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ABSTRACT

Lithium-ion battery state estimation and prognostics are crucial for the safe and reliable operation of
electric vehicles (EVs), renewable energy systems, and portable devices. However, nonlinear battery behavior
complicates State of Charge (SOC) estimation, limited and imbalanced data hinder State of Health (SOH),
and scarce degradation trajectories with domain shift challenge Remaining Useful Life (RUL) prediction.
Generative Adversarial Networks (GANs) offer an effective approach by generating realistic synthetic data
that mitigates scarcity, improves diversity, and enhances model robustness. This study aims to systematically
review and consolidate the current literature on GAN-based data augmentation for battery state estimation
and prognostics. Specifically, it examines the effectiveness of different GAN architectures and techniques in
improving SOC, SOH, and RUL estimation, assesses synthetic data quality and reliability, identifies technical
challenges and limitations, and outlines evidence-based guidelines and future research directions. A systematic
literature review was conducted following Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) 2020 guidelines, incorporating relevant studies obtained from four prominent digital
libraries. Analysis of 31 primary studies reveals that widely used public datasets (National Aeronautics and
Space Administration (NASA), Center for Advanced Life Cycle Engineering (CALCE) and Oxford) dominate
the field, enabling reproducibility and benchmarking. GAN-based augmentation achieves 17% to 90% error
reductions across root mean square error (RMSE), mean absolute error (MAE), mean absolute percentage error
(MAPE), and mean squared error (MSE) metrics. Time-series GANs and Wasserstein GANs (WGANs) emerge
as most effective, with Adam optimizer learning rate (LR) = 0.001 and gradient penalty (1;,=10) providing
improved stability. Major challenges include data scarcity, synthetic data quality concerns, GAN instability,
and domain shift. Six priority areas are identified for advancing the field: physics-informed constraints, domain
adaptation, uncertainty quantification, real-time deployment, multimodal learning, and data efficiency. This
review establishes GAN-based augmentation as significant for battery state estimation and prognostics. It
provides evidence-based insights and a roadmap towards developing reliable, interpretable, and deployable
battery management systems.
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1. Introduction

Lithium-ion batteries are a fundamental component of modern en-
ergy storage and are used in electric vehicles, renewable-energy sys-
tems, spacecraft, and portable electronic devices because of their high
energy density, rechargeability, and long cycle life [1,2]. Ensuring their
reliability and safety requires accurate estimation of critical health
indicators, namely State of Charge (SOC), State of Health (SOH), and
Remaining Useful Life (RUL), which are vital for stable operation across
EVs, renewable grids, and portable applications, particularly given the
complexity of battery aging and environmental influences [3-5]. SOC
represents the available energy relative to the maximum capacity, SOH
reflects the level of degradation compared to the initial condition, and
RUL forecasts the remaining operational cycles until the end-of-life
threshold is reached. Precise prediction of these indicators is essential
not only for enhancing operational efficiency but also for preventing

costly downtime and catastrophic failures, as demonstrated in recent
works employing deep learning and hybrid approaches [6-11]. Com-
prehensive reviews provide further insights into SOC, SOH, and RUL
estimation, summarizing algorithmic advances, challenges in data mod-
eling, and the integration of prognostics and health management (PHM)
frameworks [12-14]. Recent surveys and benchmark studies consis-
tently highlight data scarcity, limited cross-domain generalization, and
deployment constraints as key barriers to reliable SOC, SOH, and RUL
estimation and to their integration within PHM frameworks [15-18].
The electrochemical processes governing lithium-ion battery behav-
ior are inherently nonlinear and time-varying, influenced by thermal
effects, degradation phenomena, and dynamic loading conditions, mak-
ing accurate modeling particularly challenging [19-21]. Traditional
approaches, such as equivalent circuit models (ECM) and electrochem-
ical models [22], often fail to capture complex dynamics and degra-
dation mechanisms under real-world operating conditions. Although
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ECMs are computationally efficient, they neglect critical internal pro-
cesses such as lithium plating, solid—electrolyte interphase growth,
and temperature-induced degradation, particularly at low SOC or high
current rates [23,24]. Electrochemical models, such as the Doyle-
Fuller-Newman (DFN) framework and its derivatives, provide deeper
physical insights but are computationally too intensive for real-time
applications [25,26]. Moreover, ECMs typically assume linear super-
position and constant parameters, thereby ignoring history-dependent
effects such as hysteresis and path-dependent degradation [27]. Recent
comparisons further reveal that distributed or physics-informed ECM
variants outperform traditional ECMs (e.g., Thevenin, Randles, and
resistor—capacitor (RC) ladder models), especially under real-world
cycling and high C-rate [21,26]. Recent hybrid approaches, includ-
ing physicochemical ECMs and differentiable DFN formulations, can
achieve DFN-level fidelity at substantially reduced computational cost,
supporting near-real-time estimation [26,28].

