently,
the mechanism intuitively assigns greater attention weights to the present data, ensuring
that the calculated scores naturally diminish the impact of any missing elements, thereby
implicitly moderating the undue emphasis on missing values. This intrinsic modulation
of attention allows the model to concentrate on the segments of data that are available,
resonating with the fundamental principle of the self-attention mechanism to prioritize
segments enriched with information.

-
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Attention distribution
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Attention net

Figure 2. The self-attention mechanism for handling data missingness. When sequences with missing
data (the pattern with red crosses) are fed into the network along with positional encodings, the
attention-based network retains its original computational structure but adapts its self-attention
values computation in response to the missing data, consequently altering attention distribution
across different positions, thereby autonomously handling missing data scenarios.

Leveraging the attention mechanism to handle time-series data suffering from random
losses presents several advantages. Its inherent adaptability to missing data scenarios is
particularly notable, as it dynamically recalibrates significance to the intact portions of
data, adeptly bridging the voids left by absent values. This flexibility ensures the model’s
predictive performance remains robust, even when confronted with incomplete sequences.
Additionally, the attention mechanism’s ability to selectively emphasize informative seg-
ments while minimizing the impact of missing or noisy data facilitates the extraction of
pivotal patterns and dependencies, ultimately enhancing prediction accuracy.
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2.3. Training Process

Overtfitting poses a significant challenge in network training. To avoid the overfitting
issue, our approach incorporates a two-stage training methodology, as illustrated in Figure 3.
This strategy involves distinct settings for the regularization coefficient and batch size
in each stage. Initially, the training commences with a smaller regularization coefficient
and a reduced batch size for a duration of 50 epochs. The network parameters are then
preserved at the point where the training error reaches its minimum during this initial
phase. Before the second stage, the division of the dataset into training and validation sets
is re-randomized. The subsequent stage of training proceeds from the previously saved
network parameters, now employing an increased regularization coefficient and a larger
batch size. This two-stage technique for training enables the network to learn with enhanced
precision while effectively preventing overfitting.

Smaller regularization coefficient parameters

Training stage 1 e . ; oy | | .| .| Optimal
[ Self-Atention - o

Encoding

Atientrm Module Fully-Coanected Modade

Training stage 2

Larger regularization coefficient

onliiend | | ol e
Sell- Adtention .

ey

| Model output

Training set

Validation set

L

Ancutin Meduly Fully-Connecied Modak:

| Test set I Test l

Figure 3. Flowchart of the two-stage training process.

3. Description of Dataset and Data-Missing Patterns
3.1. Dataset and Input Data Construction

This work utilizes the dataset referenced in [29], which comprises 124 commercial high-
power LEP/graphite battery cells, each with a nominal capacity of 1.1 Ah and a nominal
voltage of 3.3 V. These cells underwent cycling tests under varying constant current-constant
voltage (CC-CV) charging protocols with several different charging rates while maintaining
a constant environment temperature of 30 °C within experimental chambers. The CC stage
of the charging process featured C rates ranging from 2 C to 6 C across different SOC
intervals. Upon reaching 80% SOC, a CV stage ensued until the completion of the charging
process. For discharging, all cells underwent another CC-CV discharge process at a rate of
4 C down to 2.0 V, with a current cutoff of C/50. Under such cycling tests, the lifespan of all
batteries ranged from 148 to 2233 cycles.

Standard practice in battery cycling experiments involves the recording of several
parameters in each cycle, including time, current, voltage, charging capacity, discharging
capacity, and temperature, as depicted in Figure 4a—e. Recognizing the significance of
the interplay among capacity, temperature, and voltage in battery analysis, we further
computed the scaled discharging capacity and discharging temperature through fitting
and interpolation against the voltage curve, as shown in Figure 4f,g. In addition, to obtain
deeper insights from the cycling data, we derived the gradient of discharging capacity in
relation to voltage (Figure 4h), i.e., the cycle-wise incremental capacity of the cells. In total,
nine attributes of battery cycling data are employed in our work.
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Figure 4. The contents of input data. (a) Current. (b) Voltage. (c) Temperature. (d) Charging capacity.
(e) Discharging Capacity. (f) Discharging capacity variation against voltage. (g) Temperature variation
against voltage. (h) Incremental capacity. The different line colors indicate different cycles of the
displayed battery cell.
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To optimize the utilization of sequential data from the cycling experiments, we adopted
a unique structure for input data, diverging from conventional intuitive input formats, as
illustrated in Figure 5. Our input construction (as depicted in Figure 5a) involves vertically
concatenating the nine attributes to form an extended array for each cycle, while the hor-
izontal dimension represents the different cycles. The principal benefit of this structured
approach is the strategic reconstruction of the matrix’s dimensions, coupled with a reduc-
tion in its length. This effectively mitigates the computational demands, particularly in the
subsequent phases of attention calculation, ensuring a more efficient processing workflow.

\9\ \‘i’:» \‘;j \@'@
N L data attributes
 —— — E—————————— —
time see cycle 1 s
current see cycle 2 e
data )
attributes yclodt e
—_ = = = — — . . . —
(a) (b)

Figure 5. The structure of input data. (a) The input structure used in this work. (b) The intuitive
input structure.

3.2. Addition of Missing Data

This work primarily investigates scenarios involving data loss [43]. We consider three
different patterns of missing data: random missing, cycle missing, and time-step missing,
which is illustrated in Figure 6. Random missing drops data points in a completely random
manner, while cycle missing and time-step missing drop data points by entire columns or
rows, reflecting real-world instances of data loss in specific cycles or at particular time steps.

In addition, it is important to note that while the attention mechanism inherently
possesses the ability to adjust to missing data, this capability is inversely related to the
extent of the data gaps. To maintain the balance during training and ensure the effectiveness
of the mechanism, we set the dropout probability at a default of 0.01, with an upper
limit of 0.1 under any circumstances. This approach enables us to systematically evaluate
the robustness of the attention mechanism across different levels of data missing while
preventing excessive data loss that could compromise the model’s performance.
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Figure 6. Examples of the various types of data missing [43]: (a) random missing, (b) cycle missing,
and (c) time-step missing.

4. Results

To measure the predictive performance of the attention-based network approach, the
metrics of average percentage error (APE) and root mean square error (RMSE) are used in
this work, which is defined as follows:

1 lyi — 1l
APE= =) I ML JH 4
plist )
and
1 N
RMSE = |/ 1Y - 1) ®)

where y; is the observed cycle life, and #; is the predicted cycle life.

The prediction results of the proposed method, in scenarios without data missing,
are displayed in Figure 7, wherein the conducted battery lifetime prediction using the
initial 20, 50, and 100 cycles, respectively, is shown. As can be seen from the results in
Figure 7, the cycle life predictions in all three conditions are relatively accurate (i.e., close
to the ideal prediction line, represented by the black solid line in the figures), with the
test APE of 13.02%, 10.59%, and 15.16%, respectively. In addition, compared to the results
presented in [29], it is evident that our approach effectively addresses the challenge of
outliers, showcasing enhanced predictive accuracy and reliability.
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Figure 7. The prediction result of the proposed attention-based network approach by using different
cycles of battery data without data missing: (a) 20 cycles, (b) 50 cycles, and (c) 100 cycles.
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Additionally, we conducted an analysis to examine the impact of altering the num-
ber of cycles utilized for lifetime prediction, with the findings showcased in Figure 8. As
demonstrated in Figure 8, utilizing the first 50 cycles for prediction obtains the optimal
performance, where the average test APE of ten different dataset splits reaches 9.34%. In
contrast, employing either fewer or more cycles results in increased APEs. The reason
for this phenomenon is that a lower number of cycles may lead to underutilization of the
network’s capacity to process available information, and the lack of information may also
deteriorate the performance. Conversely, an excessively high cycle number can introduce re-
dundant data, potentially impeding the network’s training efficiency and overall predictive
performance. This balance highlights the importance of selecting appropriate information
to achieve optimal prediction accuracy when solving battery lifetime prediction problems.

| | | | | | | | |

10 20 30 40 50 60 70 80 90

Number of cycles used

Figure 8. The violin plot for the influence of using different number of cycles. Under each number,
10 different splits of train/valid/test datasets were conducted. In the figure, the bold lines represent
median APE values, the boxes represent quartiles of the APE values, and blue dots represent mean
APE values with the red line connecting them, and the blue areas represent the probability distribution
of the APE values.

Therefore, we opted to use 50 cycles of battery data to examine how the attention
network performs under different scenarios of missing data, including random missing,
cycle missing, and time-step missing. The results of this analysis are detailed in Table 1.
Notably, the attention network exhibited exceptional stability in scenarios characterized by
cycle missing. In such cases where data points were consecutively absent in a cyclic pattern,
the attention mechanism demonstrated its resilience, effectively preserving its capability
to discern relationships within the data sequence, notwithstanding these gaps. The result
highlights the mechanism’s ability to adapt to predictable patterns of data gaps.

Table 1. Model metrics for different data-missing types.

APE (%) RMSE (Cycles)
Train Validation Test Train Validation Test
Random missing 94 10.8 11.3 82 119 104
Cycle missing 8.8 9.3 10.3 77 102 100
Time-step missing 9.8 9.8 11.1 80 108 99
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On the other hand, in scenarios characterized by random missing data and time-step
missing data, the attention network’s performance closely approached its full potential.
Despite the unpredictability and challenges associated with the two types of data absence,
the network effectively leveraged the available information, maintaining a considerable
level of predictive accuracy.

These findings shed light on the adaptability and robustness of the attention network
across various scenarios of data absence. Its consistent performance in cycle-missing scenar-
ios and substantial resilience in situations of random missing data and time-step missing
data underscore its capability to handle patterns of missing data effectively. The overall
capability of the attention mechanism in lifetime prediction demonstrates its versatility
and potential in diverse data conditions.

To benchmark the performance of our method under conditions with data missing, we
also conducted validations against several other methods from existing literature, specifically
focusing on the cycle-missing scenario. The results of these comparative tests are presented
in Table 2. As the method described in [29] solely utilizes the 2nd and 100th cycles of battery
data for feature construction, the replication of its result did not incorporate scenarios of
data missing. Instead, the basic performance of this method was used as a benchmark
for comparison. The findings indicate that, under identical conditions of missing data,
our proposed attention-based method demonstrates superior adaptability and enhanced
predictive performance compared to the alternatives. This further validates the efficacy of
the proposed attention-based network approach in predicting battery lifetime, particularly
in situations with missing data.

Table 2. Model metrics for different prediction methods with data missing.

APE (%) RMSE (Cycles)
Train Validation Test Train Validation Test
Attention net 8.8 9.3 10.3 77 102 100
Elastic Net [29] 11.2 - 14.4 112 - 165
CNN 17.8 14.1 18.7 189 135 239
CNN-LSTM [51] 12.7 12.3 15.8 98 96 140

Lastly, to further explore the adaptability and capabilities of the attention-based
network in the scenarios of extreme data missing, we assessed the predictive performance
of our proposed method under varying data-missing degrees. The results of these tests are
illustrated in Figure 9. In the experimental settings, all the cases are randomly repeated five
times, and the circle in the figure represents the mean value of test APEs, while the shaded
areas represent the APE values within one standard deviation. The results demonstrate
that the attention-based network consistently exhibits robust predictive performance in
scenarios of cycle missing and random missing, even as the degree of data missingness
escalates to 10%. However, it encounters slight limitations in the context of time-step
missing, preserving its effectiveness up to a maximum of 5% degree of data missingness.
Overall, the superior ability of the attention-based network for battery lifetime prediction
with missing data underscores its significance in real-world settings where data loss can be
a prevailing issue.
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Figure 9. The impact of data-missing degree on battery lifetime prediction in different data-missing
scenarios. The shaded areas represent the values within one standard deviation across the results of
five different train/valid/test splits.

5. Conclusions

In this article, we proposed an innovative neural network that incorporates the self-
attention mechanism, specifically designed to tackle the challenges of extracting meaningful
information from sequential data in battery cycling experiments for accurate battery cy-
cle life prediction. The results from our study indicate that our proposed self-attention
mechanism-based network approach performs higher accuracy compared to other bench-
marks in this field under the conditions without data missingness, where the average test
APE reaches 9.34%, improving the performance by approximately 35.1% relative to the
original article of the dataset [29]. Furthermore, our proposed method exhibits robust
adaptability across three distinct data-missing scenarios, i.e., random missing, cycle miss-
ing, and time-step missing, achieving test APEs of 11.3%, 10.9%, and 11.1%, respectively,
and maintaining good performance under all data-missing scenarios. This adaptability
plays a pivotal role in preserving the accuracy of the predictions under various data-loss
conditions. Moreover, even in the face of these data-missing scenarios, our proposed
method consistently outperforms the benchmarking methods within the field, with an
average test APE of 10.3%, signifying its superior predictive power. Additionally, the
attention-based network maintains good predictive performance even as the extent of data
missing intensifies. Notably, the test APEs under cycle-missing and random-missing sce-
narios remained under 13.5% even as the data-missing degree escalated to 10%, showcasing
its resilience in increasingly challenging circumstances.

When considering a broader range of applications, our proposed self-attention-based
neural network, as a supervised machine learning approach, has the potential to remain
applicable under different conditions, such as varying depths of discharge (DOD). DOD is a
critical factor that directly influences battery performance and lifetime, with shallower dis-
charges generally leading to longer battery life compared to deeper discharges. The primary
requirement for adapting our method to diverse conditions is the collection of relevant data
under the respective conditions to serve as the training set. With appropriate training, our
method can predict battery lifetime or other performance metrics under those specific con-
ditions. The successful implementation of the attention mechanism in this context not only
highlights its potential in battery cycle life prediction but also underscores its applicability in
critical areas such as battery management systems that rely on accurate cycle life prediction.
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Abstract: Lithium-ion batteries are widely used in electric vehicles and renewable energy storage
systems due to their superior performance in most aspects. Battery parameter identification, as
one of the core technologies to achieve an efficient battery management system (BMS), is the key to
predicting and managing the performance of Li-ion batteries. However, due to the complex chemical
reactions and thermodynamic processes inside lithium-ion batteries, coupled with the influence of the
external environment, accurate identification of lithium-ion battery parameters has become an urgent
problem to be solved. In addition, data-driven parameter identification can enable battery models to
better understand battery behavior, which is one of the focuses of future research. For this reason,
this paper comprehensively reviews the application of data-driven parameter identification methods
in different scenarios. Firstly, the research briefly explains the working principle of lithium-ion
batteries and the key parameters affecting their performance. Secondly, this paper deeply discusses
data-driven methods for parameter identification, which are widely used nowadays, and provides
improvement ideas to address the shortcomings of traditional methods. Finally, the paper discusses
the challenges faced by parameter identification technology for lithium-ion batteries and envisages
future prospects.

Keywords: battery management system; data-driven method; lithium-ion battery; parameter
identification

1. Introduction

With the increasing installed capacity of new energy and the increasing popularity of
electronic equipment, the rational use of large-scale integrated energy storage battery cells
has become a current trend, and lithium-ion batteries are widely used because of their stable
performance, long life, low pollution, and fast charging speed [1,2]. According to a white
paper, the total shipment of lithium-ion batteries in the world in 2023 will be 1202.6 GW-h,
a year-on-year increase of 25.6%. Global shipments of lithium-ion batteries are expected
to reach 1926.0 GW-h by 2025 [3], so research on lithium-ion batteries is becoming more
significant as the use of lithium-ion batteries increases worldwide.

At present, lithium-ion batteries are one of the main energy sources for electrochemical
energy storage power stations and new energy vehicles, but due to the complex operating
conditions of lithium-ion batteries, it is necessary to establish an effective battery man-
agement system (BMS) to monitor the batteries continuously. As an integrated electronic
system, in addition to effectively monitoring the health and safety of the battery and en-
suring its optimal performance, its key responsibilities also include calculating the main
parameters such as voltage, current, temperature, state of charge (SOC), and state of health
(SOH) of the battery [4,5], as well as protecting the battery from overcharge, overdischarge,
abnormal temperature, and short circuits and implementing functions such as data logging
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and fault diagnosis, etc. In addition, advanced BMS may also include thermal management,
energy optimization, and research on battery charging and discharging strategies [6-8].
While battery model parameter identification plays a crucial role in realizing efficient
battery management systems, traditional battery parameter identification methods often
rely on complex empirical models or electrochemical models (EM), which require a large
amount of experimental data and computational time. The empirical model is often called
Equivalent Circuit Model (ECM) [9,10], and the basic idea is to use electrical characteristics
of circuit components to describe the characteristics of electrochemical systems; in other
words, it can describe batteries with voltage sources, resistors, and capacitors based on the
circuit. ECM has fewer parameters and a simpler structure than other models, so it is the
most widely used battery model in BMS. In another aspect, electrochemical models are
mainly divided into pseudo two-dimensional (P2D) models, single particle (SP) models,
and enhanced single particle (ESP) models [11,12]. In recent years, some researchers have
also reviewed the methods of battery parameter identification. Barcellona et al. [13] and
Madani et al. [14] have comprehensively summarized different models and parameter
identification techniques for lithium-ion batteries.

However, with the rise of artificial intelligence technology, especially the rapid de-
velopment of deep learning, data-driven parameter identification methods provide new
research ideas for battery management. And most of the existing research focuses on
specific types of data-driven identification methods, lacking a comprehensive comparison
and in-depth analysis. In particular, how to effectively improve the accuracy of tradi-
tional physical models and rationally use flexible data-driven models to adapt complex
and diverse battery application scenarios have become urgent problems to be solved. In
addition, with the development of battery requirements in the direction of higher energy
density, longer life, and lower cost, more new battery types and application scenarios have
emerged; therefore, the parameter identification methods are also facing new challenges
and requirements. In view of this, this paper aims to systematically analyze and compare
the existing data-driven battery model parameter identification methods while providing
optimization ideas and improvement directions for the problems existing in different iden-
tification methods. In addition, considering the latest battery technology and application
requirements, this paper also involves emerging parameter identification methods that
are in line with the current development trend of science and technology, which provides
a reference for the subsequent selection of appropriate parameter identification methods
in different scenarios and also helps to promote the development of battery technology
and BMS. Finally, this paper discusses the current challenges of parameter identification of
lithium-ion batteries and predicts possible research directions in the future.

The remaining sections are organized as follows. Section 2 introduces the basic
principles and key parameters of the battery. Section 3 explains the parameter identification
method based on least squares and its derivative algorithms and proposes modification
ideas. Section 4 presents the existing data-driven parameter identification method and
summarizes the analysis. The challenges and perspectives are provided in Section 5. The
conclusions are provided in Section 6.

2. Structural Characteristics of Lithium-Ion Batteries
2.1. Internal Mechanism of Lithium-lon Battery

A lithium-ion battery is a type of secondary battery that typically contains two kinds
of compounds capable of embedding and detaching Li*, serving as the anode and cathode
of the battery, using the currently commercialized lithium-ion battery with graphite as the
anode and lithium cobaltate as the cathode as an example. The electrolyte adopts ethylene
carbonate (EC) and dimethyl carbonate (DMC), and the charging process is as follows:
During the charging process, the potential of the power supply forces Li* to move from
lithium cobaltate to the cathode, passing through the electrolyte and diaphragm embedded
in graphite. The lithium-ion moves through the electrolyte to the negative electrode,
passing through the electrolyte and separator to be embedded in graphite. Simultaneously,
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electrons flow from the positive electrode to the negative electrode through an external
circuit to replenish the charge balance formed by the lithium-ions in the negative electrode.
This process is accompanied by the oxidation of Co®" in the positive electrode material. The
discharge process is reversed; Li* is released through an internal electrochemical drive and
moves through the electrolyte and becomes embedded in the negative electrode. Electrons
reach the positive electrode from the external circuit and trigger the reduction of high-valent
cobalt, in which the battery releases electrical energy through the external circuit to power
the device [15,16]. The basic principle is shown in Figure 1. The electrochemical reaction
equation of the lithium-ion battery during cycling is as follows:
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Figure 1. Working principles diagram of a rechargeable lithium-ion battery.
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2.2. Basic Parameters of a Lithium-lon Battery

In order to understand and study the performance of lithium-ion batteries, it is
necessary to start from the internal parameters of lithium-ion batteries, and the basic
parameters of lithium-ion batteries are as follows:

1. Open-circuit voltage

Open circuit voltage (OCV) refers to the potential difference between the positive
and negative poles of the battery when the battery is not connected to any load or power
supply [17,18], which is one of the most significant indicators of the electrochemical state
of the lithium-ion batteries, and it also plays an important role in evaluating the electrode
materials [19] and aging state [20]. Besides, there is a nonlinear relationship between the
OCV and SOC of the battery in a steady state, while different models of batteries have their
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specific SOC-OCV curves, and accurate OCV values can provide a great foundation for the
state estimation and study of optimization strategies of batteries [21].

2. Capacity

Battery capacity is one of the important indicators to measure the performance of
the battery; it represents the amount of electricity released by the battery under certain
conditions such as discharge rate, temperature, termination voltage, etc., which is generally
divided into rated capacity and actual capacity [22]. The rated capacity refers to the capacity
of the battery to work continuously for a long time under certain working conditions under
the condition of an ambient temperature of 20 &= 5 °C, while the actual capacity refers to the
actual amount of power that the battery can give under certain current density, termination
voltage, and other conditions. The actual capacitance will be affected by various factors
such as temperature, humidity, charge, and discharge rate during the actual use of the
battery [23,24].

3. Internal resistance

The internal resistance of a lithium-ion battery is the resistance that hinders the
passage of current during the conductive process of the battery. It is mainly divided
into ohmic resistance and polarization resistance [25], and polarization resistance can be
further classified into electrochemical polarization internal resistance and concentration
polarization internal resistance. The ohmic internal resistance is affected by the electrode
material, electrolyte, etc., resulting in continuous changes during the detection process,
and the polarization internal resistance will change to varying degrees with the process of
electrochemical reaction inside the battery, which has the dynamic characteristics of time
and current [26]. The main measurement methods of battery internal resistance include
the DC internal resistance method, AC impedance spectroscopy method, pulse discharge
method, etc.

4.  State of charge

The state of charge of a battery refers to the percentage of the battery’s remaining
charge, which is usually used to express the charge level of the battery. There are many
ways to describe SOC; one that is widely used as in [27] is:

S0C(t) = SOC(to) — - [ 1(t)at )
Cr to

where the tj and #; is the start and end time, respectively. It is generally accepted that the
SOC =1 when the battery is fully charged using a standard charging method. Cr is the
rated capacity of the battery. In the actual use process, the lithium-ion battery SOC will
be affected by many factors such as charge and discharge current, ambient temperature,
and self-discharge, which make it difficult to measure directly [28]. Accurate estimation of
SOC value can ensure the stable and safe operation of related equipment; therefore, the
estimation of SOC is also one of the important research directions at domestic and overseas.

5. Battery self-discharge rate

The self-discharge rate of a battery is also known as the charge retention capacity,
which refers to the ability to store power under the open-circuit voltage condition [29]. It
is seriously affected by temperature, and usually the lower the ambient temperature, the
lower the self-discharge rate. Compared with other rechargeable batteries, lithium-ion
batteries have a lower self-discharge rate, generally 2~5% at room temperature [30].

3. Parameter Identification Based on Least Squares and Its Derivative Algorithms
3.1. Least Squares

Least squares(LS) parameter identification is usually used for offline parameter identi-
fication of batteries, which is usually carried out under non-operating conditions, and its
process is similar to the optimization method. The purpose is to match the measurement
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curve with the target curve and find the optimal solution of the state parameters by solving
the minimum value of the objective function [31,32]. The flowchart of the offline parameter
identification is shown as an example in Figure 2.
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Figure 2. Flowchart of offline parameter identification.

Before the least squares method can be used to identify parameters, the battery needs
to undergo a series of tests, such as charge-discharge cycles, pulse tests, etc. Its essence is to
estimate the parameters by minimizing the sum of squares of the errors between the model
prediction output and the experimental data [33], which is simple, time-consuming, and
easy to identify [34], and the relevant algorithm process can be summarized as follows.

The mathematical model of the battery system is assumed to be:

A (2_1>Y(i) —B (2_1>X(i) +e(i) )

where the Y(i) and the X(i) is the output and input of the system, and the e(i) is the
systematic measurement error. The difference equation of the system is expressed as:

- i a;Y(i—k) + f biX(i —k) + e(i) (6)
k=1 k=1

Writing Equation (5) in least squares form can be expressed as:

Y(i) = ¢ ()0 +e(i) @)

where the model parameters vector to be estimated and the input data vector can be
expressed as follows:

0 =ayap---aybyby---by" ®
p()=[Y(i-1)Y(i-2)---Y(i—-n)X({i-1)X({i-2)-- - X(i—n)]"
After m observations, let the standard function | be:
J =Y. (Y(i) — 9()70)" = (¥ = 970)" (¥ — ¢70) )

153



Batteries 2024, 10, 194

where qo(i)TG is the value predicted by the model at the ith data point by the parameter
vector 0. By minimizing the standard function |, when
9 9 Ty T T
—===(Y—¢'0) (Y—9¢'0)] = 1
o= Sl = 9T0) (v — gTe)] =0 (10)
The best parameter vector estimate that can be found is:

A -1
Os = (9"9) 'Y (11)
Then the least squares form for Y (i) can be expressed as:
Y(i) = ¢" (i)0 (12)

The core of the LS method to identify battery parameters aims to find a set of parame-
ters that allow the mathematical model to best fit the behavior of the actual battery, and
its advantage lies in the ability to analyze and optimize the parameters in detail without
affecting the performance of the battery; therefore it is usually used in battery performance
evaluation or the early stage of battery design [35]. However, the disadvantages of the
LS method are also very obvious in that its fixed mode cannot meet the more complex
working conditions; the identification of the parameter values cannot accurately reflect the
real-time changes of the battery, so it is only applicable to some fixed scenarios [36].

3.2. Recursive Least Squares

Recursive least square (RLS) is one of the most common estimation methods currently
in use, which is mainly suitable for the online parameter identification of batteries. The
RLS method not only reduces a large number of preliminary experiments but also largely
solves the time-varying problem of battery parameters [37]. The basic principle of online
parameter identification is to use a unified input u(t), input to the system to be identified to
generate the output y(t), and then superimpose with the measurement noise v(t) to form
the observation output Z(t), compare with the model output generated in the system model
to obtain the measurement error Z(t), and then import it into the identification algorithm
to correct the error through the generated parameter estimation vector. The schematic is
shown as an example in Figure 3.
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Figure 3. Basic principle of online identification.

The principle of the RLS method is to add a time-varying link on the basis of the LS
method, which can update the parameter estimates in real time according to each new data
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point, reducing the calculation of a large number of datasets. The nonlinear form of the
RLS method is provided in Ref. [38], and the process evolves from Equation (11) to the
recursive form is shown as:

0(i+1)=0(i)+K(i+1) x [(l+1) PT(i+1)6(i)]
e(i+1)=Y@{+1)— 1T(z 1)6(i)

K(i+1) = +¢r<,(+)1)(<+);(, )
P(i+1)=P(i) —K(i+ 1) (i +1)P(i)

(13)

where the @ is the parameter to be recognized, e is the estimated error of the system, K is
the system gain, and P is the covariance matrix. According to the formula, the RLS method
will calculate the result of the current LS according to the current new input data combined
with the data calculated at the previous moment. However, in actual calculations, there are
many areas that need to be improved in the process of parameter identification using the
RLS method. Listed below are three aspects where the RLS method needs to be improved.

1. Data saturation

In the recursive process, as the number of cycles increases, the old data will continue to
increase, and when accumulated to a certain extent, it will inevitably affect the recognition
of new data, which ultimately leads to the termination of the parameter identification
process. In order to reasonably allocate the proportion of old and new data and reduce the
influence of old data on new data, researchers added a forgetting factor on the basis of RLS
to match the parameter identification in different environments. The improved algorithm is
called Forgetting Factor Recursive Least Squares (FFRLS). The recursive principle of FFRLS
is based on Equation (13) and is shown as:

0i+1)=00)+K(i+1)x [Y([i+1)—¢T(i+1)0(i)]
e(i+1)=Y({i+1)— T (i+1)0(i)

P()g(i+1)
K(i+1) = gD Pgl D

P(i+1) = 1[P(i) — K(i+ 1) (i + 1) P(i)]

(14)

where the A is the forgetting factor, usually between 0.95 and 1, and different A corresponds
to different forgetting speeds; when A = 1, it means no forgetting, and when A = 0, it
means all forgetting. Many scholars have tried to apply the FFRLS algorithm to different
scenarios and found that the identification results are significantly improved compared
with the traditional RLS algorithm. Xia et al. [39] used the FFRLS algorithm to continuously
update the parameters in the battery model and then used the Kalman filter to estimate
the SOC of the battery and verified the algorithm under different ambient temperatures
and driving conditions, proving that the RLS algorithm can show good adaptability and
accuracy in different scenarios. In addition, the selection of the forgetting factor in the
FFRLS algorithm is also very important; different forgetting factors will affect the time-
varying and accuracy of parameter identification. Based on this, Shi et al. [40] adjusted the
forgetting factor by using the mean square value of the difference between the battery OCV
and the terminal voltage in the sliding window mode. Lao et al. [41] proposed a variable
forgetting factor least squares method Recursive Least Squares (AFFRLS), the principle of
which is to adjust the size according to the error, and its relationship to the error can be
expressed as:

L oy ya®
{A(k)_Amln+(1 Amin) (15)

a(k) = 202K

where the e(k) is the measurement error, a(k) is the intermediate variable, p is the undeter-
mined coefficient, and its value range is within [10%, 5 x 10%]. The most suitable A-value is
determined by adjusting the values of ¢?(k), but the convergence speed of this method is
affected by the value of p, so the requirements for the adjustment of the coefficients are high.
At the same time, considering the instability of the parameter results and the inaccuracy
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of the initial state, Fan et al. [42] proposed an Adaptive Forgetting Factor Recursive Least
Squares (AFFRLS) method based on Equation (15), which has both accuracy and stability,
and it can make e(k) quickly converge to the minimum value when A is larger values, and
when e(k) is within the allowable error range, A can rapidly approach the maximum. Its
principle can be expressed as:

NN

{ /\(k) = Amax — (Amax - )\min) ’ ardan(ﬂ(k)) ’ (16)

u(k) = round(’@ n)

€

where the Amax and Ay are the expected maximum and minimum values of A, ¢ is the
benchmark error. When e(k) is smaller than e, the ratio by n exponentiation is scaled down,
so that A can quickly close to the Amax; when e(k) is greater than e, the ratio expands and
A can more quickly converge to the Ap,in. Where the 1 is generally taken as 2 or 4, and the
rounding function round( ) is used to reduce the intermediate of the transition value.

2. Unequal supply and demand

When using the LS method for parameter identification, the most obvious problem
is the “inequality of supply and demand” caused by the incentive and identification
parameters. In short, the excitation provided for parameter identification is less than the
number of parameters that need to be identified. Taking the second-order RC equivalent
circuit as an example, we need to identify five parameter results by only two inputs of
voltage and current as the model excitation; in the higher order equivalent circuit, this
problem will be more obvious, and in the actual process, we also need to consider the
influence of various environmental factors, which results in a more complicated process.
Therefore, it is very important to select the appropriate excitation input in order to fully
reflect the internal characteristics of the lithium-ion battery. Considering that the parameter
discrimination ability of lithium-ion batteries is poor when the input and output data
are not suitable, Song et al. [43] found that the data selected for battery state estimation
needs to have certain adaptability, while analyzing the accuracy of single-parameter and
multi-parameter identification schemes, and verified that the recognition accuracy can be
further improved when the current excitation meets certain criteria.

3.  Different time scales

The dynamic characteristics of the battery are distributed in a wide frequency range.
It contains both fast and slow response processes under the action of excitation, so the
second-order RC circuit model will set two different time constants to correspond to
different response links [44]. However, this lead to the result that the process of parameter
identification cannot be ensured to take the corresponding links of each time constant into
account at the same time, and when identifying one of the links, the other link may cause
information loss or data saturation, which will greatly affect the accuracy of parameter
identification [45,46]. In order to solve the above problems, relevant scholars propose a
multi-time scale identification method. Taking ECM as an example, the basic principle is to
apply different time constants to different time scales for identification, and its improvement
idea is shown in Figure 4.

At present, many scholars use this method to improve the accuracy of ECM. Yang
et al. [47] used a combination of the fixed memory recursive least squares method and
fading extended Kalman filter method to obtain the parameters of the fast and slow
dynamic links of the ECM, respectively, and the experimental results showed that the
method had high consistency under different working conditions. In addition, many
parameters of lithium-ion batteries change over time, so they can be improved along this
line. Based on this, Shi et al. [48] established a multiple-time scales characteristics model
for on-board lithium-ion batteries and distinguished between fast and slow changes in the
model parameters of the resistance-capacitance links. Furthermore, Zou et al. [39] proposed
a multi-time scale estimator that can adjust parameters on different time scales and verified
the effectiveness of the method in verifying SOC and SOH. In general, multi-time-scale
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identification allows the model to react sudden changes on fast time scales while adapting
to sluggish changes on slow scales. This allows the model to have better responsiveness
and flexibility while maintaining high accuracy.

Measured current, voltage

Figure 4. Improvement idea based on ECM with multiple time scales.

4. Data-Driven Parameter Identification
4.1. Heuristic Algorithms

Heuristic algorithms (HAs) are a kind of solution method constructed on the basis
of specific empirical rules, which are often used to solve global optimal problems [49],
but the traditional HA needs to evaluate the performance of the system by deriving
all nonlinear constraint functions when solving practical problems [50], which is a very
complex process. To solve this problem, relevant scholars have proposed meta-heuristic
algorithms (MHA). This algorithm has better global search ability and higher robust-
ness and has been effectively applied to constraint optimization problems in various
fields [51-53], so it is also suitable for parameter identification of lithium-ion batteries,
which can find the parameters closest to the actual data of the battery through iteration.
Taking the most typical Genetic Algorithms (GA) [54] and Particle Swarm Optimization
(PSO) in MHA as an example [55,56], when identifying battery parameters, the basic
principle is to setting the parameters to be identified as the initial population, setting the
error between the output of the battery model and the actual measured data as the fitness
function, by evaluating the individuals separately through the fitness function and iterating
continuously until the algorithm stop condition is satisfied, and then finding the optimal
solution and output the optimal model parameters [57]. The process of GA and PSO is
shown as an example in Figure 5.

Similar methods also include Tabu Search (TS) [58], Simulated Annealing (SA) [59], and
Ant Colony Optimization (ACO) [60]. However, when using these algorithms, researchers
have found that the convergence speed is relatively slow when used alone, and it is possible
for GA and PSO to converge in the local optimal solution before reaching their global
optimal solution. To face this problem, Srinivas et al. [61] applied adaptive probability
to the intersection and mutation links of genetic algorithms, which effectively optimized
the population diversity and convergence ability of genetic algorithms, but the method
was limited to some links of GA and did not analyze from the whole part. In order
to overcome this challenge, San et al. [62] applied adaptive links to all links of GA and
proposed an Adaptive Genetic Algorithm (AGA), which provides an improved way to solve
the identification problem of nonlinear systems. Moreover, considering that individual
algorithms have obvious advantages and disadvantages when used, in order to maximize
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the optimization ability of the algorithm, Garg H [50] proposed a PSO-GA hybrid algorithm
to deal with nonlinear problems. The basic idea is to optimize the vector by using the PSO
while using the genetic operator of GA to modify the decision vector, and it is considered as
an effective algorithm that is suitable for various optimization problems. In addition, MHA
is also suitable for model-specific optimization. Ren et al. [63] used PSO to optimize the
key parameters of the long short-term memory (LSTM) network to match the data features
of the lithium-ion battery with the network topology and experimentally verified that the
method can effectively reduce the error. Recently, Nouri et al. [64] established an intelligent
charge and discharge management system for electric vehicles and adopted a new method
combining ANN and PSO to achieve data collection under different conditions, which
greatly improved the robustness of the system.
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Figure 5. Flowchart of GA and PSO identification parameters.
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4.2. Kalman Filter and Its Derivative Algorithms

Kalman filtering (KF) is an algorithm capable of estimating the state of a dynamic
system from a series of noisy measurements. It was first proposed by E. Kalman in his
paper on solving the linear filtering problem, which was published in 1960 [65]. The process
mainly includes defining the equation of state and the equation of observation, initializing
the state, predicting, updating, and iterating. The schematic diagram of KF is shown as an
example in Figure 6.

EKF Most of the traditional KF algorithms are only applicable to state vectors in linear
systems and cannot deal with the nonlinear equations in battery models. In order to solve
this problem, researchers added a real-time linear Taylor approximation process to the
estimation of the previous state of the system equation in the steps of state estimation
and prediction and proposed an extended Kalman filtering (EKF) algorithm [66]. Based
on this, Plett of the University of Colorado (Boulder, CO, USA), firstly applied it to the
SOC estimation and parameter identification of lithium-ion batteries [67,68] and obtained
good results. However, considering that the monotonic EKF algorithm cannot well solve
the uncertainty and system noise of complex lithium-ion battery models, to address this
challenge, He et al. [69] proposed an adaptive extended Kalman filter (AEKF) and verified
that this algorithm can greatly improve the dependence of traditional filtering algorithms
on the battery model. At the same time, in order to reduce the error caused by incorrect
prior covariance in the EKF algorithm, Jaehyun et al. [70] also adaptively modified the
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covariance by using the AEKF method, which improves the reliability and accuracy of
the measurement process. Recently, with the gradual development of cloud platforms,
Wang et al. [71] proposed a noise matrix self-adjustment-extended Kalman filter (NMSA-
EKF) algorithm based on the powerful computing power and huge storage capacity of the
cloud platform to estimate the SOC of cloud-based discharging fragments and verified
its accuracy.
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Figure 6. Schematic diagram of Kalman filtering.

UKEF The traditional EKF only uses the first- or second-order terms of the Taylor series
to approximate the nonlinear model. In order to solve the problem that the EKF produces
a large error when facing a highly nonlinear system, Tian et al. [72] proposed unscented
Kalman filtering (UKF) to estimate the SOC of the battery and verified that the UKF can
capture the distribution characteristics of the nonlinear system through a series of carefully
selected sigma points, which improves the accuracy of prediction. At the same time, He
et al. [73] compared the EKF and UKF methods experimentally and further verified that
the UKF algorithm has high accuracy and convergence in SOC estimation. Based on this,
Meng et al. [74] proposed an adaptive unscented Kalman filter (AUKF) to adaptively adjust
the process measurement noise and noise covariance, reducing the computational burden
when updating the covariance matrix. Of course, the UKF is not without its weaknesses;
for example, in the case of high measurement noise, the UKF can lose stability and cause
divergence problems. In addition, due to the uncertainty of the battery electrochemical
model, the UKF may not be able to produce good robustness [75].

PF In 1993, Gordon et al. [76] proposed a SIS-based bootstrap nonlinear filtering
method, which laid the foundation for the particle filter (PF) algorithm. PF is also a
nonlinear state estimator based on the Bayesian model, but the algorithm eliminates the
constraint that the random quantity must meet the Gaussian distribution when solving the
nonlinear filtering problem, so it is also suitable for parameter identification of lithium-ion
battery models. Schwunk et al. [77] used PF to estimate lithium-iron phosphate batteries.
In addition, considering that the classical PF technique may have a lack of samples or a
decrease in prediction accuracy when the weight of the simulated sample is small or the
diversity of sampled particles is reduced, Li et al. [78] proposed a mutated particle filter
(MPF) algorithm for predicting the Remaining Useful Life (RUL) of the battery, which
utilizes mutated particles to search for the extended region of a priori Probability Density
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Function (PDF) thus exploring the posterior PDF more comprehensively. Other than that,
Lai [79] proposed the combination of PF and EKF, which enables the omission of calculating
the Jacobi matrix of battery model and reduces the complexity of the identification process.
At present, the research on the PF algorithm is relatively scarce, and it is still a major
challenge for battery parameter identification in practical applications. Recently, Wang
et al. [80] used PSO to solve the degradation and diversity reduction of the PF algorithm
and then proposed a double-scale dual particle filter (D-PF) method to adjust parameters in
real time during battery aging and temperature changes, which has certain practical value.

4.3. New Algorithms Based on Machine Learning

With the rapid development of machine learning and artificial intelligence technolo-
gies, it has become a research hotspot to apply these advanced methods to the field of
battery parameter identification and further optimize model performance and improve
the identification accuracy by improving algorithms and calculation strategies. These new
methods can not only process a large amount of complex data but also learn the deep
characteristics of battery behavior, which is of great significance for the development of
battery management systems in the future.

ANN The neural network (NN), also known as the artificial neural network (ANN), is
a type of machine learning algorithm that achieves learning from experience by simulating
the transmission of signals between neurons or interconnected nodes in the hierarchical
structure of the human brain [81], and its schematic diagram is shown as an example in
Figure 7. It was first proposed by neurophysiologist Warren McCulloch and mathematician
Walter Pitts in 1943 [82]. In 1986, David Rumelhart et al. used the backpropagation (BP)
algorithm to train multi-layer neural networks, which greatly improved the learning ability
of neural networks [83]. Its ability to describe nonlinear relationships between inputs
and outputs has been recognized in various fields. Related derived neural networks also
include the recurrent neural network (RNN) [84,85], the convolutional neural network
(CNN) [86,87], and long short-term memory (LSTM) [88,89], etc. Therefore, researchers
have gradually discovered the potential of ANN in the field of batteries, which can achieve
accurate estimation of various battery states without considering the internal electro-
chemical state of the battery due to the feature extraction and fitting ability of neural
networks [90,91]. Cui et al. [92] provided an introduction to the use of different types
of neural networks for estimating the SOC of lithium-ion batteries and summarized the
principles, advantages, disadvantages, and current status. Based on this, Yang et al. [93]
used the parameters obtained from the Hybrid Pulse Power Characterization (HPPC) test
to train a three-layer BP neural network to verify its accuracy in SOH estimation. How-
ever, with the increasing requirements for battery prediction accuracy, more and more
researchers are improving on classic neural network algorithms. In order to eliminate
the influence of battery degradation on the estimation accuracy of the original training
model, Kang et al. [94] proposed a new radial basis function neural network (RBFNN)
and compared it with the traditional neural network through experiments. The results
show that the model can effectively improve the accuracy of system SOC estimation and
has better robustness for different battery aging cycles, temperatures, and load curves.
In addition, in order to solve the dependence of traditional neural network systems on
Kalman filtering, Chemali et al. [95] proposed a deep feedforward neural network (DFNN),
which can directly map observable signals such as voltage and current to the battery SOC
and can learn to estimate the SOC at different ambient temperatures through learning
algorithms such as gradient descent. Recently, considering the increasing importance of
studying the thermal behavior of batteries such as temperature change and heating rate,
Pang et al. [96] integrated the positive and negative electrode surface concentrations in the
thermodynamic single event model (SPMT) as physical information into bidirectional long
short-term memory networks (BiLSTM) and constructed a new physics-based information
neural network (PINN) while verifying its effectiveness under different driving conditions
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and ambient temperatures, which opens up a new research direction for neural networks
in the field of battery state estimation.

Neural Network
/ .
N>
e s
Input Hidden Hidden
Layer Layerl Layer2

Figure 7. Schematic diagram of ANN.

SVM Support Vector Machines (SVM) is also one of the most popular machine learning
algorithms, and its core idea is to find a hyperplane in the feature space based on the
principle of statistical structured risk minimization to maximize the separation of different
classes of data points. The schematic diagram of SVM is shown as an example in Figure 8.
When dealing with nonlinear problems, SVM can map data to high-dimensional spaces
through kernel functions and find separating planes in high-dimensional spaces [97].
Compared with the ANN, SVW has advantages in solving the problem of high-dimensional
data model construction under the limited samples conditions, and because of its good
generalization ability, it can perform better on small sample datasets [98]. Besides, it can
effectively deal with nonlinear problems with the help of suitable kernel functions, so
there are more scholars who have gradually have tried to use SVM for the parameter
identification of lithium-ion batteries and found that SVM has excellent performance on
battery life prediction. Based on this, Patil et al. [99] used SVM to establish a classification
and regression model for the RUL of batteries and used the Support Vector Regression
(SVR) to predict the accurate RUL of the battery. The results showed that the method could
improve the prediction accuracy and calculation speed. In addition, in order to address the
problem of long SVR training time, Hu et al. [100] used a two-step search to improve the
training efficiency of SVR, avoiding the behavior of blindly searching for parameters over a
wide range and improving the accuracy and robustness of battery SOC estimation when
using SVR under more complex working conditions. Recently, considering the problem
of data anomalies in the training of SVM models, Xiong et al. [101] proposed a weighted
least squares SVM-based method for early prediction method for the life of lithium-ion
batteries, which improved the prediction results through the error square term and weight
coefficient, and verified the effectiveness of the method through experiments. It provides a
theoretical basis for the battery system faults hierarchical management strategy.

ANN and SVM are essentially data-driven algorithms, and similar algorithms include
Gaussian regression [102,103], logistic regression [104,105], gradient enhancement algo-
rithms [106,107], and other machine learning algorithms. These algorithms show very
good adaptability in the face of nonlinearity and relative complexity and can find the
optimal model and parameters in a large amount of data. The use of appropriate learning
algorithms in the BMS is often effective in improving the performance of the battery.
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Figure 8. Schematic diagram of Support Vector Machines.