Temporal Fusion Transformer (TFT) is an attention-based sequence
architecture that is increasingly used as a modern Transformer baseline
for SOC/SOH/RUL estimation under limited or imbalanced data.

In recent years, deep learning methods have demonstrated sub-
stantial potential in battery health prediction, owing to their ability
to capture complex temporal dependencies and degradation patterns
directly from raw measurements. Hybrid architectures, such as convo-
lutional neural network (CNN)-bidirectional long short-term memory
(BiLSTM) [29], leverage convolutional layers for feature extraction and
bidirectional LSTMs for sequence learning, thus improving the accuracy
of RUL prediction. Attention-based CNNs with positional encoding
further enhance temporal modeling, offering faster and more accurate
estimation compared to conventional recurrent neural network (RNN)-
based approaches [30,31]. More advanced combinations, including
CNN - gated recurrent unit (GRU) — Transformer frameworks [32],
have shown strong capability in SOC estimation, while Transformer-
based models themselves exhibit promising results for RUL prediction,
particularly on limited datasets [33]. Despite these advancements,
deep learning models are heavily data-dependent. They require large
and balanced datasets to avoid overfitting and often fail to general-
ize when operating conditions differ from training distributions [9].
Transformer-style models (e.g., TFT variants and multimodal encoders)
deliver sizable gains under small or imbalanced data, indicating im-
proved temporal fusion and generalization for SOC/SOH/RUL [8,34,
35]. These findings support updating deep-learning baselines beyond
recurrent architectures in data-constrained settings. The lack of diverse
and publicly available datasets further restricts model scalability, forc-
ing reliance on data augmentation strategies [36]. To address these
challenges, Generative Adversarial Networks (GANs) have been shown
to be effective for synthetic data generation in battery applications.
Time-series WGANs [37] and deep convolutional GANs [38] create
realistic SOC and RUL trajectories, preserve temporal correlations, and
significantly enhance predictive performance [36,39]. Recent reviews
further identify GANs as promising enablers for augmenting rare failure
modes and boosting the robustness of deep learning-based prognostics
and health management frameworks [9].

1.1. Problem and motivation

Despite the demonstrated potential of GAN-based approaches for
lithium-ion battery state estimation (SOC and SOH) and prognostics
(RUL) [36,40-42], several unresolved challenges remain critical bot-
tlenecks (i.e., addressed in research questions (RQ1-RQ5)). The fore-
most limitation arises from the inherently nonlinear and time-varying
electrochemical dynamics of lithium-ion cells, which make precise
modeling extremely difficult (address in RQ3 and RQ4). Previous stud-
ies [43,44] show that the nonlinearity and non-Gaussian behavior of
batteries under dynamic loads complicate SOC and SOH estimation,
and advanced filters such as Gauss—Hermite particle filters outperform
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standard methods in such cases [45]. Furthermore, temperature fluc-
tuations and operational variability significantly affect real-time SOC
estimation, as demonstrated in electric vehicle applications [3].

The second major challenge lies in the scarcity and imbalance of
available datasets [46,47] (address in RQ1 and RQ4). Capacity estima-
tion models often degrade in accuracy when trained on limited or un-
balanced data, with experiments on NASA battery datasets confirming
poor generalization for underrepresented failure modes [48]. Similarly,
the absence of degraded-class data in early cycles results in unreliable
SOH prediction, highlighting the need for improved sampling and
augmentation strategies [49].