4.4. Comparison of Parameter Identification Methods

In an in-depth discussion of lithium-ion battery management and optimization strate-
gies, it is essential to fully understand and accurately identify the key parameters of the
battery. These parameters not only directly affect the performance, lifetime, and safety of
the battery but also serve as the basis for optimizing the design of the battery management
system and implementing efficient energy utilization strategies. Since different parameter
identification methods have their own unique advantages and application scenarios, choos-
ing the most appropriate method has become a prerequisite for achieving efficient battery
management. To this end, Table 1 summarizes the current parameter identification methods
for lithium-ion batteries, analyzes their disadvantages, and discusses their improvement
directions, which provides a reference for the development and optimization of battery
technology and subsequent research on parameter identification.

In addition to the improvement directions of each method discussed above, the
application scenarios of different parameter identification methods are also different. The
current application scenarios that are widely used can be summarized as small-medium
capacity battery systems mainly for portable electronic devices and electric vehicles and
large-scale battery systems used as energy storage devices in power systems. In one aspect,
regarding small-medium capacity systems, linear regression methods based on RLS and
algorithms based on KF can exert effective results, while these methods have excellent
performance in real-time monitoring and basic performance prediction and can effectively
estimate the state variables of the batteries in dynamic systems. Besides, it is also possible to
simulate the charging and discharging behavior of small-capacity batteries by establishing
smaller neural networks, which can also achieve good results. Moreover, SVM is suitable
for the case of small feature spaces, so it can effectively monitor the health condition of
small-scale batteries. In another aspect, large-scale neural networks such as LSTM have the
ability to deal with high-dimensional and high-nonlinear problems and thus can effectively
deal with richer and more complex data sets in large-scale energy storage battery systems.
In addition, heuristic algorithms such as GA and PSO are able to show better accuracy in
optimizing battery management strategies and life prediction in large-scale battery systems.
In actual use, the most appropriate parameter identification methods should be selected
according to the different battery sizes and application scenarios. If necessary, different
methods also can be used in combination to complement each other in order to maximize
the effect of each method to achieve a more efficient battery management system.
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Table 1. Summary comparison of parameter identification methods.

Algorithms Problems Improving Directions Literature
LS Cannot deal with non-linear conditions Combine with online models [31-36,108]
Data saturation Add the forgetting factor [39-42]
RLS Unequal supply and demand Choose the right incentive [43]
Different time scales Segment at different time scales [44-48]
Slower convergence Combine with local search algorithms [109]
GA le.f 1cult. to f“Td the .global optimal solution when Combine with specific heuristic algorithms [50,110]
facing high-dimensional problems
Higher requirements for parameterization Use adaptive parameter tuning strategies [61,62]
May fall into local optimization in solving complex combine local search algorithms [111]
problems
PSO Convergence speed may drop when approaching Introduce a convergence factor [112]
the global optimal solution
Higher requirements for parameterization Use adaptive parameter tuning strategies [111]
Jacobi matrices increase computational complexity Combm.e new algorithms to simplify EKF [79,113]
calculations
Algorithm performance is more dependent on the Optimize 1¥ut1al state estl‘matlon 'by'
EKF A . preprocessing data or using a priori [114]
initial state estimate ; .
estimation
The accuracy is affected by noise ﬁfjgean adaptive mechanism to adjust the [69,70]
The performance depends heavily on the selection of A.dd.an a'daptlvt? mechar.usm to adjust the
UKF . . distribution of sigma points based on [74]
the Sigma point .
estimated performance
The reduction in diversity creates sample Use resampling techniques to increase the [77]
PE impoverishment diversity of particles
Reduction of effective particles will affect the Add an adaptive mechanism adjust the [115]
efficiency of the filter. number of particles
Complicated process, long time needed, large Use efficient neural network architectures [84-87]
amount of calculation
ANN Apply automated machine—learning
Difficult to adjust due to too many parameters frameworks or adding hyperparametric [116-119]
optimization techniques
Higher requirements for kernel function setup Add optimization algorithms to select [120,121]
SVM parameters
Kernel function cannot deal with non-linear Visualization of support vectors and decision [122]

conditions

boundaries

5. Challenges and Perspectives

As one of the core industries in the current new energy field, lithium-ion batteries
have gradually revealed their key influence in many fields. With the rapid improvement
and innovation of science and technology, the demand for performance stability, safety,
and economy of lithium-ion battery continues to increase, which increases the reliance
on battery management systems. As the core components of a BMS, battery modeling
and parameter identification are important means to ensure its accuracy and reliability.
Although current researchers have achieved many important results in this field, accurate
and efficient studying of lithium-ion batteries still faces serious challenges. Therefore, this
section focuses on three aspects to look forward to the research trend of battery modeling
and parameter identification, hoping to provide more in-depth theoretical support for

battery performance optimization, service life extension, and the guarantee of safety.
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5.1. Efficient and Accurate Parameter Identification

Currently, there are relatively mature parameter identification methods for simple
ECM models such as least squares algorithms, filtering algorithms, and heuristic algorithms
such as genetic algorithms and particle swarm algorithms. However, when it comes to
higher-order or complex electrochemical models, we still need to continuously improve the
efficiency and accuracy of the model parameter identification. One approach is to apply
artificial intelligence techniques to parameter identification, such as the deep learning
models DNN, CNN, etc., which can learn from the battery operation data and reduce the
computation time while maintaining the identification accuracy. In addition, with the
development of chip technology, using emerging technologies such as cloud computing
and edge computing for parameter identification can take advantage of more powerful
computing resources and more efficient data processing capabilities while realizing the
rapid deployment of practical applications and is also gradually becoming a popular area
of current research.

5.2. Integration of Multiple Identification Methods

In practical applications, different identification methods are suitable for specific sce-
narios and requirements due to their inherent advantages and limitations. For example,
although physical model-based approaches can provide in-depth insights into the interior
of the battery, they have higher computational complexity and may not be suitable for
situations that require fast response. In contrast, data-driven approaches are more suitable
for real-time monitoring and control applications due to their lower computational require-
ments and rapid adaptability. By integrating multiple algorithms, such as combining the
accuracy of the physical models with the fast responsiveness of data-driven models, the
respective deficiencies can be complemented to a certain extent to achieve better identi-
fication results. This multi-method fusion strategy can not only improve the accuracy of
the model but also enhance the adaptability of the model to different operating conditions.
Therefore, future research will pay more attention to algorithms innovation and the de-
velopment of multi-algorithm fusion technology while strengthening the analysis of the
requirements of different application scenarios to guide the selection and optimization of
the battery parameter identification methods and further enhance the overall performance
and reliability of the battery management system.

5.3. Consideration of Multiple Categories of Influences

In the process of actual parameter identification, how to comprehensively consider
the impact of temperature changes, battery aging, and other factors on the performance of
lithium-ion batteries is also one of the challenges faced. The following are three aspects of
the current research trend:

(1) The integration of multi-physical field models

In the multi-scale model, the combination of microscopic electrochemical models
and macroscopic thermal and mechanical models can be achieved through the formation
of multi-scale, multi-physical field comprehensive models in order to comprehensively
reflect the behavior of the battery under different working conditions; under multiple
environmental conditions, a model identification framework that can accurately perform
parameter identification under various conditions such as different temperatures, humidity,
pressure, etc., can be developed to improve the applicability and robustness of the model.

(2) Consideration of the battery aging phenomenon

The study of the battery aging model and the integration of battery aging mechanisms
into the parameter identification model can improve the reliability of the parameter identi-
fication results and provide the basis for the health management and timely maintenance
of lithium-ion batteries.

(3) Consideration of multiple aspects
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Combining the research results of many disciplines, such as chemistry, material science,
electronic engineering, computer science, etc., can systematically solve the problems in the
process of lithium-ion battery parameter identification and improve the comprehensive
performance and application scope of identification. For example, among the selection of
cathode materials for lithium-ion batteries, Ni-rich cathodes materials (NCM) are becoming
increasingly dominant in the field of lithium-ion batteries, while future research will
continue to be directed towards high-nickel batteries that can significantly increase energy
density [123]. In addition, lithium-sulfur is becoming a popular battery system due to its
high capacity and excellent cycle efficiency [124]. Besides, comprehensively considering
the voltage, capacity, and temperature sensitivity of the battery will further enable higher
performance, cost efficiency, and sustainability.

6. Conclusions

Lithium-ion batteries are a widely used energy source in electric vehicles and renew-
able energy storage systems, and the parameter identification of these batteries is essential
for achieving an efficient BMS. With the continuous development of technology, data-driven
parameter identification methods have attracted more attention in recent years. However,
most of the current studies are only for specific data-driven methods; this type of method
has not been comprehensively reviewed. To this end, this paper mainly summarizes the
applications of data-driven parameter identification methods in different scenarios, and ad-
vantages and limitations of each method are also discussed while exploring the challenges
and future research directions of these methods.

Upon analyzing and reviewing the related literature, it has been found that in the
face of higher-order or more complex electrochemical models, effectively improving the
accuracy and stability of model parameter identification is still an important research
direction. In addition, although the RLS method is more mature, there is still much room
for improving the adaptive ability, reducing the computational complexity, and improving
the robustness of the algorithm. For the filtering algorithm, how to flexibly deal with the
strong nonlinearity of the electrochemical model and adjust the system noise efficiently is
still an urgent problem to be solved. Furthermore, with the rapid development of machine
learning and artificial intelligence technology, the reasonable use of deep learning models
can effectively reduce the computation time and maintain the accuracy of recognition.

Combining the future perspectives, it is realized that although existing research has
made remarkable achievements in battery parameter identification, lithium-ion battery
parameter identification still faces many challenges and opportunities compared with the
complex and changing application scenarios and continuously increasing performance
requirements. This paper provides research scholars with a reference for battery parameter
identification in the hope of realizing the development of more advanced and efficient
battery management systems.
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Abstract: With the proliferation of electric vehicles (EVs) and the consequential increase in EV battery
circulation, the need for accurate assessments of battery health and remaining useful life (RUL) is
paramount, driven by environmentally friendly and sustainable goals. This study addresses this
pressing concern by employing data-driven methods, specifically harnessing deep learning techniques
to enhance RUL estimation for lithium-ion batteries (LIB). Leveraging the Toyota Research Institute
Dataset, consisting of 124 lithium-ion batteries cycled to failure and encompassing key metrics
such as capacity, temperature, resistance, and discharge time, our analysis substantially improves
RUL prediction accuracy. Notably, the convolutional long short-term memory deep neural network
(CLDNN) model and the transformer LSTM (temporal transformer) model have emerged as standout
remaining useful life (RUL) predictors. The CLDNN model, in particular, achieved a remarkable mean
absolute error (MAE) of 84.012 and a mean absolute percentage error (MAPE) of 25.676. Similarly, the
temporal transformer model exhibited a notable performance, with an MAE of 85.134 and a MAPE of
28.7932. These impressive results were achieved by applying Bayesian hyperparameter optimization,
further enhancing the accuracy of predictive methods. These models were bench-marked against
existing approaches, demonstrating superior results with an improvement in MAPE ranging from
4.01% to 7.12%.

Keywords: deep learning; lithium-ion batteries; battery management systems; EV battery recycling;
battery degradation

1. Introduction

The prediction of remaining useful life (RUL) for lithium-ion batteries is a critical task
for ensuring the safe and optimal operation of battery packs, especially in applications
like electric vehicles (EVs) [1]. This literature delves into two primary approaches for
RUL prediction: physics-based models (PBMs) and data-driven models (DDMs). PBMs
leverage the fundamental principles of electrochemistry and battery physics to simulate
battery behaviour over time [2]. These models consider factors such as ion diffusion,
electrode reactions [3], discharge capacity [4,5], cycles, capacity fade [6], and thermal
effects [7]. While PBMs provide valuable insights into degradation mechanisms, they
are computationally intensive, require detailed knowledge of electrochemical processes
[2,8], and may struggle to capture real-world complexities. DDMs, on the other hand, use
machine learning algorithms to learn patterns and relationships directly from available
data [9,10]. They have gained prominence due to their ability to capture complex and
nonlinear relationships that exist in the data, making them more adaptable and flexible
than PBMs.

DDMs in machine learning are broadly categorized into two distinct groups: statistical
machine learning and deep learning, each offering unique strengths and applications in var-
ious domains. Statistical machine learning, often referred to as shallow learning, typically
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encompasses models that are less complex and computationally intensive. This category in-
cludes a range of methods such as support vector machines (SVMs) [10], Gaussian process
regression (GPR) [11-13], random forest [14,15], and Bayesian approaches [16-18]. These
techniques are particularly effective for smaller datasets where prior knowledge about the
generative process of the data is available. However, they often encounter challenges when
addressing complex scenarios, such as accurately capturing intricate battery characteristics
and long-term dependencies within datasets [2,19].

In contrast, deep learning methods, which utilize neural networks with multiple
hidden layers, are adept at handling large, complex datasets, often where there is limited
a priori knowledge about the underlying processes or the most suitable features. This
category includes advanced techniques like recurrent neural networks (RNNs) [20,21],
convolutional neural networks (CNNs) [22,23], and various hybrid models [24,25]. Deep
learning approaches are renowned for their ability to discern and learn from intricate pat-
terns present in raw data, making them particularly effective in the analysis of multivariate
time-series information. This capability makes them especially valuable in fields where
understanding and predicting complex behaviours over time is crucial.

Recent advancements in sequence-to-sequence deep learning in the domain of natural
language processing further contribute to the discourse on multi-horizon time-series fore-
casting (MTSF). Sutskever et al. introduced a powerful end-to-end approach employing
multilayered long short-term memory (LSTM) networks for sequence learning, showcasing
impressive results in translation tasks [26]. Similarly, Yang et al. explored incorporating
a cross-entity attention mechanism in MTSF in [27]. This method minimizes assump-
tions on sequence structures, particularly in tasks where large labelled training sets are
available. The use of time-series forecasting has also been adopted in RUL prediction, as
shown by [28], which introduces a Capsule Neural Network-LSTM, a hybrid model for
precise RUL prediction in mechanical systems, enhancing sensitivity to spatial features in
time-series sensor data.

However, in the context of RUL prediction, improvements in robustness, generaliz-
ability, and addressing challenges like variable sampling rates and incomplete data remain
areas of focus [29]. Hence, despite the progress in RUL prediction, current research has
several knowledge gaps and limitations. These include (1) the need for more robust and ac-
curate models, for enhanced generalizability, (2) the comprehensive exploration of various
deep learning architectures, (3) the utilisation of complete datasets with varying sampling
rates, and the consideration of factors like battery ageing and non-stationary signals.

Rationale for Advanced Model Architectures over Regression

The progression in methodologies for predicting the remaining useful life (RUL)
of lithium-ion batteries underscores a pivotal shift toward enhancing the operational
efficiency and reliability of battery-powered systems. Building upon the groundwork laid
by Severson et al. (2019) [30], who utilized regression-based methods for early-cycle data
prediction, our study uses the same dataset for advanced machine learning exploration.
Diverging significantly, we employ sophisticated hybrid deep learning architectures, such
as convolutional long short-term memory deep neural networks (CLDNN) and temporal
transformers, which are adept at intricately modelling the spatial and temporal dynamics
of battery degradation. This strategic departure from linear regression to deep learning
is instrumental in capturing the multifaceted and nonlinear aspects of battery ageing,
thereby elevating the precision and dependability of our predictions within a dynamic
100-cycle window. The rationale behind exploring temporal deep learning approaches
based on neural networks over vanilla regression lies in their superior ability to process and
learn from sequential data, providing a nuanced understanding of degradation patterns
that enhance predictive accuracy and reliability, and broadening the scope for practical
applications in battery life-cycle management.

Further, we refine the dataset through a rigorous feature engineering and selection
process, including techniques such as linear interpolation and principal component analysis
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(PCA), which enhance model training and provide a broader application range. Coupled
with precise data preprocessing and sampling techniques, such as stratified random sam-
pling and outlier removal, our methodology assures robust and dependable predictions
across varied battery use cases. The incorporation of Bayesian optimization for hyperpa-
rameter tuning is a testament to our dedication to achieving optimal model performance,
tailored specifically to the dataset’s nuances (an overview can be seen in Figure 1). It en-
compasses crucial parameters such as discharge capacity, temperature, internal resistance,
and discharge time.

To effectively address the heterogeneity within our dataset, we adopted a hybrid
approach known as CLDNN proposed by Sainath et al. [31], which stands for convolutional,
long short-term memory, and dense neural networks. CLDNN harnesses the collective
power of these neural network architectures, providing a solution to the multifaceted nature
of LIB RUL prediction. In addition, we repurposed the hybrid model called the temporal
transformer (TT) proposed by Chadha et al. [32] to enhance prediction accuracy and
robustness in LIB RUL. The TT model combines the strengths of transformer self-attention
layers and LSTM architectures, presenting a unique approach to sequential modelling that
effectively addresses the challenge of capturing long-term dependencies [33]. While the
temporal transformer shares a name with the temporal fusion transformer (TFT) introduced
by Lim et al. [34], it is important to note their architectural differences. The TFT is designed
for handling multi-modal data, allowing it to incorporate various relevant features for
forecasting tasks. In contrast, our dataset did not require such multi-modal capabilities,
leading to divergent architectural choices in our models.

Multi-step charging and constant Data

current dischargis | Clamning
B elimdel- o R N o Ensemble Neural Network architectures for spatial and temporal
== s npeeay featrures with disparate sampling rate
ATTH | £ Data Outller
4 ks Removal |
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.__\Mlilull. il Remalniing

AR RTBATS
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Lithium-ion Batiery Cells
(LiFePO4)

Figure 1. An overview of the proposed advanced data refinement and model optimization.

The remainder of this article is structured as follows. In Section 2, we delve into
the related works within the field of lithium-ion battery RUL prediction, focusing on
deep-learning approaches. Section 3 provides a comprehensive overview of our proposed
methodology, followed by a detailed account of the experimental procedure. Section 4
is dedicated to discussions regarding the outcomes of our experiments. Lastly, Section 5
closes this article with our conclusion and future work.

2. Related Works

Physics-based models (PBMs) provide valuable insights into the underlying mecha-
nisms of lithium-ion batteries but often face challenges when predicting their remaining
useful life (RUL) [2]. These models perform optimally within narrow domains, requiring a
detailed understanding of battery electrochemical processes, which can be time-consuming
and computationally intensive [3,8,35]. The simplified assumptions often made in these
models limit their ability to generalize, affecting RUL prediction accuracy. Furthermore,
parametrisation in PBMs is challenging, due to manufacturing variations and the difficulty
of obtaining precise model parameters [36,37]. These models also exhibit limited adapt-
ability to dynamic environments and high computational complexity, which hampers their
real-time applicability. Calibration and validation procedures for these models demand
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extensive data and resources [38]. Consequently, data-driven methods like machine learn-
ing have gained prominence for their ability to learn complex nonlinear relationships from
data, overcoming uncertainties, and providing a promising alternative for RUL prediction
in LIB [39-42].

2.1. Statistical Machine Learning

As previously noted, statistical machine learning methods, including support vector
machines (SVMs) [10], support vector regression with Kalman filters [43], Gaussian process
regression (GPR) [11-13], random forest [14,15], and Bayesian approaches [16-18], have
been employed for predicting battery RUL. Tong et al. [44] introduced a deep-learning-
based algorithm called adaptive dropout long short-term memory (ADLSTM) and Monte
Carlo (MC) simulations, achieving high precision with only 25% of degradation data.
Similarly, Kwon et al. [45] integrated a multi-linear regression approach with a recurrent
neural network to model LIB degradation.

2.2. Temporal Models

Temporal models, like recurrent neural networks (RNNs) and more advanced vari-
ants such as LSTM cells and gated recurrent units (GRUs), are employed to capture the
sequential nature of battery data. Lipu et al. [20] introduced a nonlinear auto-regressive
with exogenous input (NARX)-based neural network (NARXNN) for state of charge (SOC)
estimation, utilizing a lighting search algorithm (LSA) to optimise hyperparameters. Sig-
nal decomposition techniques like discrete wavelet transform (DWT), empirical mode
decomposition (EMD), and variational mode decomposition (VMD) are combined with
the NARX model in [46] to predict capacity degradation trajectories. In [47], Zheng et al.
employed a deep LSTM network followed by multiple fully connected (FC) layers, whereas
Wang et al. in [48] introduced a bidirectional LSTM architecture with additional FC lay-
ers. Chemali et al. [21] proposed an RNN architecture with LSTM for RUL estimation,
achieving low mean absolute error (MAE) values and demonstrating generalization across
different conditions.

2.3. Convolutional Models

Shen et al. [23] presented a deep convolutional neural network (DCNN) that achieved
higher accuracy than traditional methods, such as filter-based models [49-52]. However,
limitations include the fixed-size input matrix and a limited understanding of the method’s
interpretability. Following a similar approach, Li et al. [53] proposed another DCNN,
employing a time window approach for sample preparation and feature extraction. In
another work, [54], Babu et al. proposed a novel deep CNN-based regression method for
RUL estimation. Similarly, Shen et al. in [14] proposed a DCNN with transfer learning
(DCNN-TL) model, which was then integrated with ensemble learning to form DCNN-
ETL. The effectiveness of the DCNN-ETL model was then benchmarked against five other
data-driven methods including random forest regression, Gaussian process regression,
and DCNN. In another study, a temporal convolutional network (TCN) model was used
along with causal and dilated convolutions to capture local capacity degradation, but its
limitations include its applicability to other battery types and real-time implementation
challenges [24].

2.4. Hybrid Models

Ren et al. proposed an auto-CNN-LSTM model for RUL estimation, incorporating
an auto-encoder to enhance feature vectors through dimensionality reduction and fea-
ture learning, achieving accurate predictions [25]. Identified knowledge gaps include the
need for enhanced generalizability, further exploration of various temporal networks, and
improved utilization of datasets with varying feature sampling rates. Additionally, it is sug-
gested that future research should address the ageing effects, the impact of non-stationary
signals, the incorporation of relevant features, and the capture of spatial information.
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Li et al. introduced a directed acyclic graph network that combined the LSTM with the
CNN, offering a novel approach to RUL prediction [55]. Tan et al. focused on a multi-variate
time-series approach using a lightweight CNN with attention mechanisms to enhance pre-
diction accuracy [56]. Hybrid models, such as the one combining a GRU and a CNN
for state of health (SOH) estimations, presented by Fan et al., and the attention-assisted
temporal convolutional memory-augmented network (ATCMN) for RUL prediction from
limited data, proposed by Fei et al., demonstrate promise but require further exploration
and rigorous testing on more diverse datasets [57,58]. In previous work, the effectiveness
of CNN-LSTM and CNN-LSTM-Differential-Neural-Computer models was demonstrated,
showcasing not only superior predictive accuracy but also efficiency in learning temporal
dependencies with fewer epochs [59,60].

In the following section, we aim to address critical knowledge gaps identified in
the literature regarding the prediction of the RUL of LIBs. These gaps encompass issues
of robustness, accuracy, and generalizability in DDMs for battery management systems
(BMSs). To overcome these limitations, we developed end-to-end hybrid models capable
of utilizing complete datasets [61], including features with varying sampling rates. By
doing so, we intend to enhance the performance metrics for RUL estimation in LIBs
and move closer to enabling real-time implementation of these models within BMS for
practical applications. Additionally, we explored various deep learning approaches, such
as convolutional neural networks (CNNs) [62], long short-term memory cells (LSTMs) [33],
the Transformer network [63], autoencoder [64], neural Turing machines [65], differentiable
neural computers [66], and hybrid models, while considering the impact of ageing, non-
stationary signals, relevant feature incorporation, spatial information capture, and variable
ambient temperature conditions.

3. Methodology

This section presents the framework (Figure 2) of the proposed LIB RUL prediction
method. An important part of this research was the optimization of model hyperparame-
ters using Bayesian optimization techniques aimed at maximizing the models’ predictive
accuracy. The primary objective was to develop a robust predictive model for estimating
the RULs of LIBs, accounting for intricate temporal battery degradation dynamics and
feature variations in sensor measurements across different battery batches.
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Figure 2. The study pipeline begins with a dataset comprising 124 commercial LIBs that have
undergone extensive cycling until failure. Next, we implement feature selection to extract crucial
features that enhance the accuracy of RUL predictions. Following this, a series of data preprocessing
techniques are employed to clean and compress the dataset. Subsequently, stratified random sampling
is utilized to create a representative sample. Finally, we develop a variety of hybrid deep network
architectures, apply hyperparameter optimization, and evaluate these models using a testing set to
determine the best-performing model.
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3.1. Dataset Description

The dataset employed in this study consists of 124 commercial lithium iron phosphate
(LFP)/ graphite lithium-ion batteries, each with a nominal capacity of 1.1 Ah and a nominal
voltage of 3.3 V. These batteries were subjected to cycling tests until failure under conditions
aimed at fast charging within a temperature-controlled environment set at 30 °C. Our
dataset is derived from extensive data collection efforts, capturing critical parameters
such as voltage, current, temperature, and internal resistance, which were continuously
measured throughout the cycling process. The term 'continuously measured’ refers to the
collection of data at frequent, regular intervals throughout each battery’s charging and
discharging cycles. This high-resolution data capture allows for an in-depth analysis of
battery performance over time, enabling the precise modelling of degradation patterns.
The charging protocol involved an initial phase utilizing a current of C1 until reaching a
state-of-charge (SOC) of S1, followed by a transition to a current of C2 until achieving a SOC
of S2, consistently maintained at 80% for all cells. Subsequently, a constant current-constant
voltage (CC-CV) charging technique was applied for the transition from 80% to 100% SOC
atarate of 1 C, culminating at a cut-off voltage of 3.6 V [67]. The batteries’ lifetimes, defined
by the cycle count at which the capacity declined to 80% of its initial value, varied from 150
to 2300 cycles, showcasing a diverse range of degradation behaviors.

3.2. Stratified Random Sampling

Stratified random sampling was employed to create a representative dataset for the
model’s training and testing. This approach ensured that cells from different battery
batches, characterised by varying quality control protocols, were proportionally included
in the dataset. By preventing models from overfitting to specific batch attributes, this
method improved model robustness and generalisation across different LIB batches.

3.3. Feature Selection

The dataset consists of three groups of approximately 48 lithium-ion battery cells
each, to identify features critical for predicting the remaining useful life (RUL) of the
batteries. Our analysis focuses on key parameters, which include linearly interpolated
discharge capacity (Qdlin) and linearly interpolated temperature (Tdlin). These features
are standardized through linear interpolation to maintain uniform analysis conditions
across all cells, ensuring accurate predictions by aligning data on a consistent timeline.
The interpolation process applied maintains a consistent sampling rate for all cells, a
critical factor for the accurate prediction of RUL and ensuring the reliability of time-
series forecasting models. The selection also encompasses internal resistance (IR) and
discharge characteristics, which are vital for evaluating battery health and degradation.
This approach ensures the reliability of our forecasting models by providing a detailed
view of battery performance over time. These features provide descriptive, summary, and
cycle data, offering a holistic view of the batteries” operational conditions, performance
metrics, and cycle-by-cycle behaviour. This supports a nuanced analysis, leveraging Qdlin
and Tdlin alongside other selected parameters to assess battery health and predict its
lifespan effectively. The output metric, remaining cycles, is calculated to estimate each
battery’s potential duration until its capacity falls to 80% of its original value, serving as a
key indicator of its useful life.

3.4. Data Preprocessing

To prepare the data for deep neural networks, we implemented a comprehensive
preprocessing pipeline. Outliers in internal resistance, discharge time, and discharge
quantity were removed using the fill outliers function with the cubic spline method and a
moving average window of 100 (Figure 3a, Figure 3b and Figure 3c, respectively). These
figures show the features before and after preprocessing (note: these plots depict the first
cell in the first batch). Smoothing techniques, such as moving average filters with a window
size of 15, were applied to discharge data. To capture temporal dynamics in Qdlin and
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Tdlin, the sampling rate was standardized to 1000 entries per cycle. Finally, principal
component analysis (PCA) was employed to reduce the dimensionality of Qdlin and Tdlin
while preserving their salient features.
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Figure 3. Comparison of data features before and after preprocessing. (a) Internal resistance, (b) dis-
charge time, (c) discharge Quantity.
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3.5. RUL Estimation

Traditional supervised learning approaches rely on labelled training data, where each
data point is associated with a known target value. However, in the context of prognostics,
this assumption often does not hold. The remaining useful life (RUL) of individual com-
ponents is typically not known a priori, making it challenging to train predictive models
using standard regression techniques. To overcome this hurdle, researchers have explored
alternative approaches, such as employing physics-based models or utilizing machine
learning algorithms to estimate the RUL of training data. While assigning a constant RUL
value to all training points may seem like a straightforward solution, this can lead to
inaccurate representations of the actual degradation patterns and hinder the model’s ability
to generalize effectively. A more sophisticated approach involves estimating the RUL based
on a suitable model, as demonstrated by the use of a deep convolution neural network [23].
This approach offers a more realistic representation of the degradation process and can
potentially enhance the model’s predictive performance.

3.6. Metrics

A variety of metrics were used in this study. The success of the model was calculated
based on the deviation (e;) of the predicted number (model prediction ¥; : RULpegicted)
of cycles from the actual number (ground truth y; : RULy,y,) of cycles remaining after
every 100 cycle count, as shown in Equation (1). The choice of loss function significantly
impacts the outcome of RUL prediction. Along with the mean absolute error (MAE), shown
in Equation (3), and the mean absolute percentage error (MAPE), shown in Equation (4),
which simply average the absolute errors and calculate the percentage, respectively, we
also tracked the root mean squared error (RMSE), shown in Equation (2), which squares
the errors before averaging, placing greater emphasis on larger deviations. This sensitivity
to larger errors makes RMSE a more suitable metric for prognostics, where accurately
predicting RUL is crucial, and substantial errors can lead to poor performance. Additionally,
the rationale behind tracking these specific metrics is that they allow for meaningful
comparisons against state-of-the-art approaches. Success in our study is quantitatively
measured by the accuracy of our RUL prediction models. The MAE provides a direct
measure of prediction accuracy in the same units as the dataset (number of cycles), MAPE
offers a percentage-based error that is independent of the scale, and RMSE gives a sense of
the error distribution and penalizes larger errors more severely. Our success criterion was
to minimize these error metrics, thereby improving the predictive accuracy of our models.

e =i —Yi 1
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3.7. Proposed Architectures

It is worth noting that our experimentation phase encompassed the exploration of
multiple temporal hybrid models; however, we only detail the most effective models.
The most successful architectures in our study were the convolutional long short-term
memory deep neural network (CLDNN), originally proposed by Sainath et al. [31] for
natural language processing and specifically used for large vocabulary continuous speech
recognition (LVCSR) tasks [31]. In their work, CLDNN outperformed the Gaussian mixture
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model (GMM) and hidden Markov model (HMM) systems [68]. We repurposed the
CLDNN architecture for the specific task of RUL estimation.

Another noteworthy model in our investigation was the temporal transformer (TT),
initially introduced by Chadha et al. [32] for RUL estimation using the commercial modular
aero-propulsion system simulation (C-MAPSS) dataset. The TT model demonstrated
effectiveness in predicting the remaining useful life of aircraft engines. Ma et al. [69]
presented a similar use case where their model utilized multi-head attention to capture
global features from various representation sub-spaces. Although originally designed for
predicting the remaining useful life of aerospace engines, we adapted these models for
estimating the remaining useful life of lithium-ion batteries (LIB). This adaptation involved
specific architectural deviations and adjustments to hyperparameters.

Our approach follows Occam’s razor principle, which emphasizes simplicity and
efficiency in model selection without sacrificing the predictive accuracy needed for effective
RUL estimation [70]. This method allows for scalable solutions in battery degradation
prediction by using the advantages of neural network architectures while avoiding un-
necessary complexity. Regarding dataset size concerns, our hybrid deep learning models
aim to balance complexity with dataset limitations. We enhanced data utilization through
preprocessing strategies and incorporated dropout, regularization, and early stopping in
our training processes to prevent overfitting, ensuring consistent performance (please refer
to Figure 4a,b).
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Figure 4. Comparison of the CLDNN and temporal transformer architecture. (a) The CLDNN model.
(b) The temporal transformer model.

3.7.1. The Convolutional Long Short-term Memory Deep Neural Network (CLDNN)

Adapting a convolutional long short-term memory deep neural network (CLDNN),
initially developed for natural language processing (NLP) tasks with tokenized sentences,
to predict remaining useful life (RUL) in lithium-ion batteries (LIB) necessitates several
architectural and algorithmic modifications, as follows:

* Input Representation: In NLP tasks, CLDNN takes tokenized sentences as input. For
RUL prediction, the input representation needs to be tailored to the characteristics of
battery data. Time-series data from sensors measuring various parameters (voltage,
current, temperature, etc.) were used as input. The input data were reshaped into a
format suitable for time-series analysis.

e  Sequence Length and Padding: LIB data have variable lengths of sequences as the
cycle count for each battery differs, unlike fixed-length sentences in NLP. Padding or
trimming sequences to a uniform length was not necessary. The network architecture
was able to handle variable-length input sequences.

e  Temporal Features: LIB data are inherently temporal, reflecting the degradation of
the battery over time. The CLDNN architecture incorporated mechanisms to capture
temporal dependencies effectively. Long short-term memory (LSTM) layers allowed
us to model temporal patterns.

e  Feature Extraction: The features relevant to RUL prediction in LIB differ from those
important for NLP tasks. Modifications to the convolutional layers had to be made to
extract features that are indicative of the battery’s health and degradation.

e  Hyperparameter Tuning: The hyperparameters, such as learning rate (/,), filter size
(n5), kernel parameters (ks), activation functions (a), and dropout rates (d,) needed
adjustment for the new task. Bayesian hyperparameter tuning was used to optimize
the model for RUL prediction.

e  Fine-tuning: The model was fine-tuned with different optimizer choices to minimize
loss functions.
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The final optimized CLDNN architecture excels at predicting the remaining useful life
(RUL) of lithium-ion batteries. It comprises a total of 1,518,665 trainable parameters and
combines convolutional neural networks (CNN), long short-term memory (LSTM), and
dense neural networks (DNN). Each component of the network serves a specific function,
as follows:

1. CNN: The CNN layers are used for feature extraction. They capture intricate spatial
patterns within the input data, which, in this case, are time-series data from sensors
measuring various parameters like voltage, current, and temperature.

2. LSTM: The LSTM layers are used to model temporal patterns in the data. They
capture the temporal dependencies in the data, reflecting the degradation of the
battery over time.

3. DNN: The dense neural networks are used for prediction. They contribute to the
model’s regularization and refined prediction capabilities.

The CLDNN architecture for our task is shown in Algorithm 1 and Figure 4a. This
model demonstrates a strong efficiency in handling the heterogeneity of the dataset.

Algorithm 1 CLDNN

1: procedure DEFINESPATIALLAYER(Q iy, Ta1in, IR, DT, QD, hp)
Input: Quin, Tiin: Input data tensors, IR, DT, QD: Additional inputs, hp: Hyperpa-
rameters
Concatenate: (Q i, and Ty;,)

Apply Convolutional Layers and Dropout:

hy < Conv1D([Qarin, Tatinl, 1, ks, s, a, padding = same)
hy < MaxPooling1D(h)

hy Conle(hz,an,ks, s, a, padding = same)
hy < MaxPooling1D(h3)

hs Conle(h4,4nf,kS,s, a, padding = same)
he < MaxPooling1D(hs)

hy < Flatten(hy)

hg < Dropout(hy, d,)

Features Concatenation:

hg < Concatenate(hg, IR, DT, QD)

Return /g

2: end procedure

3: procedure DEFINELSTMULAYER(hy, 1, a,,)
Input: hy, ny, a,
th — LSTM(hg, Ny, au)

Return g

4: end procedure

5: procedure DEFINEDENSELAYERS(h1q, 1y, 44)
hy1 < Dense(hyg, ng,a4)

RUL < Dense(hi1,1,relu_cut)
Return: RUL
6: end procedure

3.7.2. Temporal Transformer

Adapting the temporal transformer (TT) model, which was originally designed for the
estimation of the remaining useful life (RUL) of aircraft engines, for the estimation of RUL
in lithium-ion batteries (LIB), involves several architectural differences and adjustments.
The following are some modifications that might be considered.

e Input Representation: Adjustments to the input representation to accommodate the
characteristics of LIB data were required. The original model took input sequences re-
lated to engine parameters. LIB data consists of time-series measurements of capacity,
temperature, resistance, and discharge time.

181



Batteries 2024, 10, 106

e  Attention Mechanisms: Multi-head attention mechanisms, which were used in the
original model by Ma et al. [69], needed adjustments for LIB data. Attention mech-
anisms were tailored to focus on features relevant to battery degradation patterns
about the linearly interpolated feature.

*  Model Size and Complexity: The overall size and complexity of the LIB dataset
required an increase in the size and complexity of the TT model. This involved adding
layers, adjusting attention mechanisms, and increasing the model depth, which led to
3,936,281 trainable parameters.

e Hyperparameter Tuning: Fine-tuning hyperparameters using Bayesian optimization
specific to LIB data was required. This included learning rates, the number of attention
heads, embedding dimensions, layer sizes, and dropout rates.

The temporal transformer (TT) model we used is a hybrid network that combines the
transformer and long short-term memory (LSTM). Each component of the network serves
a specific function, as follows:

1.  Transformer: The transformer’s multi-head self-attention mechanism allows the
model to decipher complex temporal dependencies within the dataset. By parallel
processing different parts of the input sequence, it extracts a rich contextual under-
standing of each data point.

2. LSTM: The LSTM units capture long-term relationships between features, enhancing
the model’s predictive capabilities.

3.  Feed-forward neural networks (FFNs): The architecture employs FFNs for further
refinement, facilitating the modelling of non-linear data relationships.

The TT algorithm is outlined in the provided Algorithm 2 and Figure 4b (note:
x € RBXTxD. input data with dimensions B x T x D, where B is the batch size, T is
the time dimension, and D is the feature dimension).

The SelfAttention function in Algorithm 2 computes weighted representations of
input data by considering inter-dependencies across multiple dimensions, employing
a scaled dot-product attention mechanism. The TransformerBlock further refines these
representations through layer normalization and feed-forward networks, enhancing their
expressiveness while retaining sequential relationships. This modular and hierarchical
structure allows the LSTM-transformer to capture patterns in sequential data, making it
versatile for offering a robust solution for accurate RUL predictions in lithium-ion batteries.

3.8. Hyperparameter Optimization

The hyperparameter tuning for the proposed LIB RUL prediction models was achieved
using Bayesian Optimization. Hyperparameter tuning is a critical step in the development
of machine learning models, involving the search for optimal configurations to enhance
predictive accuracy [71]. In this study, Bayesian optimization was chosen due to its ef-
fectiveness in handling non-linear and complex search spaces. Unlike traditional grid
search or cross-validation methods [72], Bayesian optimization uses probabilistic models to
predict the performance of different hyperparameter configurations, guiding the search
toward promising regions [73]. This is particularly beneficial in high-dimensional spaces,
where an exhaustive search becomes computationally expensive.

The specific implementation of this tuning process utilized the Keras Tuner library [74],
a choice motivated by its compatibility and ease of integration with deep learning models
(which can be seen in Algorithm 3). The process began with the definition of a hypermodel
class, referred to as “MyHyperModel”, derived from Keras Tuner’s “HyperModel” class. This
class encapsulated not only the architecture of the LIB RUL prediction models, including
CLDNN or TT but also the hyperparameters” search space. Furthermore, a specialized
Bayesian optimization tuner class, named “MyBayesianOptimizationTuner”, was created
by extending the “BayesianOptimization” class from Keras Tuner. This custom tuner was
configured to minimize the validation mean absolute error (MAE), thereby optimizing the
models” performance.
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Algorithm 2 Temporal Transformer

1

: procedure DEFINETIMEDISTRIBUTEDLAYER(Q 41111, Taiin, hp)
Input: Qgyin, Taiin € REXT*P and Hyperparameters hip > Qdlin, Tdlin: Input data
tensors, hp: Hyperparameters

Concatenate: (Q i, and Ty;,) > Merge input features
Apply TimeDistributed Dense Layer and Dropout: > Feature transformation and
regularization

h < TimeDistributedDense([Q1in, Tarin], hp)

Flatten & > Prepare for Transformer input
Return [Qujin, Tiiin) > Linearly interpolated features compressed

end procedure

procedure DEFINESTRUCTURING(hp, IR, DT, QD)

Extract Hyperparameters: embed_dim, num_heads, ff_dim, Istm_units, dense_units >

Model configuration parameters

Define Inputs: IR, DT, QD > Additional model inputs

Features Concatenation: [Qyji,, Ty1in, IR, DT, QD] > Combine all input features

Apply TimeDistributed Dense Layer and Dropout: > Further feature transformation
h < TimeDistributedDense([Qgiin, Taiin, IR, DT, QD], hp)

Flatten K > Prepare for Transformer block

Return [Qjin, Taiin, IR, DT, QD] > We now proceed to apply the attention mechanism

across each data point

5. end procedure

10:
11:
12:

13:

procedure DEFINEMULTIHEADSELFATTENTION(x, Dy;) > Uses three sets of weight
matrices W,, Wi, Wy, to transform the input data into query (Q), key (K), and value (V)
Input: x € REXT*D D, > Obtained from DefineStructuring()
Parameters: W,, Wy, W, € RP*Pr, W, € RP#*D 1> Dy, is number of attention heads, W
is weight matrices

Q, K,V < xW,, xW, xWy

H « Attention(Q, K, V) > Computing attention scores Q and K representations,
obtained by linear transformations using W, and W;.

h < HW,

Return 1

end procedure

procedure DEFINETRANSFORMERENCODERBLOCK(x, Dy, F)

Input: x € RBxXTxD ‘D, 'F

Parameters: W, Wy, W, € RP*Pr, W, € RP<D Wy, W, € RP*F by, b, € RF & Fis the
feedforward dimension

h + MultiHeadSelfAttention(x, Dy,)

h < LayerNorm(h + x) > Apply layer normalization to & + x
u < Wih+ by > Perform a linear transformation on / and add bias by
u < ReLU(u) > Apply the ReLU activation function for non-linearity
v <+ Wou+by
z < LayerNorm(v + h) > Perform another linear transformation
Return z € RBXTxD

end procedure
Dropout Layer
LSTM Layers: > LSTM for sequential data processing
hy < LSTM(z, Istm_units)
Dense Layers: > Dense layer for feature extraction
hy < Dense(hy, dense_units, activation) > Output layer for remaining useful life
prediction
RUL < Dense(hy, 1, relu_cut)

: Return: RUL € RB*1 > Final model output
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Algorithm 3 Hyperparameter Optimization with Keras Tuner

1: procedure DEFINEHYPERMODELCLASS
Class MyHyperModel(HyperModel):
Inputs: > Define hyperparameters and model architecture
Define build: > Build and compile models with varying hyperparameters (e.g.,
CLDNN, TRANSFORMER-LSTM)
Return model

2: end procedure

3: procedure DEFINECUSTOMBAYESIANOPTIMIZATIONTUNER
Class MyBayesianOptimizationTuner(BayesianOptimization):
Define initialization: > Define custom Bayesian Optimization tuner
Define on_error: > Handle errors during the optimization for increased modularity
and robustness

4: end procedure

5: procedure HYPERMODELINSTANCEANDTUNER
Instantiate Hypermodel and Tuner:
hypermodel - MyHyperModel(...)
tuner <— MyBayesianOptimizationTuner(hypermodel, objective=val_mae) > Optimize
for the lowest validation MAE
tuner.search(max_trials=100, epochs=10, dataset_train, batch_size=512)

6: end procedure

7: procedure BESTHYPERPARAMETERSANDMODEL > Extract optimized
hyperparameters and associated weights
best_hp <« tuner.oracle.get_best_trials(1)
best_model.set_weights(tuner.get_best_trial().get_weights())

8: end procedure

The hyperparameter search was conducted over a substantial span of 100 trials, en-
compassing 10 epochs for each trial on the training dataset. This comprehensive approach
ensured a thorough exploration of the hyperparameter space, thereby identifying configu-
rations that yield the most accurate predictions. Finally, the performance of the optimized
models was rigorously evaluated on the validation dataset, ensuring the reliability and
effectiveness of the hyperparameter tuning process in enhancing the predictive capabilities
of the LIB RUL prediction models.

After completing the search, the optimal hyperparameter set was retrieved, and a
new model was built using these parameters. This process ensured that the final CLDNN
and TT model was fine-tuned for optimal performance, leveraging the power of Bayesian
optimization to navigate the hyperparameter space efficiently.

4. Results and Discussion

This section presents and compares our findings and results to other algorithms,
leveraging the validation data. During model development, it became evident that the
most effective models necessitated two cardinal attributes. Firstly, they were required to be
capable of managing sparse data by proficiently extracting significant features. Secondly,
they were expected to possess the capability to learn both temporal and spatial relationships
between the features, and the remaining cycles of each lithium-ion battery.