The third pressing limitation is the lack of comprehensive degra-
dation trajectories and the prevalence of domain shift across operating
conditions [50] (i.e., emphasize in RQ4). Shifts in load profiles, ambient
temperature, and usage patterns reduce the robustness of RUL models,
with hybrid fusion frameworks combining Kalman filters and nonlinear
autoregressive models proposed as partial remedies [50]. Long-term
degradation patterns also remain underrepresented, as models trained
on short-term data fail to generalize, and even probabilistic approaches
leveraging accelerated degradation tests cannot compensate for the lack
of real-world long-term datasets [51].

Together, these challenges severely constrain the reliability and ro-
bustness of current battery health management frameworks [52]. While
extensive experimental datasets could theoretically alleviate these is-
sues, their collection is prohibitively expensive, time-consuming, and
incapable of covering the full diversity of chemistries, operating modes,
and environmental factors [36]. Traditional data augmentation tech-
niques, such as interpolation (mixup) [53], SMOTE [54], or Gaussian
noise injection [55], are similarly inadequate. For example, Zhang
et al. [56] demonstrated that Gaussian data augmentation (GDA) im-
proves performance only under specific signal-to-noise conditions, and
inappropriate GDA can actually degrade model accuracy—highlighting
the fragility of such methods that fail to capture temporal dependencies
and electrochemical characteristics. Against this backdrop, researchers
increasingly recognize GANs as an effective approach to data aug-
mentation for battery state estimation and prognostics [57]. By syn-
thesizing high-fidelity, statistically consistent, and temporally coherent
data [58], GANs can mitigate scarcity, enrich diversity, and enhance
the generalizability of deep learning models—ultimately reducing de-
pendence on costly experimental campaigns while enabling more reli-
able SOC, SOH, and RUL prediction [36,52]. Stabilized and conditional
GAN variants (e.g., WGAN-GP and time-series/conditional models) can
further improve robustness and cross-domain utility through gradient-
penalty regularization, conditional controls, and few-shot or domain-
adaptive synthesis [59-61]. These advances support the rationale for
GAN-based augmentation under small, imbalanced, or shifted battery
datasets.

1.2. Research gaps

Our analysis reveals seven distinct critical research gaps in the
current research on GAN-based battery prognostics. For each gap, we
provide a concise operational definition and evidence anchor (see Fig.
12, Tables 9-11, and Fig. 13). For complete per-study codings, counts,
and definitions of research gap categories and mitigations, see the OSF
data extraction table. These research gaps are presented in Table 1.

These seven gaps are derived from the 31-study corpus analyzed
in this systematic literature review (SLR) and directly motivate our re-
search questions (Table 3) and contributions. In particular, our bench-
marking and guidance address Gaps 1-4 (reporting, validation, base-
lines, and integration), while our roadmap targets Gaps 5-7 (transfer-
ability, physics-informed constraints, and uncertainty).

For data availability, all detailed evidence presented in this gaps
table, including per-study gap analysis, comprehensive analysis tables,
dataset inventories, GAN architecture specifications, performance met-
rics, challenge categorizations, and future research direction mappings
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Table 1
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Research gaps identified from the 31 primary studies on Generative Adversarial Network (GAN)-based data augmentation for lithium-ion battery state estimation
and prognostics. Each row defines a gap category, summarizes its meaning, and provides evidence anchors by citing representative primary studies (PS).