After these findings, a comparative analysis was undertaken among an assortment of
hybrid models, which embraced these two critical characteristics. The performance of these
models is visually presented in Figure 5a—c where key performance indicators such as loss,
mean absolute error (MAE), mean absolute percentage error (MAPE) and mean squared
error (MSE) are prominently depicted. It is noteworthy that each figure includes a compari-
son of all the hybrid neural network architectures developed, encompassing the baseline
CLDNN, the optimized CLDNN, the transformer-LSTM, and its optimized counterpart.
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Figure 5. Comparison of error metrics between the top-performing models and other tested

models, as detailed in Table 1. (a) MAE—mean absolute error for the best performing models.
(b) MAPE—mean absolute percentage error for the best performing models. (¢) MSE—mean squared
error for the best performing models.

4.1. Comparing All the Tested Temporal Models

When placed in contrast with other models that embody the desired characteristics,
such as convolution neural network—differential neural computer (CNN-DCN), CNN-
LSTM-neural Turing machine (CNN-LSTM-NTM), CNN-transformers, and transformer—
autoencoder, it becomes evident that these models exhibit higher error metrics, thereby
underscoring their relative inefficacy in accurately predicting the RUL for lithium-ion
batteries, as can be seen in Table 1.
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Table 1. Results of six different ensemble NN models.

Model MSE MAE MAPE RMSE %
CLDNN 0.6754 84.012 25.676 0.8218
CNN-DCN 1.402 95.6365 46.408 1.1841
CNN-LSTM-NTM 1.333 284.887 - 1.1546
Transformer-LSTM 0.7136 85.134 28.7932 0.8444
CNN-transformers 0.6783 92.127 36.981 0.8236
Transformer—autoencoder 1.524 288.951 - 1.2345

4.2. Best Performing Models

In the course of assessing these results, two models, namely the convolutional, LSTM,
densely connected (CLDNN) and the transformer-LSTM (temporal transformer), emerged
as the most proficient in predicting the RUL, as outlined in Table 1 and Figure 5. The
CLDNN model exhibited an MAE of 84.012, a MAPE of 25.676, and a MSE of 0.6754.
Conversely, the temporal transformer model recorded a MAE of 85.134, a MAPE of 28.7932,
and a MSE of 0.7136. To view the model’s training duration, please refer to Figure 6.
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Figure 6. Training times of the baseline and optimized models in seconds.

4.3. Observations

Several key observations were drawn from the hyperparameter setups (Tables 2 and 3)
of the best-performing hybrid models.

¢  The optimized temporal transformer had fewer embedding dimensions and a lower
number of attention heads compared to the original model. This meant that the
original model was over-parametrised.

e Both transformer-LSTM and CLDNN models have ‘optimized’ versions with distin-
guishable hyperparameter configurations. For instance, the dense layer in the opti-
mized models contains an increased number of units, with the optimized transformer—
LSTM model having 64 units, compared to its original 40. Additionally, the optimized
configurations have a reduced dropout rate and learning rate.

¢ With a learning rate of 0.001, the original transformer-LSTM model is ten times more
robust than its optimized counterpart, which has a learning rate of 0.0001, preventing
gradient explosion and overshooting the minimum in the optimized model.
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Table 2. Hyperparameter comparison for CLDNN.

Parameter Original Optimized
Convolution filter 56 44
Convolution kernel 27 12
Dense layer Activation tanh tanh
Dense layer units 40 64
LSTM layer activation tanh tanh
LSTM layer units 132 108
Dropout rate-CNN 0.45 0.3
Dropout rate-LSTM 0.4 0.3
Output activation relu relu_cut
Learning rate 0.001 0.0001

Table 3. Hyperparameter comparison for transformer-LSTM.

Hyperparameter Original Optimized
Embedding Dimension (embed_dim) 64 32
Number of Attention Heads (num_heads) 8 2
Hidden layer size (ff_dim) 32 32
Dropout after attention 0.3 0.2
Dense layer activation tanh tanh
Dense layer units 40 64
LSTM layer activation relu tanh
LSTM layer units 132 108
Dropout rate-LSTM 0.4 0.3
Output activation relu_cut relu
Learning rate 0.001 0.0001

4.4. Comparing Convolutional-Long Short-Term Memory—Deep Neural Network (CLDNN) and
Temporal Transformer (TT) Models to Existing Approaches

In comparing our results to other approaches in the literature, several standout mod-
els, namely autoencoder—-DNN, auto-CNN-LSTM, and ATCMN, exhibit relevance and
importance to our research. These models, as presented in Table 4, share a hybrid deep
learning architecture similar to ours, combining different network architectures to enhance
prediction. Notably, they distinguish themselves by predicting the remaining useful life
(RUL) of batteries in terms of remaining cycle counts, aligning with our research objectives
and providing a more actionable metric for battery health management compared to other
models that predominantly focus on binary classification tasks (predicting whether the
battery has remaining cycles or has surpassed the end of life threshold). While these models
bear significance due to their hybrid architecture and cycle count prediction approach, our
CLDNN and transformer-LSTM models demonstrate superior performance in RUL predic-
tion for lithium-ion batteries (LIBs), especially when compared to other temporal models
like LSTM-RNN, Deep-CNN, and Temporal-CNN [75]. Table 4 also highlights the average
inference time during the validation of each of the approaches. The average inference time
of the CLDNN and TT is also reasonable, making them efficient for real-time applications.

The ATCMN model, as described by Fei et al. [58], utilizes discharging time, volt-
age, and capacity for RUL estimation. In contrast, our models demonstrate superior
performance in predicting remaining cycles for LIBs within a 100-cycle moving window,
employing a CC-CV (constant current—constant voltage) charge policy. The CC-CV charg-
ing approach involves initially charging the battery at a constant current until a set voltage
threshold is reached, followed by maintaining this voltage while the current gradually
decreases as the battery becomes fully charged. This method is widely used due to its
effectiveness in extending the battery’s lifespan and optimizing its performance. Typical
parameters of the CC—CV charge policy include the constant charge current, the voltage
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threshold at which the transition to constant voltage occurs, and the termination current at
which the charge cycle is considered complete. These parameters are not dynamic but are
predetermined based on the battery’s characteristics and the desired charging performance.
The Auto-CNN-LSTM model by Ren et al. [25] operates on a distinct dataset with less
variation and limited diversity in input parameters, which the authors acknowledge. This
disparity in datasets, compared to our more extensive and diverse dataset, may lead to
variations in outcomes between the two models. Our comprehensive dataset provides
a robust foundation for modelling and prediction, ultimately enhancing the reliability
and applicability of our findings, especially when considering real-time variables such as
voltage, capacity, battery body temperature, and internal resistance within the 100-cycle
moving window.

Table 4. Caparison of CLDNN and TT against other deep learning algorithms.

Model MAE RMSE  MAPE Avg. Inference Time
Auto-CNN-LSTM [25] - 5.03 - -

ATCMN [58] 84 - 32.8% 18 ms

Deep CNN [23] - 1.986 - 12.3 ms

Deep CNN transfer-learning [14] - 1.361 - 133.9s

CLDNN (ours) 84.012 0.8218 25.676 % 155 ms
Transformer-LSTM (ours) 85.134 0.8444 28.7923%  16.7 ms

5. Conclusions and Future Work

This study addresses the critical challenge of accurately estimating the RUL of LIBs
within the context of electric vehicles. By leveraging deep learning techniques and utilizing
a rich dataset from the Toyota Research Institute, we have developed and evaluated two
hybrid models: CLDNN and TT. Our contributions encompass the creation of a pre-
processed high-quality dataset through stratified random sampling, by implementation of
a comprehensive data preprocessing pipeline, and the development of two hybrid models.
This pipeline ensures feature consistency and captures temporal dynamics, thereby laying
the foundation for precise RUL predictions.

Both the CLDNN and TT models exhibited commendable performance, surpassing
existing approaches with mean absolute errors (MAEs) of 84.012 and 85.134, respectively.
Furthermore, they demonstrated improvements in mean absolute percentage error (MAPE),
which ranged from 4.01% to 7.12%. These models prove to be well-suited for LIB RUL
prediction, making substantial contributions to battery recycling and sustainability within
the electric vehicle industry. Additionally, these models demonstrated superior inference
time, highlighting their efficiency and applicability in real-world scenarios where rapid
decision-making is crucial. This enhancement in inference speed, combined with their
predictive accuracy, positions the CLDNN and TT models as highly effective tools for
advancing the reliability and efficiency of battery systems in the electric vehicle sector.

While the current achievements in battery health estimation models are commendable,
there are several avenues for improvement. Expanding the validation of these models to a
wider array of real-world datasets is essential to strengthening confidence in their practical
applicability. Investigating advanced techniques such as complex data augmentation,
and alternative ensemble methods, and exploring the potential of liquid neural networks
(LNNSs) could lead to improvements in model performance, offering more adaptable and
robust solutions for battery health estimation. Additionally, the application of graph neural

188



Batteries 2024, 10, 106

networks (GNNSs) in explaining the lithium-ion battery’s (LIB) remaining useful life (RUL)
has been suggested as a means to reduce the number of parameters while potentially
outperforming traditional physics-based models. Incorporating diverse battery chemistries
into future research is also critical. The current dataset is limited to a specific type of
battery (lithium ferrous phosphate/Gr, 1.1 Ah, 3.3 V), which may not fully represent the
performance across different battery types. By including a variety of battery chemistries,
such as LFP batteries with a capacity of 3 Ah or nickel cobalt manganese (NCM) batteries
with a capacity of 3 Ah and a nominal voltage of 3.8 V, models can be trained to generalize
better across different battery systems. The benefit of including diverse battery chemistries
lies in the ability to create more universal and robust predictive models that can adapt to
various battery behaviours and degradation patterns, ultimately leading to improved safety,
reliability, and efficiency in battery usage. Additionally, a more exhaustive comparison
with existing RUL prediction methods, encompassing both traditional statistical models
and contemporary machine learning approaches, could be conducted.

Despite these achievements, several areas for future improvement have been identified.
Real-world implementation and validation on a broader dataset are crucial for bolstering
confidence in the models” applicability. Exploring complex augmentation methods, alterna-
tive ensemble solutions, and liquid neural networks (LNNs) [76-78] could further refine
model performance and introduce more efficient, adaptable, and robust approaches to
battery health estimation. There is also potential for the use of explaining the LIB RUL using
graph neural networks, which have also been shown to significantly reduce parameter
count and perform better than their traditional physics-based model counterparts [79,80].
Future research may leverage LNNs or GNNs, known for their dynamic adaptability, to
potentially enhance RUL prediction for LIBs. With reduced computational intensity, these
networks may offer superior generalization and efficiency for large-scale applications like
electric vehicle battery management systems.

Reducing parameter counts to enhance model efficiency, measuring processing times
in online scenarios, and investigating the alignment between hyperparameter optimization
and a comparison between physics-based models are promising avenues for future research.
In conclusion, while this study represents a significant step forward in battery health
estimation, ongoing research should focus on diversifying data sources, simplifying model
complexities, and exploring emerging technologies, such as LNNs, to further advance
this field.
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Abbreviations

The following abbreviations are used in this manuscript:

ANN Artificial neural network

AE Autoencoder

BMS Battery management system
CLDNN  CNN-LSTM-deep neural networks
CNN Convolution neural network
DDA Data-driven approaches

DL Deep learning

EOL End of life

EM Electrochemical model

GPR Gaussian process regression

IR Internal resistance

LSTM Long short-term memory

LIB Lithium-ion batteries

MAE Mean absolute error

MAPE Mean absolute percentage error
QD Quantity of discharge

Qdlin Linearly interpolated discharge capacity
DDM Data-driven model

RUL remaining useful life

RMSE Root mean square error

RNN Recurrent neural network

SOC State of charge

SOH State of health

SVM Support vector machine

Tdlin Linearly interpolated temperature
1T Temporal transformer
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Abstract: Innovative carbon reduction and sustainability solutions are needed to combat climate
change. One promising approach towards cleaner air involves the utilization of lithium-ion batteries
(LIB) and electric power vehicles, showcasing their potential as innovative tools for cleaner air.
However, we must focus on the entire battery life cycle, starting with production. By prioritizing
the efficiency and sustainability of lithium-ion battery manufacturing, we can take an essential step
toward mitigating climate change and creating a healthier planet for future generations. A comprehen-
sive case study of the leading LIB manufacturers demonstrates the usefulness of the suggested hybrid
methodology. Initially, we utilized the Malmquist model to evaluate these firms’ total efficiency while
dissecting their development into technical and technological efficiency change components. We
employed the Epsilon-Based Measure (EBM) model to determine each organization’s efficiency and
inefficiency scores. The findings show that the EBM approach successfully bridged the gap in the LIB
industry landscape. Combined with the Malmquist model, the resulting framework offers a powerful
and equitable evaluation paradigm that is easily applicable to any domain. Furthermore, it accurately
identifies the top-performing organizations in specific aspects across the research period of 2018-2021.
The EBM model demonstrates that most organizations have attained their top level, except for A10,
which has superior technology adoption but poor management. A1, A2, A4, A6, A8, A9, and A10
were unable to meet their targets because of the COVID-19 pandemic, despite productivity improve-
ments. A12 leads the three highest-scoring enterprises in efficiency and total productivity changes,
while A3 and A5 should focus on innovative production techniques and improved management.
The managerial implications provide vital direction for green energy practitioners, enhancing their
operational effectiveness. Concurrently, consumers can identify the best LIB manufacturers, allowing
them to invest in long-term green energy solutions confidently.

Keywords: EBM; lithium-ion batteries; DEA Malmquist; manufacturing efficiency; green energy;
Epsilon-Based Measure (EBM); a DEA application procedure

1. Introduction
1.1. Overview of the Lithium-lon Batteries Industry

Lithium-ion batteries have emerged as a dominant technology for portable electronics,
electric vehicles, and renewable energy storage due to their high energy density, long life
cycle, and environmentally friendly characteristics [1]. As the demand for lithium-ion
batteries continues to grow, it becomes imperative to assess the efficiency of lithium-ion
battery manufacturers to optimize their performance and ensure sustainable production
practices. The global lithium-ion battery industry has experienced remarkable growth, with
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a market value of USD 42.30 billion in 2020 [2-5]. It is projected to reach approximately
USD 160.21 billion by 2026, growing at a CAGR of around 26.04% [6,7]. This growth can be
attributed to several key factors driving the expansion of lithium-ion battery technology.

Firstly, increasing environmental concerns and the need to mitigate carbon emissions
from conventional automobiles have spurred the adoption of electric vehicles worldwide [8].
Strict emission standards imposed by the highest authorities in many countries have
accelerated the shift towards electric cars, which has fueled the demand for lithium-ion
batteries as a preferred choice for powering electric vehicles [7].

Furthermore, the decreasing lithium-ion battery prices and rising investment by
market players in research and development to launch batteries with an advanced capacity
have contributed to the market growth. Introducing new market participants and model
variations for electric vehicles has intensified competition and led to innovations to reduce
production costs, further propelling the demand for lithium-ion batteries [9].

Governments of several developing countries are also promoting the adoption of
electric vehicles through assistance and incentives for production, consumption, and the
development of public charging infrastructure [4]. This encouragement has created a
favorable environment for the expanding demand for lithium-ion batteries. Besides that,
lithium-ion batteries” small size, excellent energy efficiency, and low price make them
an attractive choice for various applications, including manufacturing, automobile, elec-
tronic devices, healthcare gadgets, telecommunication buildings, and other sectors [3,10,11].
The expanding applications of lithium-ion batteries in diverse industries such as mili-
tary, aviation, smart grid, and passenger cars are expected to boost the market growth
further [4,12,13]. The global LIB industry is segmented based on category, structure, em-
ployment, market competition, and geographic distribution. A flourishing industry propels
the strong demand for lithium-ion battery technology in the thriving automotive sector,
an amplified allocation of electric vehicles, and a growing presence of market players in
this domain [7].

The global LIB industry is witnessing robust growth driven by increasing environ-
mental concerns, declining prices, investments in research and development, government
incentives, and expanding applications [14]. The projected growth in the automotive and
traction segment and the overall market presents significant opportunities for manufactur-
ers, investors, and other stakeholders in the lithium-ion battery industry.

1.2. Research Gap and Research Motive

Despite the increasing demand and widespread use of lithium-ion batteries in various
applications, there is still a research gap in evaluating the efficiency of lithium-ion battery
manufacturers. The current research mainly focuses on assessing the performance of
lithium-ion batteries in terms of energy storage capacity, durability, and safety features.
However, limited research addresses the efficiency of manufacturers producing these types
of batteries. An efficiency evaluation is crucial for manufacturers because it provides
detailed information about their operational performance and identifies areas that need
improvement. Traditional efficiency evaluation methods, such as Data Envelopment
Analysis (DEA) and its variations, have been widely used in various industries to measure
efficiency. However, there is still a lack of research applying DEA and other advanced
methods to evaluate the efficiency of lithium-ion battery manufacturers.

The primary motive of this study is to bridge the research gap by assessing the
efficiency of lithium-ion battery manufacturers using a DEA approach, especially the
Malmquist and the Epsilon-Based Measure (EBM) model. The DEA Malmquist model is a
widely used method for evaluating the efficiency of a Decision-Making Unit (DMU) over
time. The EBM model is a relatively new approach incorporating undesirable outputs in
the efficiency assessment process.

By employing these advanced methods, this research aims to provide a comprehensive
and accurate assessment of the efficiency of lithium-ion battery manufacturers. This assess-
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ment can help identify best practices, benchmarking targets, and areas for improvement in
the manufacturing processes of lithium-ion batteries.

Furthermore, the research motive extends to academic contributions by adding to
the existing literature on efficiency assessment methods for lithium-ion battery manufac-
turers. This research can contribute to operations management, industrial engineering,
and sustainable energy research by applying advanced efficiency assessment techniques
to a specific context, i.e., lithium-ion battery manufacturing. The findings of this study
can serve as a reference for future research and provide insights for researchers inter-
ested in efficiency assessment methods in the context of battery manufacturing and other
related industries.

This study is to fill the research gap by assessing the efficiency of lithium-ion battery
manufacturers using advanced methods such as the DEA Malmquist and EBM models. We
will compare the results obtained from this approach to provide a comprehensive and com-
pelling assessment of the efficiency of LIB manufacturers. This comparison will highlight
the similarities and differences between the two models in evaluating the efficiency of LIB
manufacturers, further enhancing the rigor and credibility of our research. The findings of
this research can have practical implications for manufacturers and policymakers in the
battery industry, as well as academic contributions to the literature on efficiency assessment
methods in the context of battery manufacturing.

The findings are presented in the study using a systematic framework. Section 2
thoroughly examines DEA models and their specific applications in the literature. Section 3
provides an overview of the research method and dives into the theoretical features of the
Malmquist and EBM models. Section 4 presents a case study concentrating on the LIB
industry as an example of the suggested methodology’s efficacy and relevance in solving
performance assessment issues in the marine industry. The report summarizes the most
relevant findings, highlights contributions, recognizes potential limits, and suggests future
research prospects in Section 5.

2. Study Process and Related Works
2.1. Study Process

This paper presents an innovative and incorporated approach for assessing the effi-
ciency of the top twelve lithium-ion battery companies from 2018 to 2021. Our proposed
model combines Data Envelopment Analysis (DEA) Malmquist and Efficiency-Based
Measure (EBM) techniques, offering a comprehensive and sophisticated framework for
evaluating efficiency in this context [15,16]. The research process for assessing the efficiency
of lithium-ion battery manufacturers using the DEA Malmquist and EBM model can be
outlined in three main phases, as demonstrated in Figure 1.

Phase 1: Problem Analysis and Objective Definition

We expect to find and examine the challenges connected to analyzing the efficiency
of lithium-ion producers throughout this phase of the research. We established a precise
research objective with specified targets and measurable outcomes.

Phase 2: Data Collection and Analysis

This phase involves selecting the appropriate inputs and outputs for the DEA
Malmquist model based on the study objectives and available data. Total assets, lia-
bilities, and SG&A expenses are determined for entry. Based on the study objectives and
open data, revenue and gross income are chosen as the outputs for the DEA Malmquist
model at this step. A Pearson correlation test assesses data homogeneity and isotonicity,
which ensures the study’s validity. As part of this total productivity evaluation, the DEA
Malmquist model measures lithium-ion producers” “technical efficiency change (catch-up)”
and “technological investment (frontier shift)” [17-20]. Before proceeding to the next
stage, a diversity affinity test is run to double-check the diversity and affinity coefficient
indices [16].
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Figure 1. The research framework for a lithium-ion industry assessment.

Phase 3: EBM Model and Results Analysis

In this phase, we utilized the Epsilon-Based Measure (EBM) model to determine scores
for the efficiency and inefficiency of the Decision-Making Units (DMUs), also known as
lithium-ion battery producers, based on the DEA Malmquist model outputs. These scores
rank DMUs based on their ability to manufacture lithium-ion batteries. The efficiency and
inefficiency scores are evaluated, and the findings are interpreted considering the research
objectives. The implications of the results are discussed, as well as the research’s limitations
and potential paths for additional exploration. The study draws several conclusions and
makes recommendations to various stakeholders, including practitioners and policymakers
in the lithium-ion manufacturing industry.

Combining the DEA Malmquist and EBM models, this three-phase research process
offers a comprehensive approach for evaluating lithium-ion manufacturers’ efficiency,
considering total productivity change and efficiency scores while ensuring data integrity
through a correlation analysis and diversity affinity testing.
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The integrated DEA Malmquist and EBM models proposed in this manuscript offer
a cutting-edge approach for assessing efficiency in the lithium-ion battery industry, ac-
counting for technical efficiency change and technological investment. Using a Pearson
correlation analysis and diversity and affinity coefficient index verification further strength-
ens our findings’ robustness. The results of this study are expected to provide valuable
insights for stakeholders, including policymakers and researchers, in the lithium-ion bat-
tery industry and contribute to the existing literature on efficiency assessments in the field
of battery technology.

2.2. Related Works

Some noteworthy studies implemented the efficiency evaluation problems for busi-
nesses and manufacturers by combining the Malmquist and EBM models in diverse ap-
proaches. Mykhalovskiy et al., 2004 give thoughts, reviews, and evaluations to assist
in developing more comprehensive social scientific research of EBM [21]. Li et al., 2020
utilized a modified meta-two-stage EBM Malmquist approach to investigate regional dis-
parities in thirty-one Chinese cities” economies, energies, environments, health, and media
during 2014-2016 [22]. A quantitative method was used by Rusli et al. to evaluate the
logistics sector in Malaysia before and after the COVID-19 pandemic by comparing the
sector’s effectiveness and efficacy using the EBM and Malmquist index approaches. [23].
Data envelopment analysis is used to analyze the energy efficiency of China’s coastal
regions in terms of air emissions between 2000 and 2012 (Qin et al., 2017) [24]. Carbon
dioxide, sulfur dioxide, and nitrogen oxide emissions are all negative consequences of
energy consumption.