Gap#  Research Gaps Description Evidence
Gap 1 Systematic evaluation and Lack of standardized experimental protocols and inconsistent  Incomplete reporting of splits, preprocessing, and hyperparameters
reporting reporting of dataset splits, pre-processing steps, (PS6, PS7, PS10, PS11, PS25); heavy reliance on the NASA, CALCE,
real-to-synthetic data ratios, and model hyperparameters and Oxford datasets (PS1, PS3, PS4, PS5, PS8, PSO, PS11, PS13,
prevents fair comparison and reproducibility across studies PS22, PS26, PS29, PS30, PS31); small cell counts (2-30 cells);
missing baselines in PS1, PS5, PS11, PS24, PS29.
Gap 2 Quality validation protocols Absence of systematic validation frameworks for synthetic Inconsistent quality metrics: KL divergence (PS1, PS11), MMD
data quality, with inconsistent use of statistical metrics filtering (PS10), DTW similarity (PS12), and PCA and t-SNE (PS2,
(MMD, DTW, PCA, and t-SNE) and limited downstream PS25); quality challenges in PS2, PS6, PS7, PS12, PS22, PS31.
performance validation to ensure synthetic data reliability
Gap 3  Architecture and Proliferation of diverse GAN architectures without systematic 12 GAN families: TimeGAN (PS1, PS9, PS11, PS25, PS30), WGAN
hyperparameter baselines comparison or ablation studies, making it difficult to variants (PS2, PS7, PS8, PS10, PS17, PS18, PS20, PS22), CGAN
determine optimal configurations for specific battery state (PS6, PS12, PS15, PS28, PS29), InfoGAN, VAE-GAN, CR-GAN,
estimation tasks CTSGAN, CLSTM-CGAN, TS-DCGAN, GRU-LSGAN, GAN-CLS, RGAN;
limited cross-architecture comparison (PS6: CGAN vs. DCGAN vs.
WGAN; PS10: WTimeGAN vs. TimeGAN; PS29: RNN-CGAN vs.
LSTM-CGAN vs. CNN-CGAN).
Gap 4 Integration strategies Insufficient investigation of optimal strategies for combining  Limited ratio sensitivity across studies; PS8 uses
(Real-Synthetic fusion) real and synthetic data, including mixing ratios, curriculum discriminator-weighted fusion; PS20 evaluates replacement vs.
learning approaches, and replacement versus augmentation augmentation; PS25 shows preprocessing impact; missing baselines
strategies in PS1, PS5, PS11, PS24, PS29.
Gap 5 Transferability and domain Limited evaluation of GAN model generalization across Domain shift in PS20, PS21, PS27, PS31; transfer learning: PS20
shift different battery chemistries, operating temperatures, drive (W-DC-GAN-GP-TL), PS21 (GAN-LSTM-TL), PS27 (DeepCoral +
cycles, and datasets, hindering deployment in diverse CTSGAN), PS31 (feature mapping).
real-world conditions
Gap 6 Physics-informed constraints GAN generators lack integration of electrochemical Physics constraints proposed in PS1, PS3-PS6, PS9, PS12-PS13,
knowledge and physical constraints, failing to ensure PS18, PS20, PS23; current focus on data-driven objectives.
generated data adheres to battery physics principles (e.g.,
SOC-OCV relationships, capacity fade monotonicity,
voltage—current feasibility)
Gap 7 Uncertainty quantification and  Absence of uncertainty quantification and reliability Uncertainty quantification (UQ) recommended in PS3, PS8, PS12,

reliability

assessment in GAN-generated synthetic data, critical for
safety-sensitive battery management applications where

PS13, PS18, PS21, PS27; current focus on point metrics without
calibration.

prediction confidence is essential

for all 31 primary studies, are available in the Open Science Framework
(OSF) data extraction repository https://osf.io/rmj8b/. The evidence
statements above are derived from a systematic analysis of the complete
OSF data extraction tables.

These observations are consistent with broader related reviews [5,
62-66], which also note inconsistent reporting and limited cross-
domain validation. Our work adds GAN-specific evidence and quan-
tified prevalence tailored to augmentation for battery prognostics.

1.3. Contributions

We summarize our key contributions as follows:

1. We consolidate GAN based augmentation for SOC, SOH, and RUL
and provide quantitative synthesis, standardized benchmarks,
validation of synthetic data, and protocols to integrate real and
synthetic data.

2. Following PRISMA 2020 guidelines, provides a systematic anal-
ysis of 31 primary studies on GAN-based data augmentation for
lithium-ion battery state estimation and prognostics, covering
SOC, SOH, and RUL with comprehensive task coverage analysis.

3. Releases a complete OSF reproducibility package containing the
protocol, PRISMA 2020 checklist, screening ledgers with exclu-
sion reasons, deduplication and search logs/strategies, and data-
extraction and CASP QA tables to enable end-to-end replication
and reuse.