Under the new regulation, the process by which banks develop appropriate internal
judgments for absorbing international strategic capital becomes crucial for managing banks.
Constant productivity improvements will lead to long-term growth; thus, the goals of
this study are as follows: (1) to figure out the connection between international strategic
ventures and improvements in the output of China’s banks and to validate the effectiveness
of implementing overseas strategic investing; (2) to determine the best overseas ownership
percentage; and (3) to illustrate the impact of overseas strategic expenditures on China’s
financial institution efficiency, i.e., the way it transmits between institutions [25].

Cheng et al., 2019 discover that the Malmquist trend of total factor productivity
indicators corresponds with the findings from the best practice gap change (BPC) and
pure technological catch-up indexes (PTCU), indicating that the BPC and PTCU indexes’
innovation effects are the primary factors responsible for productivity improvement [26].
Lu et al. 2020 use a three-stage DEA model and a period neural network framework
to assess and forecast total factor productivity in Chinese petroleum enterprises [27].
From 2009 to 2018, the panel data from 50 publicly traded Chinese petroleum companies
were used. A three-stage Data Envelopment Analysis (DEA) model was used to exclude
environmental and random effects. As a result, the radial basis function neural network
prediction model was employed to forecast the total factor productivity of publicly traded
petroleum businesses over the following two years.

A two-phase DEA methodology based on EBM and Malmquist is used to investigate
the effectiveness of maritime transportation in European countries. The results identify
the most prosperous nations across multiple economic sectors from 2016 to 2019 and
demonstrate that the research gap in applying the EBM method to marine transport has
been successfully filled [28].

3. Resources and Procedures
3.1. The Malmquist Model Theory

It is necessary to precisely check the positive correlation between the variables utilized
for analysis to guarantee the validity and reliability of the Malmquist model. The Pearson
correlation test is the answer to this problem. Statistical analysis is a standard tool in the
academic world. The Pearson correlation coefficient, denoted by the symbol (Hpy), is a
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standardized measure of the linear association between two variables. It is computed
using Equation (1) and takes on values between +1 and —1, with larger values indicating a
stronger linear relationship. A correlation coefficient around +1 indicates an almost ideal
linear relationship between the variables, lending credence to the study. Thus, confirming
the validity and accuracy of the study data is crucial by carefully applying this Pearson
correlation test at the outset of employing the DEA Malmquist model.

All variables utilized in the analysis must have a negative correlation before the
Malmquist model can be applied successfully. A correlation test should be used to guar-
antee this criterion is met. When the coefficient of correlation between two variables is
high, they have a strong relationship. However, the Pearson correlation coefficient value
is directly proportional to the link between the two parameters. When the value of the
correlation is lower, the link is weaker. The correlation coefficient has a fixed value of —1 to
+1, which is almost perfect if it falls within a range of £1.

Hyy — —Zi1(Pi p)(qz 7)
\/Zz V(i =P X (0 —7)

The fundamental goal of the MPI is to investigate alterations in the performance of
the production of many DMUs during a period when assessed by the outcome of relative
efficiency change (catch-up) and “technological change (frontier)” [29]. Catch-up efficiency
refers to a DMU’s extraordinary reaction to a difference in effectiveness. The phrase
“frontier shift” relates to how DMUs withstand technological innovation from one period
to another.

The two periods in the DEA analysis are known as (1m;, 1;) for the first and (m2, n;j?)
for the second with a particular DMU;. To determine the efficiency score DMU; (m;, n;) 1,
the frontier’s effectiveness is tp: d'2((m;, ni)t1 (1=1,2and t, =1, 2)

With a certain DMU;, the analysis’ two-time frames have been introduced as (m;, 1;)
for the initial duration and (m;?, n;?) for the following duration. Frontier effectiveness is
to: d'2 (m;, ni)tl (t1 =1,2 and t, = 1, 2) to evaluate the score of efficiency DMU; (m;, n;) .
The relative efficiency shift in Equations (2)-(4) will be calculated as follows using the for-
mulas for the frontier-shift index (FSI), Malmquist productivity index (MPI), and catch-up
index (CA).

)

d> ((m;, ni))z
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Detailed explanations of all the variables:

Catch-up Index (CI): Fare et al. divided the entire change in productivity into those
that are related to a shift in the efficiency border that separates the times of t and the t + 1
period, with the cause being due to the efficiency of the unit “catch-up The catch-up ratio
represents the change in efficiency over the cross-section of the unit operating as we go
from t to 1 + t[30,31]. The phrase “boundary shift” refers to the difference in the efficiency
boundary between period t and time 1 regarding the amount of input needed to keep a
particular output level while operating optimally.

Frontier-shift Index (FSI): FSI indicates the new research and development (R&D)
innovations and skills; for example, breakthrough creation of procedures and systems or
technological change. It is essential to know how far one is from the R&D technical frontier
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and how rapidly one may reach it via upgrading machinery and procedures. A formula
calculates the “boundary shift” in R&D advancement.

Malmquist Productivity Index (MPI): The index tracks productivity growth over time,
breaking it down into efficiency and technological advancement increases using a DEA-like
nonparametric technique, separating productivity into technological advancement and
efficiency catch-up calls for using current data and temporal adjustments in the research
period. The MP1L is a distance function from the equations” measurements at times t and
t + 1. It is calculated as the result of DEA-derived catch-up (recovery) and frontier-shift
(innovation) elements using the nonparametric approach.

Using the abovementioned methodologies, we can identify whether a DMU’s overall
efficiency factor rises or falls. There is a chance that efficiency will either increase or
decrease because of catch-up or frontier efficiency. As calculated above, the DMU's total
effectiveness of factors reflects comparative and technologically innovative performance
improvements or decreases. CA, FSI, and MPI figures may vary by more than, less than,
or equal to one, showing if a DMU is moving forward, backward, or remaining constant
between the two periods.

3.2. The EBM Theory

Since it involves determining efficiency, DEA can handle several input and output
parameters. The Charnes-Cooper—Rhodes (CCR) model finds an optimal proportional
change in input and output quantities while ignoring the emergence of excess inputs
or deficient outputs in a DMU (known as a radical approach because it only considers
proportional changes in inputs and outputs) [32-34]. Although it does not focus on the
proportion of output and input changes (non-radial technique), the Slack-Based Measure
(SBM) must deal with slacks directly. SBM simulations (non-radial slack variable efficiency),
are based on the efficiency of slack variables but do not use the radial estimate assumption,
and aim to optimize output and input inefficiencies by picking locations farthest from
the border [16,35-37]. They lack data on the ratio used to compute the efficiency front
projection during the technique. The final findings are rarely as accurate as the estimates
because there is so much possibility for improvement. To solve this issue, Tone offered
three Epsilon-Based Measurement (EBM) models with “radial and non-radial components”
in 2010 [16]. Among the designs were “input-oriented, output-oriented, and non-oriented”
and “non-oriented” [16,25,37]. The models considered both non-radial and radial features.
When input-oriented EBM (EBM I-C) for DMU, = (x,, x,) is used, the standard “unguided
EBM calculation model” can be stated in Equation (5) as follows.

3 = min 6 —e, )", wrs
0,A, s~ io
Subject to
n
Z ij ]—wa—s;,zzl,...,m (5)

'Zlyij)\j > Yror=1,...,8
]:
Ai>0,j=12,...,ns; > 0,i=12,...,n

s; and w;" reflect the weight and slack present in the A; input, respectively, &x is a
variable that uses input scattering to reflect peripheral Characterlstlcs, and “0” indicates
that the DMU has been checked.

s; and w; describe how much slack and weight are present in the input, respectively,
eyisa varlable demonstrating the radial characteristics and affects the amount of scattering
present in the inputs, and “0” indicates that the DMU is being evaluated [25,38,39].

The variable ¢, demonstrates the radial properties and impacts the amount of scat-
tering present in the inputs, whereas s;” and w;" define the slack and weight of the inputs,
respectively. An evaluation of DMU is 1nd1cated by “0”
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When discussing the requirements of an effective EBM model, Tone and Tsutsui men-

tioned the following requirements:

0 < P(cd) = P(cd) < 1/20 < ...

1/2 and

0 < Qcd) =1—2P(cd) 0 <1. The analyzed data with low and high scattering are
demonstrated in Figure 2
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Figure 2. Low and high scattering of the obtained statistic.

4. Research’s Empirical Findings
4.1. Obtaining Data

In this paper, we evaluate and rate the productivity and efficiency of the twelve LIB
manufacturers throughout the four years 2018-2021. The data for the study were collected
from the financial database of twelve LIB companies. Table 1 shows the list of DMUs and
market cap up to 2023.

Table 1. List of DMUs and their market cap (data up to 7 April 2023).

DMUs Company Name Market Cap (USD)
Al Contemporary Amperex Technology Co., Ltd. 282.79 B
A2 BYD Company Ltd. 138.64 B
A3 Panasonic Corporation 29.39B
A4 Samsung SDI Co., Ltd. 40.14 B
A5 SK Innovation Co., Ltd. 21.07 B
A6 Toshiba Corporation 18.16 B
A7 LG Chem Ltd. 48.07 B
A8 Tesla Inc. 746.27 B
A9 Johnson Controls 49.25B
A10 Nio Inc. 95.77 B
All Albemarle Corp. 24.77 B
Al12 Sociedad Quimica y Minera De Chile SQM SA 9.35B

In Data Envelopment Analysis (DEA), the Malmquist model stands as a vital tool for
evaluating the performance of Decision-Making Units (DMUs) [17,40,41]. A critical aspect
of this model is the selection of the inputs and outputs used to measure the DMUs’ perfor-
mance. Drawing upon a comprehensive review of the relevant literature spanning several
decades, we have identified the most pertinent financial variables to be included in the
model. According to the “thumb rule” suggested by Golany and Roll (1989) and Homburg
(2001), to ensure there are enough DMUs for a meaningful and robust comparison, the
number of DMUs should be at least twice the total number of inputs and outputs [32,42].
After examining various prior studies, we have arrived at a well-supported choice of three
inputs: total assets, liabilities, and selling general and administrative (SG&A) expenses,
and two outputs: revenue and gross income. These inputs and outputs have been carefully
selected based on their significance in capturing the underlying performance of DMUs.
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Table 2 demonstrates an overview of the various input and output variables employed in
prior studies.

Table 2. Previous studies” input and output criteria.

Author/Reference Inputs/Criteria Outputs/Responses Methodologies Applied Areas
“Net fixed assets, Salaries and

[43] wages, Operating expenses, “Operating income” “CCR, BCC” Logistics
Current liabilities”
“Operating expenses, Liabilit “Net income, Net sales,

[44] b g exp P Y, Intangible value, Market E-retailing
Equity, Employee ”

value

[45] Assets, Ca}’}ntal, Number of “Total revenue” “CCR, BCC, Malmquist” Logistics
employees

[46] Business cost, TOta,l, assets, Business 1nco.me/,/ Gross profit, CCR, BCC” Real estate
Employees number Return on equity

[47] Management fees, Operatllrllg Total assets, }I\Iet assets value, “Malmquist model”
expenses, Interest expenses Total revenue

[48] Assets, ,],Equlty, Employees, “Revenue, Profit” “CCR, Malmquist Banking
Expense

[49] Assets, Capital, Op”eratmg cost, Reven.ue’,, Gross profit, Return SBM, Regression model” Real estate
Employees number on equity

50] Assets, Ijllablhtles, Operating “Revenue, Gross Profit” DEA M,z,ﬂmqulst, DEA Aviation
Expenses Window

This paper Eﬁ;ze;fsséslf,lablhtles’ SG&A “Revenue, Gross Income” “DEA Malmquist, EBM” Energy

The rigorous statistical analysis that has guided the selection of these inputs and
outputs is meticulously documented in Table 3. This descriptive input and output data
presentation further substantiates our thorough approach to constructing a robust DEA
Malmquist model. By incorporating these carefully chosen variables, we have ensured that
this model is well-founded and capable of providing valuable insights into the performance
of DMUs.

Table 3. Statistical data of LIB companies’ input and output (2018-2021).

Year Statistics Assets Liabilities SG&A Expense Revenue Gross Income
Max 48,800 32,235 13,519 58,331 16,520
2018 Min 2759 1513 96 752 (92)
Average 22,909 13,924 3271 18,811 4135
SD 14,808 10,479 3675 16,913 4403
Max 43,926 28,719 13,519 58,478 15,936
2019 Min 2094 2338 94 1138 (250)
Average 23,387 14,074 3372 19,282 3964
SD 13,469 8749 3655 16,288 4260
Max 52,150 29,669 12,645 54,750 14,840
2020 Min 4097 2314 91 1666 (251,984)
Average 26,440 15,266 3257 19,025 (16,918)
SD 14,393 8942 3412 14,835 70,986
Max 62,130 30,550 11,257 53,820 13,610
2021 Min 7153 3981 102 2523 960
Average 33,242 18,922 3596 24,236 5449
SD 16,761 9952 3097 16,464 4326

Table Al, Appendix A, displays the predicted Pearson correlation coefficient values
for 2018, 2019, 2020, and 2021. The Pearson test coefficients show positive correlations,
which are between 0 and 1. The research findings are incredibly delicate in selecting the
input and output variables and parameters.

4.2. The Malmquist Model’s Findings
4.2.1. Technical Efficiency Change

The catch-up index, as illustrated in Figure 3 and Table 4, reflects the variation in the
operational effectiveness of the DMUs across periods. Figure 3 shows the development of
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catch-up indexes across the entire range of LIB producers, and Table 4 gives specific values
for “catch-up.” The catch-up index’s worth of more significant than 1, less than 1, and
1 reflects the advancement or decrease of the DMUs’ technical effectiveness. Based on the
table, all DMUs have achieved a progressive technological efficiency on average (average
indexes for catch-up >1) throughout 2018-2021. This advanced efficiency resulted in an
average catch-up score of 1.0925. In this group, the three DMUs, A10 (1.5509), A8 (1.2874),
and A2 (1.1890), are the three DMUs that have achieved the most outstanding performance
in terms of technical efficiency from 2018 to 2021. Meanwhile, A5 (0.8326), A3 (0.9268), and
A11 (0.9278) are among the most efficient players based on the average.

18- Catch-up
——Al
——
16 s
—&—A3
1.4 Al
—#—AS5
12 —8—Ab6
1 -
——A9
08 A10
A1l
0.6 . . A12
2018=>2019 2019=>2020 2020=>2021
Figure 3. Changes in technical efficiency (catch-up).
Table 4. Changes in technical efficiency for the period 2018-2021.
Catch-Up 2018 to 2019 2019 to 2020 2020 to 2021 Average
Al 1.4926 0.7567 1.0311 1.0935
A2 1.2073 1.6793 0.6804 1.1890
A3 1.0615 0.7790 0.9401 0.9268
A4 1.1338 1.3968 0.7115 1.0807
A5 0.8305 0.6389 1.0283 0.8326
A6 1.0214 1.2111 0.9754 1.0693
A7 0.7476 1.3073 0.8989 0.9846
A8 1.0839 1.4861 1.2921 1.2874
A9 1.0891 1.1091 0.9687 1.0556
A10 1.7153 1.7090 1.2283 1.5509
All 1.1408 0.8089 0.8336 0.9278
Al12 0.8964 1.1477 1.2932 1.1124
Average 1.1183 1.1692 0.9901 1.0925
Max 1.7153 1.7090 1.2932 1.5509
Min 0.7476 0.6389 0.6804 0.8326
SD 0.2679 0.3646 0.2028 0.1892

Figure 3 shows that A10-Nio, Inc. has the highest performance, 1.7153 from 2018 to
2019 and 1.7090 for 2019-2020, before a decrease to 1.2283 between 2020 and 2021. There
was a lot of fluctuation in the performance throughout the research, just as with A2. Notably,
A2, A6, A7, and A8 reached their peak technical performance during 2019-2020 and fell
in 2020-2021.
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In contrast, A2 experienced a slump in the efficiency of its technology during
2020-2021 and a catch-up index of 0.6804 and was the most inefficient manufacturer
then. Among twelve manufacturers, A7 was the first to have the poorest catch-up index
(0.7476). In 2018-2019, they surpassed seven companies and climbed fifth in the rankings
(1.3073). However, they had the fourth lowest catch-up rate in 2020-2021 (0.8989). The
last time we looked at it, A7 had the highest percentage of manufacturers showing an
increase in the efficiency of their technical changes. At the same time, A12, A3, and All
significantly improved the performance of technology changes. Only A12 exhibits a steady
growth trend in technical efficiency in the three intervals. It had dramatically improved
its catch-up score, going from a mere 0.8963 from 2018 to 2019 to 1.1147 during 2019-2020,
before it reached its peak efficiency at 1.2932 from 2020 to 2021.

4.2.2. Efficiency Frontiers

Frontier-shift indexes are an essential tool for assessing an organization’s technical
advancement over time, and the conclusions reported in this study are persuasive. Table 5
displays the frontier-shift values for each DMU, indicating that just one-sixth of the organi-
zations evaluated obtained progressive average frontier-shift scores. The data suggest that
most DMUs (nine out of twelve) stagnate and become poor technological performers.

Table 5. Technological change for the period 2018-2021.

Frontier 2018 => 2019 2019 => 2020 2020 => 2021 Average
Al 0.6962 1.0012 1.1840 0.9605
A2 0.7878 0.7662 1.3373 0.9638
A3 0.9876 1.0566 0.9477 0.9973
Ad 0.8374 0.8130 1.4029 1.0177
A5 0.8715 0.7407 1.1971 0.9364
A6 1.0033 0.9216 0.9185 0.9478
A7 0.9183 0.7827 1.2583 0.9864
A8 0.9285 0.8318 1.1574 0.9726
A9 0.9443 0.9499 1.1775 1.0239
Al0 0.8336 0.6646 1.1515 0.8833
All 0.6845 0.9957 1.2728 0.9843
Al2 0.7292 0.9426 1.1699 0.9472

Average 0.8519 0.8722 1.1812 0.9684

Max 1.0033 1.0566 1.4029 1.0239
Min 0.6845 0.6646 0.9185 0.8833
SD 0.1097 0.1221 0.1392 0.0383

Figure 4 depicts the evolution routes of technological efficiencies for all DMUs, demon-
strating a variety of shifting patterns. Interestingly, while some organizations endure a
decline in technological progress during one time, they can achieve their peak during the
next, emphasizing the need for ongoing innovation and adaptation. It is worth mentioning
that A4 stands out as a remarkable performer, with the highest score of 1.4029 achieved
over the research period. This number starkly contrasts with A3, which peaked at 1.0566 in
2019-2020 before plummeting to the second-worst score of 0.0977 in 2020-2021.

Only one-sixth of the DMUs in Table 5 attain the increasing average frontier-shift
values, including A4 (1.0177) and A9 (1.0239). Meanwhile, Al (0.9605), A2 (0.9638),
A3 (0.09973), A5 (0.9364), A6 (0.9478), A7 (0.9864), A8 (0.9726), A10 (0.8822), A11 (0.9843),
and A12 (0.9472) lag and become poor technological achievers. Most producers (9 among
12 units) had nonprogressive average frontier-shift indexes (FSI), with an average frontier-
shift score of 0.9684 for the observed time. Figure 4 shows more fluctuating patterns of the
DMUs, demonstrating the stable progression of their technological performances compared
to Figure 3 (catch-up). Among these, A4 has the best score of 1.4029 in 2020-2021.
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Figure 4. Technological change (Frontier-shift).

A2, A4, A5, A7, A8, and A10 indicate a decline in 2019-2020 and a peak in technical
progress in 2020-2021. A3 had a maximum score of 1.0566 in 2019-2020, which was more
significant than other corporations, but subsequently dropped to the second-worst score
(0.0977) in 2020-2021.

In a continually changing corporate scene, the findings reported in this study highlight
the significance of continuous technological innovation and adaptability. The frontier-shift
indices offer a holistic view of technological advancement by considering various elements
such as competitiveness, regulatory and political settings, and inventions. As a result, firms
should take these findings to heart and seek to enhance their technological performance to
remain competitive and thrive in the long run.

The “frontier-shift” chart depicts the changes in the technical efficiency and productiv-
ity of firms or industries over time relative to the production frontier.

4.2.3. Results of Malmquist Productivity Indexes

To obtain the result for the Malmquist Productivity Indexes (MPlIs) of the twelve LIB
producers, we must solve Equation (4). The granular MPI values are presented in Table 6,
and Figure 5 illustrates how the MPIs have changed over time for each company. We note
that an efficiency index of MPI = 1 represents the status of staying unchanged productivity,
that an efficiency index of MPI > 1 reflects an efficiency increase, and that an efficiency
index of MPI <1 correlates to a decrease in total productivity.

As seen in Table 6, all manufacturers operated effectively on a typical basis, except for
A3, A7, and A11, which only achieved 0.8825. This result stands out since A3, A7, and A1l
all display declining performance in terms of technical and technological efficiency.

In addition, the average MPI of all producers is greater than 1 (1.0320), which indicates
a development in the overall productivity growth of the companies during the research
period and shows an improvement in the manufacturers’ efficiency. The three businesses
that have had the most significant increase in productivity are A10 (1.3267), A8 (1.2460),
and A12 (1.0828). These DMUs achieved exceptionally high technical efficiency levels,
allowing them to compensate for a modest loss of ground in technological advancement.
Figure 5 shows that, in certain instances, the DMUs almost follow the same trends as those
shown in Figure 3 (the catch-up). Al, A3, A5, and A7 have the least stable performance for
2018-2021. These organizations’ trends of catch-up efficiency are illustrated in (catch-up),
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and these organizations’ patterns are identical. These firms’ catch-up efficiency trends are
shown in Figure 3 (catch-up), and their patterns are similar.

Table 6. Total productivity change from 2018 to 2021.

Malmquist 2018 to 2019 2019 to 2020 2020 to 2021 Average
Al 1.0392 0.7576 1.2208 1.0059
A2 0.9512 1.2866 0.9099 1.0492
A3 1.0483 0.8231 0.8909 0.9208
A4 0.9494 1.1355 0.9981 1.0277
A5 0.7238 0.4733 1.2310 0.8093
A6 1.0247 1.1162 0.8958 1.0122
A7 0.6866 1.0233 1.1311 0.9470
A8 1.0065 1.2361 1.4954 1.2460
A9 1.0284 1.0536 1.1406 1.0742
A10 1.4300 1.1358 1.4144 1.3267
All 0.7809 0.8054 1.0611 0.8825
A12 0.6536 1.0818 1.5130 1.0828
Average 0.9435 0.9940 1.1585 1.0320
Max 1.4300 1.2866 1.5130 1.3267
Min 0.6536 0.4733 0.8909 0.8093
SD 0.2131 0.2342 0.2241 0.1446
1.
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Figure 5. Malmquist Productivity Index.

4.3. Results of Epsilon-Based Measure Efficiency

The Malmquist approach results reflect the current operational picture of the world’s
leading twelve LIB manufacturers after calculating the total productivity via technical
efficiency change (catch-up index) and investment in technology impacts (frontier-shift
index). By applying the EBM approach in this research’s third phase, we have data on
twelve DMUs and may evaluate them according to their efficiency or inefficiency.

The EBM-I-C model, an input-oriented technique with a continuous restoration for
scaling, is intentionally applied in the current investigation. The precision and relevance of
the source to the topic at hand were the criteria that led to this selection. By constructing
an affinity matrix from the observed input and output variables, we comprehensively
investigate the diversity of production alternatives defined by EBM approaches. The
diversity and affinity index matrix generated from the EBM methodology for 2018-2021
is presented in Tables A2 and A3, which may be seen below. According to the findings
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of this research, the values of the diversity matrix and affinity matrix range from 0 to
0.2628 and 0.4744 to 1, which meet the basic requirements of the EBM model. Thus, we
can utilize EBM to access and rank DMUs based on their efficiency scores. Table 7 then
computes the EBM method input/output value and epsilon. The EBM model’s epsilon,
which integrates radial and non-radial features, is constantly positive during the period
under assessment (range: 0.4136 to 0.4447).

Table 7. EBM Approach’s Weight of Input and Epsilon (2018-2021).

Weight to Input .
Year Epsilon for EBM
Assets Liabilities SG&A Expense
2018 0.3338 0.3410 0.3252 0.4357
2019 0.3538 0.3406 0.3056 0.4136
2020 0.3444 0.3363 0.3192 0.4257
2021 0.3323 0.3245 0.3432 0.4447

EBM model epsilon and input/output weight are employed to determine the com-
parative effectiveness and inefficiencies of twelve DMUs for 2018-2021, as illustrated in
Table 8 and Figure 6. The results show that enterprises A3, A5, and A12 are very efficient,
with a score of 1 and a deficit of zero for 2018-2021. For the whole time of 2018-2021, A10
has the worst efficiency ratings. LIB manufacturers with less than one EBM efficiency rating
(especially A1, A2, A4, A6, A8, A9, and A10 with the lowest score) do not operate at their
full potential. For LIB companies whose EBM efficiency score reaches 1, this shows the
potential for more profitable investment.

Table 8. The efficiency score of the EBM model (2018-2021).

DMUs 2018 2019 2020 2021 Average
Al 0.6588 0.915 0.7228 0.7545 0.7628
A2 0.5724 0.6756 1 0.7283 0.7441
A3 1 1 1 1 1.0000
Ad 0.7095 0.8333 0.9711 0.7607 0.8187
A5 1 1 1 1 1.0000
Ab 0.767 0.8129 0.9461 0.9027 0.8572
A7 1 0.8576 1 0.9373 0.9487
A8 0.5841 0.6693 0.9055 1 0.7897
A9 0.7103 0.8679 0.9066 0.8451 0.8325

A10 0.1532 0.3161 0.3925 0.454 0.3290
All 0.8799 0.9217 0.7552 0.6306 0.7969
Al2 1 1 1 1 1

Average Score
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Figure 6. Ranking of LIB manufacturers.
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5. Discussion and Conclusions

This article examines the productivity and efficiency of twelve lithium-ion battery (LIB)
manufacturers from 2018 to 2021. Considering the Malmquist model’s findings, we find that
the efficiency of LIB producers has changed over time, but only in just a handful of distinct
patterns (see Figure 5). However, in this increasingly computerized world, it is notable that
technical developments have more unpredictable trends, which indicates how innovation
in technology affects the performance of LIB manufacturers and the global lithium-ion
batteries supply chain. On average, all DMUs advanced technologically throughout the
research period. Looking at the catch-up index, which depicts the variation in operational
efficiency, three DMUs (A10, A8, and A2) stand out for their remarkable technological
efficiency. However, the performance of some DMUs has varied. For example, A2, A6, A7,
and A8 technically peaked in 2019-2020 but fell in 2020-2021. Particularly noteworthy is
A2, which declined in technological efficiency in the latter years and emerged as the least
efficient producer. Only one-sixth of the evaluated firms attained the progressive average
frontier change threshold, which suggests a lack of technical development in most DMUs.
A4 shines as an exceptional processor, obtaining the highest score over the study period,
but A3 witnessed a fall in technological progress in 2020-2021.

Our research emphasizes the significance of continuous technological innovation and
flexibility in today’s continually shifting corporate world. Frontier-shift indices provide
insight into the many aspects impacting technological advancement. Companies must
seek to improve their technical performance to remain competitive and flourish in the long
run. Table 6 displays the results of the EBM model, which suggest that most enterprises
have reached their maximum performance levels. Based on the results of this research,
A10 is an interesting case. Since A10 is the best manufacturer in the catch-up index (the
average catch-up index was 1.5509 in 2018-2021), it performs the best in implementing
new technologies, methods, and processes that significantly impact its overall growth and
productivity. In contrast, A10 has a meager efficiency score in the EBM model (an average of
0.3290 in 2018-2021) (Figure 6). Considering financial performance, management practices,
strategic alignment, and the external environment, A10 shows low allocative efficiency or
ineffective management practices.

Most significantly, the worldwide economic downturn caused by COVID-19 prevented
most enterprises from obtaining efficiency scores in 2018-2021 (nine out of twelve DMUs).
Among LIB manufacturers with EBM efficiency scores less than 1 (A1, A2, A4, A6, A7, AS,
A9, A10, Al11), companies Al, A2, A4, A6, A8, A9, and A10 have an MPI larger than 1. It
means that these companies show a good performance of improvements in productivity
and efficiency with technological and technical aspects but have a terrible performance in
achieving their objectives and maximizing their potential with given available resources.

A3, A5, and A12 are three organizations that gain the highest efficiency score in the
EBM model. While A3 (0.9208) and A5 (0.8093) have an average MPI score of less than
1, A12 (1.0828) has an average MPI score more significant than 1. As a result, A3 and
A5 should put more effort into adopting new production techniques, better management
practices, and implementing new technologies to improve total productivity change as it
enables organizations to produce more outputs with the same or fewer inputs.

Overall, A12 is the company that has a high-efficiency score in the EBM model and
shows a progressive performance in total productivity change for the 2018-2021 period.
The development of lithium-ion batteries is moving at a breakneck pace, and numerous
types of chemistry are successfully being made available. They are the batteries used
in mobile smartphones, laptops, and other portable electronic gadgets [5,51,52]. Larger
projects, such as energy storage, either partially or entirely electric motors, industrial
vehicles, lifts, harbors and cranes, mining vehicles, boats, and submarines, are currently
in the development stage [53,54]. This research contributes to the green energy market
and gives a practical and detailed approach to determining how effective LIB enterprises
are at achieving their goals. The hybrid method of DEA Malmquist and the techniques of
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Epsilon-Based Measure (EBM) delivers an efficient and fair assessment framework that can
be used to evaluate the performance of a firm and its growth in any direction.

These findings are helpful in that they can assist seaport owners in better under-
standing critical indicators for the growth and operation of LIB manufacturers, which in
turn can lead to improved technological and technical element efficiency. Technology has
become the dominant force in any sector because of the intensifying rivalry [55]. Because
of this, there is a pressing need for a strategy that can be maintained to contribute to the
construction of a more robust and resilient system.

The innovative comparative evaluation of LIB firms is one of the significant achieve-
ments of this research. This evaluation combines the DEA Malmquist and EBM models
to determine the efficiency or inefficiency of DMUs by considering proportionate changes
in inputs and outputs and the emergence of slacks. This method indicates the variety or
dispersion of the data and the possibility of improving the parameters for information to
the less efficient DMUs that span numerous times as well as multiple output and input
variables. Additionally, this method reveals the possibility of improving parameters for
inputs to the less efficient DMUs.

6. Limitations and Potential Further Research

Although DEA EBM and the DEA Malmquist model are valuable instruments for
assessing performance and efficiency, their limits must be acknowledged. Subjectivity can
bring bias into input and output choices in DEA EBM. Furthermore, it lacks benchmarking
tools, making performance comparisons difficult. Malmquist’s paradigm implies that
technology is the primary driver of productivity change, disregarding other contributing
factors. Furthermore, its success depends on proper period selection to avoid incomplete
or misleading outcomes. Due to data availability constraints, our analysis used a four-year
time range from 2018 to 2021.

The combination of DEA EBM and the Malmquist model addresses these constraints
while providing comprehensive assessment benefits. This integration makes input-output
selection more objective, minimizing subjectivity in DEA EBM. The Malmquist model is
used to solve the DEA EBM scalability assumption by considering fluctuations in scaling
efficiency over time. Furthermore, the Malmquist model allows for performance measure-
ment and comparison, making it simple to find areas for improvement. Combining these
models provides a comprehensive analysis considering technological development and
relative efficiency.

To summarize, notwithstanding its shortcomings, the combination of DEA EBM
and the DEA Malmquist model provides a solid evaluation framework. This integration
enhances input and output selection, addresses scaling assumptions, allows benchmarking,
and offers complete performance and efficiency analysis.

The subsequent studies must consider input and output variables to provide more
accurate and reliable results. Moreover, approaches to multiple-criteria decision-making
(MCDM), such as TOPSIS, AHP, VIKOR, WASPAS, and COCOSO, might provide more ef-
fective answers to the problem of ordering the business units [50]. Researchers can develop
more exact approaches by comparing the outcomes using the ranking similarity coefficients.
The hybrid approach, which combines the DEA Malmquist and EBM models, provides a
more effective and transparent evaluation process to measure companies’ performance and
progress across all dimensions. This approach allows the creation of longer-term plans that
contribute to the overall system’s resilience.
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Appendix A

Table Al. Input-output correlation (2018-2021).

Selling, General &
Period Inputs/Output Assets (TOA) Liabilities (LIA) Administrative Expenses Revenue (REV) Gross Income (GI)
(SG&AE)

TOA 1 0.9474 0.7923 0.8191 0.8297
LIA 0.9474 1 0.8583 0.808 0.8493
2018 SG&AE 0.7923 0.8583 1 0.8152 0.9802
REV 0.8191 0.808 0.8152 1 0.8579

GI 0.8297 0.8493 0.9802 0.8579 1
TOA 1 0.9541 0.788 0.8501 0.8145
LIA 0.9541 1 0.7799 0.8535 0.7865
2019 SG&AE 0.788 0.7799 1 0.8374 0.9861
REV 0.8501 0.8535 0.8374 1 0.8587

GI 0.8145 0.7865 0.9861 0.8587 1
TOA 1 0.9764 0.7184 0.8553 0.021
LIA 0.9764 1 0.7813 0.9161 0.034
2020 SG&AE 0.7184 0.7813 1 0.9031 0.2018
REV 0.8553 0.9161 0.9031 1 0.0994

GI 0.021 0.034 0.2018 0.0994 1
TOA 1 0.9718 0.6803 0.9165 0.808
LIA 0.9718 1 0.6299 0.8653 0.7216
2021 SG&AE 0.6803 0.6299 1 0.7942 0.9335
REV 0.9165 0.8653 0.7942 1 0.8597

GI 0.808 0.7216 0.9335 0.8597 1

Table A2. EBM model’s Diversity matrix (2018-2021).

Selling, General & Administrative

Period Inputs/Output Assets (TOA) Liabilities (LIA) Expenses (SG&AE)

TOA - 0.1977 0.2377

2018 LIA 0.1977 - 0.2187
SG&AE 0.2377 0.2187 -

TOA - 0.1404 0.2218

2019 LIA 0.1404 - 0.2628
SG&AE 0.2218 0.2628 -

TOA - 0.1782 0.2195

2020 LIA 0.1782 - 0.2422
SG&AE 0.2195 0.2422 -

TOA - 0.2478 0.2008

2021 LIA 0.2478 - 0.2192
SG&AE 0.2008 0.2192 -
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Table A3. EBM model’s Affinity matrix (2018-2021).

Selling, General & Administrative

Period Inputs/Output Assets (TOA) Liabilities (LIA) Expenses (SG&AE)
TOA 1.0000 0.6045 0.5247
2018 LIA 0.6045 1.0000 0.5627
SG&AE 0.5247 0.5627 1.0000
TOA 1.0000 0.7192 0.5565
2019 LIA 0.7192 1.0000 0.4744
SG&AE 0.5565 0.4744 1.0000
TOA 1.0000 0.6437 0.5610
2020 LIA 0.6437 1.0000 0.5156
SG&AE 0.5610 0.5156 1.0000
TOA 1.0000 0.5044 0.5985
2021 LIA 0.5044 1.0000 0.5616
SG&AE 0.5985 0.5616 1.0000
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Abstract: The joint optimization of power systems, mobile energy storage systems (MESSs), and
renewable energy involves complex constraints and numerous decision variables, and it is difficult to
achieve optimization quickly through the use of commercial solvers, such as Gurobi and Cplex. To
address this challenge, we present an effective joint optimization approach for MESSs and power
grids that consider various renewable energy sources, including wind power (WP), photovoltaic
(PV) power, and hydropower. The integration of MESSs could alleviate congestion, minimize
renewable energy waste, fulfill unexpected energy demands, and lower the operational costs for
power networks. To model the entire system, a mixed-integer programming (MIP) model was
proposed that considered both the MESSs and the power grid, with the goal of minimizing costs.
Furthermore, this research proposed a highly efficient deep reinforcement learning (DRL)-based
method to optimize route selection and charging/discharging operations. The efficacy of the proposed
method was demonstrated through many numerical simulations.

Keywords: renewable energy; battery energy storage system; machine learning; deep reinforcement
learning; data-driven optimization; cost minimization

1. Introduction

Renewable energy sources such as wind, water, and solar energy have consider-
able capacity to lower energy costs and carbon emissions while playing a crucial role
in creating low-carbon and sustainable energy systems, as highlighted in [1-3]. How-
ever, the intermittency and variability of renewable energy pose a great challenge to the
safe and economic operation of power systems in regions with an abundance of renew-
able energy potential [4,5]. To address this challenge, energy storage systems (ESSs) are
a promising technology for the integration of renewable energy and the reduction in
renewable curtailment.

Stationary energy storage systems (SESSs), the most conventional application mode
of BES, have enabled energy conversion and capacity sharing during a limited time pe-
riod [6,7]. Specifically, given the predicted renewable energy generation curve, SESSs,
renewable energy, and thermal units were scheduled collaboratively to integrate renewable
energy. However, SESS was inflexible, as it relies on large-capacity and long-distance
transmission lines. Meanwhile, the utilization efficiency of SESSs also depended on its
location, as it was difficult for the owners of a SESS to determine the optimal location
because numerous constraints had to be considered, such as political, economic, social,
and geographical factors [8-10]. Therefore, mobile energy storage systems (MESSs), as an
ongoing development application mode of BES that couples energy and transportation
systems, incorporate vehicles (e.g., electric vehicles (EVs), trains, ships, etc.), batteries,
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power converters, and transformers. As compared to SESSs, MESSs enable energy con-
version and the capacity sharing of energy storage over longer time periods through their
transportation network and considerably improve the utilization rate of battery assets
and the emergency dispatching capability of the power system. MESSs had more flexible
deployment capabilities and had a more remarkable capacity in energy arbitrage [11,12],
renewable energy integration [13-15], peak-shaving [16,17], grid-congestion relief [18,19],
and grid-investment deferral [20-22].

The authors of [11] proposed the concept of a utility-scale MESS, which incorporated
electric trucks, energy storage, and energy conversion systems; constructed an optimization
model involving charge scheduling and route planning of MESSs; and used the proposed
model in the energy arbitrage of a power grid in California. The results revealed that, as
compared to the SESS, the MESS had considerable benefits over a life-cycle time period.
In [13], the researchers integrated MESS into a large-scale power distribution system in
order to integrate renewable energy in remote areas and proposed a particle-swarm opti-
mization to streamline a scheduling model of MESSs. The results showed that the proposed
models and algorithm could considerably reduce the operating cost of the power system.
The authors of [14] developed a decision framework that used MESS to improve system
resilience for the emergency dispatching of the power distribution system, and they verified
that the proposed decision framework could effectively improve system response-and-
recovery speed in the emergency scenarios. In [18], the researchers integrated large-scale
EVs into the electric energy distribution system and proposed a mixed-integer linear pro-
gramming (MILP) model to optimize the charging schemes of EVs. The results showed
that the proposed model could substantially alleviate grid congestion and improve the per-
formance of EVs and grid benefits. The authors of [20] developed a collaborative planning
model for SESSs and MESSs to reduce the capital cost of transmission lines, energy storage
systems, and the operating costs of power systems. Meanwhile, ref. [20] used the proposed
model to determine the optimal region for SESS and MESS implementation for China’s
northwestern grid. The aging issue of mobile energy storage devices has also attracted
attention. Reference [23] analyzed the influence mechanism of grid-connected operation
on the life degradation of lithium-ion battery energy storage systems and established a
cost accounting model for frequency regulation, considering the impact of battery life
degradation. Reference [24] studied the frequency regulation problem of a power grid
model that includes loads, traditional generators, and multiple electric vehicles, aiming to
minimize the degradation of battery devices. Their proposed strategies demonstrated high
effectiveness under actual operating conditions. In this paper, in order to emphasize the
modeling of mobile energy storage systems and their joint optimization with the power
grid, we have simplified the description of this part.

Recently, deep reinforcement learning (DRL) techniques have seen growing applica-
tions in battery management [25,26], grid management, and micro-grid management [27,28].
The authors of [25] presented a DRL-based method for a battery system in EVs, which
consisted of a high-power battery pack in order to reduce energy loss and enhance thermal
safety. The proposed strategy demonstrated advantages in terms of reducing calculation
time and energy consumption. In [26], the researchers proposed a joint optimization
framework of DRL and binary integer programming for the battery swapping—charging
systems for EVs, which had favorable performance in a real-time demonstration, as well
as improved computational efficiency and privacy preservation. A multi-agent system
based on an RL method was applied to manage a stand-alone micro-grid including a
power-production unit, a power-consumption unit, and a power-storage unit in [27]. The
authors of [28] proposed an optimal control strategy based DRL, which had asynchronous
advantages via its actor — critic framework to manage and optimize an online energy sys-
tem.A multi-agent DRL-based approach was developed by [29] for real-time route selection
and dispatching of multiple coordinated MESSs, and it had the ability to handle a hybrid
continuous-discrete action space and to strengthen resiliency after extreme events. In [30],
the researchers proposed a DRL-based method that coordinated the scheduling of the
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MESSs and the resource allocation of micro-grids in order to minimize the overall cost of
the system. In the future, a significant amount of data is expected to be generated in the
fields of energy and transportation [19], which could provide significant data support for
solving MESS’s challenges through the application of DRL-based methods.

We have summarized the commonly used forms of energy storage, including their
optimization objectives, research methods, and integration with the power grid, as shown
in Table 1.

Table 1. Summary of energy management problem and power grid.

Authors [31] [91 [10] [11] [32] [30] Ours
Year 2021 2020 2021 2021 2022 2020 2023
Modality SESSs v
MESSs v v v v v v
Cost/benefit v v v v v
Objective function Grid peak v
Resilience v
Math programming v v
Heuristic v
Method Control v v
Deep reinforcement learning v v
Power grid v v v v v v
Coordinated with Renewable energy v

Therefore, based on the aforementioned research, most of the methods adopted to solve
joint optimizations in power systems, MESSs, and other renewable energy components
have been commercial solvers, heuristics, and meta-heuristics [12,20]. More recently,
DRL-based methods have shown strong abilities in resolving combinatorial optimization
challenges,and all have achieved remarkable results. To the best of our knowledge, however,
few studies have focused on applying DRL to solve the cooperative scheduling challenges
of batteries and power systems. Therefore, we proposed a joint mixed-integer programming
(MIP) model for MESSs and the power grid. To address the nonlinearity and the elimination
of integer variables, a hybrid strategy was proposed. A MESS model, which included
0-1 integer variables, was resolved using a DRL-based approach. The output from the
DRL-based method was used as a portion of the input for the power-grid model, which was
a simple linear programming (LP) model and easy to solve. The MESSs were formulated as
constrained Markov decision processes (CMDPs), which served as the foundation for the
DRL design. To enable the agent to make simultaneous decisions about the destination and
power, a hybrid discrete-continuous action space was designed. The effectiveness of the
proposed method was demonstrated through numerical experiments. Our contributions
were summarized in three key areas:

(1) We developed an MIP model for the joint system of the MESSs and power grids to
minimize the total operating costs. The model included constraints on the output of
thermal power and renewable energy sources, the energy transmission of the power
grid and the MESSs, the locations of the MESSs, etc.;

(2) We presented a formulation of the MESS challenge as a CMDP and introduce a
DRL-based algorithm to make decisions in a hybrid action space that combined both
discrete and continuous variables;

(3) We proposed a new linear programming (LP) model that eliminated the constraints on
the MESSs in the original model by using the DRL-based method, thereby eliminating
the integer-variable constraints and significantly improving the solving time. There-
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fore, we proposed an algorithmic framework that combined DRL-based methods with
the solutions of new LP models.

The remainder of this paper is structured as follows. In Section 2, the scheduling opti-
mization challenge of the MESSs and the power grid is formulated as a MIP model. Section 3
describes the proposed DRL-based method. In Section 4, simulation studies are performed to
validate the efficacy of the proposed approach. Section 5 presents the conclusions.

2. Mobile Energy Storage Systems and Power Grid Model

The joint optimization model for the MESSs and power grids aimed to minimize
costs while considering constraints on energy transportation and operation. The objective
function was comprised of two components: thermal power cost and MESS transportation
cost, as follows:

min ) ) ch Pg +CAEY N Y e (1)

geGuelg teT 8€G feGteT

where G denotes the electricity consumption node set and g denotes a single node; U,
denotes the thermal power unit set in node g§; T represents the decision cycle, and ¢
represents time index, where time slot length 6t is set to 1 hour. The variables Ci,t and Pf/t
indicate the generation cost of thermal power units and output, respectively. In addition,
c'™ denotes the transportation cost per unit of time, which was set to $20/h in this study.
The expression 7, ¢ € 0,1 represents whether the MESSs were traveling between nodes g
and f (1 indicated traveling and 0 indicated not traveling).