4. Establishes quantitative performance benchmarks showing 17%
—-90% error reductions across RMSE, MAE, MAPE, and MSE
metrics, with empirical evidence from 25 of 31 studies demon-
strating consistent performance improvements.

5. Identifies effective GAN architecture families and their preva-
lence across the corpus, including time-series GAN variants,
WGAN and WGAN-GP variants, and conditional GANs, along
with optimal hyperparameter configurations for stable training.

6. Provides evidence-based implementation guidelines for prac-
titioners, including dataset preprocessing pipelines, validation
protocols, and practical guidance on real-synthetic data integra-
tion strategies (see Fig. 5; Tables 7, 12, 13; and OSF artifacts at
https://osf.io/rmj8b/).

7. Establishes six priority research directions for advancing the
field, including physics-informed constraints, domain adapta-
tion, uncertainty quantification, real-time deployment, multi-
modal learning, and data efficiency improvements.

Collectively, these contributions address gaps in reporting, vali-
dation, baselines, integration, transferability, physics informed con-
straints, and uncertainty. Evidence for each contribution appears in
Figs. 11 and 12 and Tables 7, 9, and 11.

1.4. Organization

The remainder of this paper is organized as follows: Section 2 pro-
vides background on lithium-ion battery fundamentals, the evolution
of data-driven battery state estimation, and theoretical foundations of
GANs and their variants for time-series data. Section 3 presents the
systematic review methodology, including research questions, search
strategy, inclusion/exclusion criteria, and quality assessment frame-
work. Section 4 provides the comprehensive analysis of the primary
studies, examining GAN architectures, performance metrics, and imple-
mentation details, along with the per-RQ findings. Section 4 discusses
key findings regarding the effectiveness of GAN-based data augmenta-
tion, including performance improvements, validation strategies, and
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identified challenges. Finally, Section 5 concludes the review with a
synthesis of key findings and recommendations for practitioners and
researchers.

2. Background and related work
2.1. Background

2.1.1. Generative adversarial networks theories

GANs, introduced by Goodfellow et al. [67], represent a significant
advance in generative modeling. GAN model is based on game theory,
specifically the minimax game between two competing neural net-
works: the generator G and the discriminator D. The generator aims to
create synthetic data that is indistinguishable from real data, while the
discriminator learns to distinguish between real and generated samples.
Subsequent formulations generalized the divergence being minimized
and analyzed convergence and stability properties [68,69].

As shown in Fig. 1, the mathematical formulation of the GAN
objective function is (see [67]):

mGin m]z)lx V(D,G) = IEX"’Pdmg(X) [log D(x)] o
+E. ;. »[log(1 — D(G(2)))]

where p,,,,(x) represents the real data distribution, p,(z) is the prior
noise distribution, and z is the random noise vector input to the
generator. The training process involves alternating optimization of
the generator and discriminator networks until they reach a Nash
equilibrium.

The theoretical analysis of GAN convergence reveals several impor-
tant properties. When the discriminator is optimal for a fixed generator,
the objective function becomes:

V(G, D) =E,.,,. collog D*X)] +E,, (o llog(l = D*(x))] ®))

where D*(x) = —Paaa®™__ j¢ the optimal discriminator [67].
Pdara(X)+pg(x)

Substituting this optimal discriminator into the objective function
yields [67]:

V(G.D*) =2 ISD(pyury |l py) — log(4) ®)

where JSD represents the Jensen-Shannon divergence between the real
and generated data distributions.

The training dynamics of GANs can be analyzed using the gradient
flow equations:

00,

o = Vep,V(D.0) 4
90
7 = VBG V(D, G) (5)

where 0, and 6 are the parameters of the discriminator and generator,
respectively.

The convergence of GAN training is guaranteed under certain con-
ditions, including the assumption that both networks have sufficient
capacity and that the discriminator is trained to optimality at each
step. However, in practice, these conditions are rarely met, leading to
training instability and mode collapse.

2.1.2. Variants of GAN for time-series data

Standard GANs face challenges when applied to time-series data
due to their inability to capture temporal dependencies and sequential
patterns. Several GAN variants have been developed specifically for
time-series generation, each addressing different aspects of the tem-
poral modeling challenge; alternative objectives such as Least-Squares
GAN further improve gradient signals and stability [70].

Conditional GANs (CGANSs) extend the basic GAN framework by
conditioning both the generator and discriminator on additional infor-
mation, such as class labels or control variables. Fig. 2 depicts the con-
ditioning of both G and D on y. Auxiliary-classifier designs and spec-
tral normalization further stabilize training and improve conditional
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synthetic X

G(z) D(-)

Real/Fake

Fig. 1. Basic Generative Adversarial Network (GAN) architecture: generator
G maps noise z to synthetic samples %, and discriminator D distinguishes real
x from generated X.

Generator

Condition y

G(z,y)

x|y

y
Discriminator
D(- |y

Condition y |—> Real x

y

Real/Fake

Fig. 2. Conditional Generative Adversarial Network (CGAN): both generator
and discriminator are conditioned on y (e.g., temperature, drive cycle, and
chemistry) for targeted time-series synthesis.

synthesis [71,72]. The objective function becomes [73]:

rrgn max V(D,G)=E, ., yllog D(x]y)]

(6)
+Ez~pz(z),y~py(y)[10g(l - D(G(z|y)|y)]
The conditional generation process can be formulated as:
G:ZxXY->X @)
D:XxY-[0,1] (®

where Z is the noise space, Y is the condition space, and X is the data
space.

In Eq. (6), conditioning on y injects operating context into both
G and D, which naturally supports context-aware synthesis for bat-
tery trajectories. Conditional and time-series GANs enable context-
conditioned sequence synthesis (e.g., conditioning on temperature,
drive cycle, and chemistry) for battery monitoring, improving SOC,
SOH, and RUL estimation by supporting temporally consistent genera-
tion in low-data settings [74,75].

Wasserstein GANs (WGANSs) address training instability issues by
using the Wasserstein distance instead of the Jensen-Shannon diver-
gence. Fig. 3 illustrates the WGAN-GP critic enforcing the 1-Lipschitz
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Fig. 3. Wasserstein Generative Adversarial Network with Gradient Penalty
(WGAN-GP): the critic estimates the Earth Mover’s distance; a gradient penalty
with coefficient A, enforces the 1-Lipschitz constraint.

constraint via a gradient penalty A;p. The objective function is [76]:

minmax V (D, G) = Ex.p,,, o[ D] ©
“Esop, [ PR)]
The Wasserstein distance between two probability distributions P
and Q is defined as [77,78]:

WP.0) = il Epe, x5l 10

in
yEII(P,
where I1(P, Q) is the set of all joint distributions with marginals P and
Q.

The Kantorovich-Rubinstein duality provides an alternative formu-
lation [77,78]:

W(P,0)= sup E, plf(0)]—E, o[/ (x)] an
I/ lL<1
where the supremum is over all 1-Lipschitz functions f.

Building on the Wasserstein objective in Eq. (9), practical time-
series training typically relies on Lipschitz-enforcing stabilizers
(e.g., gradient penalty) to keep the critic well-behaved. For time-
dependent signals, gradient-penalty regularization and related stabi-
lizers (e.g., synchronized noised gradient penalty and 1D WGAN-
GP) can improve training stability and waveform fidelity relative to
vanilla GANs, which is directly relevant for electrochemical time-series
synthesis [79,80].

Time-series Generative Adversarial Network (TimeGAN), specif-
ically designed for time-series data, incorporates temporal consistency
through a supervised loss that encourages the generated sequences to
follow realistic temporal patterns (see [81]). Alternatives include recur-
rent and convolutional recurrent GANs for sequential synthesis [82,83].
Fig. 4 summarizes the architecture: an embedding network E maps
sequences to latent A, a recovery network R reconstructs %, a supervisor
S aligns temporal dynamics, and the generator G' and discriminator D
play the adversarial game.

The TimeGAN objective function combines adversarial, supervised,
and reconstruction losses [81]:

L=Lp+alg+pL, (12)

where L is the reconstruction loss, £g is the supervised loss, and £ 4
is the adversarial loss.
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The reconstruction loss ensures that the embedding and recovery
networks can reconstruct the original time series [81]:

£R = ]Ex~pdam(x)[|lx - 5&”%] (13)

where £ is the reconstructed time series.
The supervised loss encourages the generator to produce sequences
that follow realistic temporal dynamics [81]:

Lo =FpopollPier =Ry lI3] 14

where h, and h, are the real and generated hidden states, respectively.