The constraints of the joint model were the following:

Pummgp <Plltlmax/ quUg,gEG,tGT, (2)
P, — PY,_| < RU,y, Vuely,geGteT, (3)
Pll[,lt - Pgt 1= —RDyg, Vuelg,geGteT, (4
0<P <Prtmax, VreRg,8€G, teT, (5)
,tmaXSPTL<P”maX, VIETLgeGteT, (6)

Zpt_o vVieT, (7)
l1eTL

Y P4+ Y PN+ Y Pl =P weP™, VueUgreRy,geGteT, (8)
u€ly reRg leTL
0< P;ﬁESS < Wq,tPmax, VgeG,teT, (9
Yo wer 1= vern Vge G teT, (10)
8<G feG
gt — Bgt = Wt — Wy (41, VegeGteT, (11)
Y (agi+Bgt) <1, VieT, (12)
geG

Y Vert = Byt VfeGteT, (13)
feG
wpp—Ofp = Y (Wg,f,tq - Wg,f,t), VfeGteT, (14)

g€G

Y (agr+0g1) <1, Vte T, (15)
8€G
Veft Z Ve ft=1 " Vo f(t-Hy )" VeeG,feGteT. (16)

where Pu min and PM max denote the minimum output and maximum output of thermal
power units, respectively. The variables RU,, ; and RD,,; denote the increased or decreased

output of the thermal units, respectively, (with ramp constraints). In addition, Ry is the set
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of renewable energy resources including WP, PV, and hydropower. The actual output of the
renewable energy resources and the maximum output of the renewable energy resources
are expressed as Pft and Pft,max/ respectively. Furthermore, Pl,TtL and PthleaX represent the
actual transmission power and maximum transmission power of tie-line /, respectively.
The expression | = (g, f) € TL denotes the tie-line between nodes ¢ and f. The load in
node g is represented as Péf, £

The constraints were divided into two categories. The first category included the
constraints on the power grid, including inequalities, as expressed in (2)—(8). Constraint (2)
included the upper and lower limits of the thermal unit output. Constraints (3) and
(4) represented the ramp constraints for thermal power units. The output of renewable
energy resources was constrained by inequality, as shown in (5). The constraints on the
transmission power of the tie-lines were expressed in (6) and (7). Constraint (8) represented
the balance of power output for the whole joint system of the MESSs and power grids.

The second category included constraints (9)-(16) of the MESSs, with respect to [11].
Constraint (9) denoted the limit of the power output of the MESSs. The storage could not
stop at a node if it was traveling between nodes and could only appear at one node at one
time, as expressed in constraint (10). Equations (11)—(15) modeled the transportation status
between nodes ¢ and f, where ag; € {0,1} and B, € {0,1} were both binary variables
that denoted whether the MESSs were moving to node g at time t or whether the MESSs
were moving from node g at time ¢, respectively.In addition, fy; € {0, 1} represented an
auxiliary binary variable. Constraint (11) connected the change of the locator indicators
wg + with the arrival indicators a¢+ and depart indicators B¢ . The arrival and departure
could not occur simultaneously, as expressed in constraint (12). Constraint (13) managed
the storage depart node. Constraints (14) and (15) ensure that the arrival indicators ag s are
equal to 1 for the arrival times; otherwise, they were equal to 0. Constraint (16) calculated
the transportation time H, r; from node g to node f. In this study, the traveling time was
estimated as a square matrix for all nodes.

Model (1) contained a large number of integer variables, which are known to be
computationally demanding. In this proposal, we considered a machine-learning approach
to solve for the integer variables. This study formulated the storage movement process as a
Markov decision process (MDP) and applied a DRL-based method to solve it.

3. Deep Reinforcement Learning-Based Method

This section begins with a concise overview of the evolution of DRL-based techniques.
The MESSs challenge is then framed as an MDP. The agent in the DRL-based approach was
represented by an electric truck and its operator. Next, we demonstrated the integration of
the DRL-based technique into the MIP model. Finally, the formulation of the action space,
state space, and reward function for the DRL-based method was established. The proximal
gradient projection algorithm was employed to ensure the safe exploration by the agent.

3.1. Background of DRL

The basement of the reinforcement-learning phase was the Bellman equation [33]:

Q*(s,a) = Eye |7+ ymax Q” (s',d") |sal, (17)
a

where the optimal value of the state sequence s, represented by Q(s, a), is determined by
selecting the action a that maximizes the expected value of Q(s, a).

Traditional reinforcement learning encounters the challenge of dimensionality. The
authors of [34] addressed this issue by utilizing neural networks (NNs) to approximate the
Q-value table. The Q-value was approximated using NNs, expressed as Q(s, a; w), which
was a close estimation of the true Q-value Q(s, a). The weights of the NNs were represented
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by the variable w. The weight parameters were updated through the loss function [35]:

2
Li(w) = {Q(st,at;w) — [rt + W?SXQ(stH,a’; wt)]} . (18)

The maximization calculation in Equation (18) is computationally inefficient for contin-
uous action spaces due to the non-convex nature of the function Q(s, a; w) with respect to
action a. This renders the maximization calculation NP-hard in the worst-case scenario [36].
To overcome this challenge, ref. [37] introduced the deterministic policy gradient (DPG)
theorem which utilizes policy-based methods for continuous action spaces through the
implementation of deterministic policies yg : S — A. The objective of policy gradient
methods is to discover a policy 7ty that optimizes the expected reward. The objective of the
policy, J(71g), is then updated through gradient descent [38]:

Vel (o) = _E, [Voro(s)VaQ" (5,0) omyy | (19)

3.2. Algorithm Framework

The actor — critic framework has proven to be effective in various domains, such as
energy storage systems [26] and the game Go [39]. We adopted a similar structure in this
proposal. The Actor network was a strategic network designed to determine the power
parameters of the MESSs, which had a continuous feasible range. The Critic network
assessed the actor-network’s parameter choices and decided on other discrete variables,
such as destination selection, charging and discharging selection, etc.

The hybrid action space A was defined according to [36], as follows:

A= {(kx) | x € X forall k € K}, (20)

which consists of discrete action k € K and continuous action x; € Xj. The Bellman
equation transforms into [36], as follows:

tot41

Q(st ke, xy,) = . ISE [rt + 'yrl?ealz(Q(stH,k, x,?(st+1)) | st = s]. (21)

The value-based network’s weights are denoted as w, and the policy-based network’s
weights are denoted as 6. In each step ¢ of the updating process, w; and 6; were updated,
respectively. First, the weight parameter, w, was estimated by employing the gradient
descent to minimize the mean-squared Bellman error, which was similar to the DON
method. Then, w and 6 were fixed by maximizing Q(s, k, x(s;0); w). The loss functions
were formulated as follows [40]:

1

[ (St/kt/xkt/ ) yt]z, (22)
K
Z Q(st, k, xi(s1:0); wr), (23)

where y; = rs + ymaxpcx Q(sp, k, xx(sy,0:); wy).

According to [41], there were three approaches for utilizing machine learning in
combinatorial optimization challenges: using machine learning on its own, integrating
machine learning with traditional optimization algorithms, and iteratively combining
optimization and machine learning. For this proposal, we employed the DRL-based
approach to efficiently eliminate integer variables in model (1). The objective function of
model 1 served as the reward for reinforcement learning, and the DRL-based method was
used to obtain the integer variables in constraints (9)~(16). The value of wy ; in constraint (8)
was passed as an input to the new model.
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The new model was described by the following:

min 2 Z Z sz,tpf,t +Cl

geGuelg teT (24)
s.t. constraints (2) — (8) in model (1),

where C" is the total transportation cost of the MESSs.

The algorithm framework is depicted in Figure 1. State S; (P1) consisted of the
output of thermal units and renewable energy at grid nodes, while State S; (P2) included
the remaining energy of the MESSs, the cost of thermal power units, and the location
information. State S; was the combination of these five elements.

State S¢(PLUP2),  Sisq State 5; (P1)
I

State S; (P2)

o UT% ) L /

Action A Location g, Cost CF™®

Figure 1. Framework of optimization method for the joint model of MESSs and power grids.

3.3. Constrained MDP Formulation

According to model (1), this study modeled the MESSs in this model as MDPs. How-
ever, due to the capacity constraint of the battery packs in the MESSs, the processes became
CMDPs. To address this, we designed a hybrid action space and a state space for the
CMDPs. A proximal gradient projection algorithm was proposed to ensure safe exploration
by the agent.

3.3.1. Action Space A, State Space S, and Reward Function R

Action space A was composed of two levels: The discrete action space that included
a chosen charging/discharging /holding action and the chosen destination node; and the
continuous action that included the output power parameters of the MESSs. At time t, the

action a; was represented by (( qt,cdhy) |P§dth) , where g is the chosen destination node, cdh

represents the charging/discharging/holding choice, and Pcﬁh is the corresponding power
at node g at time £. The range of actions and their values were defined by the following:

g€ {81,82 -+ 8N}
cdh € {-1,0,1}

B (0, Pax], cdh = =1 or chd = 1
~10,cdh =0
where N is the node’s number, and cdh = —1, 0, and 1 means discharging, holding, and

charging, respectively.
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The state space S consisted of two parts, as illustrated in Figure 1. The variable S;(P1)
described the state of the power grid, and S¢(P2) described the state related to the MESS. At
time t, S could be defined as S; = (Pu,t, REgt, Eqt, Loadgy, g), where REg ; is the renewable
energy resources at node g at time ¢, E¢ + is the remaining energy in the MESSs at node g at
time t, and Loadg; represents the load at node g. There was a capacity constraint for the
MESSs, E < Eg+ < E, which indicated the battery pack had an upper and lower limit on its
capacity, represented by E and E, respectively.

The reward R was based on the objective value of the linear programming (LP)
model (24). The reward in RL was a cumulative value, as depicted in Equation (21), where
Q(s,a) = Yyer 7'r+. In this study, the objective value of model (24) was used as the reward:
tt = —Obj,u2, where Obj,,» represents the optimal objective value of model (24).

Theorem 1. In a finite MDP, if } ;o7 —Objyp + was the maximum when training converged with
a policy, then each —Objyp s t € T was the maximum in the policy.
Proof of Theorem 1. If ¢ is a policy, then
Gr(s*,a%) > vr(s¥).
Suppose, then, that there is a policy ¢
v_r(s) > vg(s) forall s,
7 (a|s) =1(s* =s)1(a =a*) +1(s* #s)m(a]s).

We considered v*(s) = maxyer vx(s) and g*(s, a) = maxzerr (s, a). Now extrapo-
lating backward, there existed s*, resulting in the following:

max, g*(s*,a) > v*(s*).
Suppose there existed a policy ", as well as a*:
q,(s*,a%) = max, q* (s*,a)
while 0* was the maximum over all 77, for 7 = 77, we obtained the following inequality:
g (s*,a%) >0 r(s%).
Therefore, we obtained the following;:
v_(s*) > q n(s*,a%) >0 (s").

However, q_»(s*,a*) was strictly larger than v (s*) for any policy 7, so we obtained

the following contradiction:
v_(s%) >0 s(s")

Therefore, if a policy was optimal, then it would be optimal for all states in all steps. [

3.3.2. State-Updating Process

Based on the design of S and A, new states could be observed after taking actions via
A in both the MESS environment and the power-grid environment. The state-updating
equations for time-step t were described separately for the three cases of charging, dis-
charging, and holding, as follows:

P ,=PL?
u,t u,t
REg,t/ = M;’g(REg’t) + Eg,t
charge: § E,y = Egt+ PgtAh ,

Loadg,t/ = Mjpaa(Loadg,)
g = Action(g)
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Pu,t/ = Pbﬁ)
REg,t/ = Mre(REg,[) - Eg,[
discharge : § Egy = Egt — PgAh ,

Loadg,t/ = Mgza(Loadg,)
¢ = Action(g)

P,y =Py
RE,; = Mye(REg,)
hold: ¢ E = Egt ,

Loadg,t/ = Mpaq(Loadg,;)
g = Action(g)

where M,, and M, are the matrices that hold the renewable energy sources and loads,
respectively.

3.3.3. Proximal-Gradient Algorithm

In accordance with our previous discussion in Section 3.3.1, we studied the MESSs
challenge under the CMDP framework. Several approaches were available for ensuring
safe exploration by the agent, including the primal-dual algorithm, the adaptive-penalty
method, and the gradient-projection algorithm. However, for the purposes of this study,
we deemed the proximal-gradient algorithm to be both readily implementable and compu-
tationally efficient.

In the normal gradient-descent process, the iterative equation was the following:

Xpp1 = Xt — & - fr(x), (26)

where a; is the step length in step t. When the solution X; exceeded its feasible domain, we
needed to project it back into the feasible domain. Therefore, the iterative equation was
transformed into the following:

xi = Px (%) == argmin{ x — %[ : x € X}, @7

where Py is the projection operator, which was chosen as the Euclidean distance function
in our study, and X; := x;_1 — ¥4 V1 f(x;—1) denoted the original infeasible solution.

3.4. Learning Process

As mentioned in Section 3.2, this proposal employed the "actor — critic" (A-C) frame-
work to train the policy NN and value NN, respectively. To ensure the network was
convergent and stable, we used target networks that were added to each NN of the A-C
structure and added an experience replay pool, such as the double-DQN(DDQN) [42]. The
learning process was also similar to the update process of the DDQN.

The required inputs for the algorithm included the initialized parameters such as
exploration parameter €, mini-batch size B, a probability distribution ¢, etc. The capacity N
of the experience replay memory D; the parameters of the Actor network ® and the Critic
network Q; and their target networks @ and Q, respectively, also needed to be initialized.

At the beginning of each episode i € I, where I is the maximum training time, the
agent acquired an initial state by observation and computed continuous action parameters
through network ©: xj <— xi(st, 6¢). Then, it selected an action a; = (kt, xkt), according to
the e-greedy policy:

P i sample from distribution ¢ with probability e
*7 U (ke xx,)such that ky = arg maxxex Q(st, k, xy; wr) with probability 1 — e
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in each decision time-step t. Then, we performed the action in the MESSs and power grid
environment to define the new state sy 1 and the reward r;, which was obtained by solving
the model (24).

Next, the transition tuple [s¢, a, 11, 51+1] was stored in D. Through sampling a batch
{Sp, p, 75, Sps1 }be[B] of size B, the target y; could be calculated via equation

| if 511 is the terminal state,
Yo = 7y + maXgek ’YQ(Sb+1, k, xk(sb+1, Gt),' (Ut) if otherwise.

Then, the stochastic gradients wag(w) and V4P (0) were calculated through
{yh,sb,ab}be[B], as shown in Equations (22) and (23). The weights were updated by

0111 < 01 — BiVel9(6;). In the above processes, the proximal gradient projection men-
tioned in Section 3.3.3 was applied. We used a soft update (Polyak averaging) method to
update the target networks Q = (1 —7)Q + 1Q and © = (1 — 7)® + 10, where T € [0,1]
is a hyper-parameter, usually 7 < 1.

4. Case Studies

In order to verify the effectiveness of the proposed strategy, case studies were im-
plemented for the integrated model, utilizing simulation data. Our comparison of the
energy output after incorporating MESSs demonstrated that the proposed strategy was
effective in reducing the proportion of thermal power output and enhancing the utilization
of renewable energy sources.

4.1. Experiment Settings

The training process for the 10-node scenario was approximately 5 h in length, on
a desktop computer with an NVIDIA GTX 3080 GPU and an Intel i7-13700KF CPU, and
approximately 6 h on a server with an NVIDIA Tesla P100.The solver for the MIP and LP
models was Gurobi Optimizer, version 9.11.

The MESSs comprised an electric truck, a battery pack, and an operator. The unit
movement cost ¢! R4 incorporated all expenses associated with the movement, including the
charging costs of the electric truck and the operator’s wages. The experimental arithmetic
was represented by a topological diagram comprising 10 nodes that were interconnected
by electrical conduits. The hyper-parameters of the experiment were subject to multiple
simulations to find a balance between convergence speed and stability. The main simulation
parameters are shown in Table 2.

Table 2. Experiment Parameters

Parameter Names Value
Maximum capacity E (MWh) 27
Maximum charge/discharge power pwryiax (MW) 27
Maximum number of nodes n 10
Maximum number of thermal power units 3
Charging and discharging efficiency 0.95
Transportation cost per unit of time cTRA ($/h) 20
Random exploration parameter ¢ 0.9-0.1
Batch size B 128
Discount factor v 0.95
Probability distribution in random exploration ¢ U(,1)
Soft updating parameter T 0.1

Sizes of three layers of neural networks [256,128,64]
Learning rate in policy network Ir, 1x107°
Learning rate in value network Ir, 1x104
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4.2. Results Analysis

Figure 2 depicts the convergence of the cumulative rewards achieved by the proposed
DRL-based algorithm during the training phase. The x-axis represented the number of
iteration rounds, with each increment on the axis representing 100 iterations. The y-axis
displayed the accumulated cost, which was presented as a negative value. The graph
demonstrated that the training reached convergence after approximately 1500 iterations.
The training process was approximately 5 h for 7000 iterations, whereas the execution
time of the trained network was virtually insignificant. By utilizing a trained network, we
observed a significant improvement in computational efficiency.

Episodes (x100)
0 5 10 15 20 25 30 35 40 45 50 55 60 65 70
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&
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©
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Figure 2. Episodic average reward in every 100 episodes in a scenario with 10 nodes.

Figure 3 shows the alteration in the distribution of renewable energy and thermal unit
outputs within the system. As depicted in Figure 3a, certain nodes, such as nodes 3 and 8,
exhibited a richer availability of renewable energy sources, whereas others, such as nodes
1, 6, and 7, exhibited virtually no presence of such resources. To cater to the electricity
demand of these nodes with limited renewable energy, it was necessary to utilize thermal
power units. Figure 3b presents a polar plot, demonstrating the distribution of renewable
energy and thermal unit outputs in the absence of a connection to the MESS system. The
figure clearly illustrates that some nodes, such as node 5, exhibited a predominant presence
of renewable energy output, while others, such as node 8, were dominated by thermal
power generation. Overall, the system exhibited a relatively substantial proportion of
thermal power generation.

Figure 3c presents a polar plot that displays the optimal energy distribution among
various nodes. The blue, red, and green segments in the plot depicted the local renew-
able energy sources, the energy generated by thermal units, and the energy transmitted
through the MESSs, respectively. As shown in the plot, certain nodes, such as nodes 5
and 9, possessed abundant local renewable energy resources and, thus, exhibited a higher
proportion of local energy output. These nodes were also the main charging nodes and
were not typically involved in discharging the MESSs.Comparatively, nodes such as node 2
had both local renewable energy resources and energy transmitted by the MESSs contribut-
ing to their power supply. Furthermore, nodes such as node 8, which primarily relied
on the energy transmitted by the MESSs, effectively reduced their share of the thermal
power-unit output.
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Figure 3. The Output of Thermal Power Units, Original Renewable Energy, and Transferred Renew-
able Energy at Each Node in a 10-Node Scenario.

Figure 4 presents a chord diagram that displays the cumulative energy transfer within
the decision cycle of the MESSs. The diagram provided a visual representation of the
flow of energy transfer and its accumulation during the decision cycle. The direction of
the arrows represents the flow of energy transfer. As depicted in the figure, some nodes
were designated as primary charging nodes, such as nodes 3 and 5, while others served
as primary discharging nodes, such as nodes 1 and 8. This was because these nodes, such
as 3 and 5, possessed abundant renewable energy sources, which was a result of their
geographical locations and other contributing factors. However, when these nodes were
not connected to the MESSs, the surplus of renewable energy resources could lead to issues
such as excess light or wind. By incorporating these nodes into the MESSs, the proportion
of thermal power output was significantly reduced, thus improving the utilization of
renewable energy sources. Some nodes, such as nodes 3 and 8, served as both supply and
demand nodes, which was due to the intermittent nature of renewable energy and the
mismatch between the supply of renewable energy and the peak demand for electricity.
For example, the power generation capacity of PV was related to factors such as sunlight
duration and weather and reached its peak output during sunny afternoons, but the local
demand may not be able to consume all the generated electricity during this time period.
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Therefore, the excess electricity would then be transported to nearby nodes to meet the
electricity demand of other nodes. In the evening, when the power output of PV decreased,
a hydroelectric power supply from neighboring nodes could be required.
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Figure 4. Optimal cumulative total renewable energy transfer in a 10-node scenario.

By conducting numerous experiments, we demonstrated that by integrating the MESSs
into the power grid, it was feasible to transfer surplus renewable energy from nodes with
an abundance of such resources, to nodes with limited resources. This resulted in a
reduction in thermal power generation in the latter, thereby validating the proposed model
and algorithm.

Furthermore, our proposed mobile energy storage system-grid joint optimization
model has the potential to address network contingency events. First, our study on
coupling mobile energy storage systems with the power grid contributes to achieving
higher renewable energy penetration levels [43,44]. In the event of network contingencies
(e.g., equipment failure, fluctuations in power demand, etc.), mobile energy storage systems
can quickly adjust their output to balance supply and demand imbalances in the grid.
Moreover, mobile energy storage systems can transfer electrical energy from one location to
another within the grid in a short period of time, alleviating local transmission congestion
issues and improving the stability of the entire grid. Second, by optimizing the dispatch
strategy of mobile energy storage systems, we can allocate renewable energy resources
reasonably across different time periods to meet grid demand. This will help mitigate
power supply shortages or overloads caused by contingency events, further enhancing the
stability and reliability of the grid [29]. Lastly, our research also indicates that mobile energy
storage systems can help reduce the operational costs of the entire power system [45]. By
utilizing renewable energy resources more efficiently, we can decrease our reliance on
conventional fossil fuel-based generation, thus lowering the cost losses associated with
network contingencies.
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5. Conclusions

In this study, we developed a mixed-integer nonlinear programming (MINP) model
that coupled MESSs with a power grid to balance a region with an uneven distribution
of renewable energy. We modeled the MESSs as constrained Markov decision processes
(CMDPs) and proposed a framework based on a deep reinforcement learning (DRL) al-
gorithm that considered the discrete-continuous hybrid action space of the MESSs. We
solved the constraint on battery capacity in the CMDP by applying a proximal-gradient-
projection algorithm. Based on this, we reformulated the original MINP model as a linear
programming (LP) model to arrive at our solution framework. The case study showed that
our proposed algorithm and framework effectively improved the utilization of renewable
energy and reduced the generation costs of thermal power units.

The DRL-based algorithm we proposed has good scalability and application prospects
in energy challenges with discrete-continuous hybrid decision-action spaces. Furthermore,
our approach of using a DRL-based method to eliminate integer decision variables and
nonlinear constraints provided insight for solving the MINP challenges. However, to
highlight the main innovation points of this paper, we simplified some constraints, such as
overlooking power-flow constraints and the aging characteristics of batteries. In future re-
search, we will consider these additional constraints and objective functions more carefully,
including the initial investment cost for implementing MESSs, and attempt to optimize
scheduling decisions over longer time periods.
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Abbreviations

The following abbreviations are used in this manuscript:

MESSs  Mobile Energy Storage Systems
WP Wind Power

PV Photovoltaic

MIP Mixed-Integer Programming
LP Linear Programming

DRL Deep Reinforcement Learning

ESSs Energy Storage Systems

SESS Stationary Energy Storage System

EV Electric Vehicle

MILP Mixed-Integer Linear Programming
MDP Markov Decision Process

CMDP  Constrained Markov Decision Process
A-C Actor-Critic

NNs Neural Networks
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