Modern battery prognostics systems employ sophisticated deep
learning architectures to process multi-modal sensor data and extract
meaningful features for health prediction. These architectures must
handle the unique challenges of battery data, including temporal de-
pendencies, multiple sensor modalities, and varying time scales [84,
85].

Long Short-Term Memory (LSTM) networks are particularly effec-
tive for battery prognostics due to their ability to capture long-term
dependencies in sequential data. The LSTM cell structure includes
input, forget, and output gates that control information flow [86,87]:

fi=0W;-[h_y,x]+by) (15)
iy =oc(W;-[h_,x]+b;) (16)
C, = tanh(W,. - [h,_y, x,1 + b¢) a7
C,=f*C_;+i, %C, (18)
o, =W, - [h_y,x]+b,) 19)
h, = o, * tanh(C,) (20

The LSTM architecture addresses the vanishing gradient problem
through the cell state C,, which acts as a highway for information flow.
The forget gate f, controls how much information from the previous
cell state is retained, while the input gate i, controls how much new
information is stored in the cell state.

The gradient flow through the LSTM cell can be analyzed using the
chain rule [86,88]:

oh, _ 0h, oC, oC,_,
Oh_y ~ 9C, 9C,_y Oh,_

The partial derivative of the cell state with respect to the previous

cell state is [87]:
ac,
9Cpy

2D

= f, + additional terms (22)

where the additional terms involve gradients of the gate functions with
respect to the previous hidden state.

Bidirectional LSTM (BiLSTM) processes sequences in forward and
backward directions and captures dependencies from past and future
time steps simultaneously. This architecture is particularly valuable
for battery prognostics where both historical and future context are
important [89,90].

The BiLSTM output at time ¢ is computed as [91]:

h, =[h;;h,) (23)

where 7, and h, are the forward and backward hidden states, respec-
tively.
The forward hidden state is computed as:

hy = LSTM(x,, h,_;) (24
and the backward hidden state is computed as:

h, = LSTM(xX,, 7,y ) (25)
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AN
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Real series x —> Embedding E ‘—) Latent h —\\—>‘ Recovery R }—) b
( z )——> Generator G ——> h X —>‘ Discriminator D

Fig. 4. Time-series Generative Adversarial Network (TimeGAN): embedding E and recovery R map between sequence space and latent space; generator G
produces latent trajectories 7 guided by supervisor .S for temporal consistency; discriminator D distinguishes reconstructed real % from generated X.

Transformer Networks have significantly changed sequence mod-
eling through their attention mechanism, which allows the model to
focus on relevant parts of the input sequence. We adopt the standard
encoder-style notation shown in Fig. 5 for downstream estimators. The
multi-head self-attention mechanism is defined as [92]:

. OKT
Attention(Q, K, V') = softmax |4 (26)
dy
where Q, K, and V represent query, key, and value matrices, and d, is
the dimension of the key vectors.
The multi-head attention mechanism combines multiple attention

heads [92]:

MultiHead(Q, K, V) = Concat(head,, ..., headh)Wo 27)
where each head is computed as:
head, = Attention(QW,2, KW, X, vw}”) (28)

The transformer architecture includes positional encoding to main-
tain sequence order information [92]:

PE 501y = sin(pos/10000%/4nodet ) (29)

PE (52141 = €08(pos /10000 /4nodet ) (30)

where pos is the position in the sequence and i is the dimension.

With attention formalized in Eq. (26), Transformer-family models
can fuse long-range dependencies across multivariate battery signals.
Attention-based sequence models (e.g., TFT variants and seasonal/
growth-aware Transformers) have been reported to improve SOC, SOH,
and RUL estimation under limited or imbalanced data, complementing
recurrent baselines [8,35].

2.1.3. Data augmentation and synthetic data generation

Data augmentation techniques aim to increase the diversity and
quantity of training data without collecting additional real-world mea-
surements. Traditional augmentation methods, such as noise injection,
time shifting, and scaling, are limited in their ability to preserve the
complex statistical properties of battery data [93,94].

The theory of data augmentation follows from data manifold learn-
ing. The real data distribution p,,,(x) lies on a low-dimensional man-
ifold embedded in the high-dimensional data space. Traditional aug-
mentation methods often fail to preserve the manifold structure, lead-
ing to unrealistic synthetic samples.

GAN-based data augmentation offers several advantages over tradi-
tional methods. First, GANs can learn the underlying data distribution
and generate samples that preserve the statistical characteristics of real
data. The generator learns a mapping from the noise space to the data

manifold:
G:Z-> My 31

where M,,,, is the data manifold.

Second, GANs can generate data for scenarios that are difficult or ex-
pensive to obtain experimentally, such as extreme operating conditions
or rare failure modes. This capability is particularly valuable for battery
prognostics, where certain failure modes may be rare but critical for
safety.

Third, GANs can help address class imbalance issues by gener-
ating synthetic samples for underrepresented conditions. An inverse-
frequency weighted loss can be formulated as, following established
strategies for learning from imbalanced data [95,96]:

C

e
Leg = Z ni Z Ly, 9)

c=1 ¢ i=]

(32)

where C is the number of classes, n, is the number of samples in class
¢, and L is the base loss function.

The quality of synthetic data can be evaluated using various statis-
tical metrics. The Fréchet Inception Distance (FID) measures the dis-
tance between real and synthetic data distributions [97]; complemen-
tary precision-recall diagnostics provide sample-quality vs. coverage
trade-offs [98,99]:

FID = ||, = |3 + Tr(Z, + 2, = 2Z,2)'/?) 33

where y, and p, are the mean feature vectors of real and generated
data, respectively, and X, and X, are the corresponding covariance
matrices.

The Inception Score (IS) measures both the quality and diversity of
generated samples [100]:

IS = exp(E, ., (y (KLY || PO

where p(y|x) is the conditional class distribution and p(y) is the marginal
class distribution.

This motivates learned generative augmentation that models the
data distribution more directly, rather than relying on heuristic pertur-
bations. Compared with noise injection or SMOTE, generative augmen-
tation using GANs and diffusion models has been reported to improve
SOH and RUL accuracy while better preserving distributional fidelity
(e.g., via FID or MMD), supporting the pipeline’s utility under sparse
or shifted data [52,101].

(34)

2.1.4. Evaluation metrics and validation strategies

The quality of GAN-generated synthetic data must be rigorously
assessed to ensure its reliability for battery state estimation and prog-
nostics. Common statistical metrics include:

Kullback-Leibler (KL) Divergence measures the difference be-
tween the probability distributions of real and synthetic data:

. P(i)

Dy (P11 Q)= Z P()log 50

The KL divergence is asymmetric and can be interpreted as the
information loss when approximating distribution P with distribution
Q. For continuous distributions, the KL divergence is defined as [102]:

(35)

Dyr(P 1| Q) = / P log 22 g

36
— q(x) (36)
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Fig. 5. Battery state estimation and prognostics pipeline for State of Charge (SOC), State of Health (SOH), and Remaining Useful Life (RUL) using Generative
Adversarial Network (GAN)-based augmentation: real data are preprocessed and used to train G and D; generated X are merged with real X to train downstream

estimators, evaluated via standard metrics.

The Jensen-Shannon divergence provides a symmetric alternative
[103]:

D;5(P Q)= %DKL(P I M)+ %DKL(Q Il M) 37)

where M = %(P + Q) is the average distribution.

Principal Component Analysis (PCA) is used to compare the
feature distributions and variance explained by principal components in
real versus synthetic data. The PCA transformation is defined as [104]:

Xpea = XW (38)

where X is the data matrix and W is the matrix of eigenvectors of the
covariance matrix C = n—ilX Tx.
The explained variance ratio for each principal component is:

i (39)

d
j=1 }“j

Explained Variance Ratio,; =

where J; is the eigenvalue corresponding to the ith principal compo-
nent.

t-Distributed Stochastic Neighbor Embedding (t-SNE) provides
visual comparison of data distributions in low-dimensional space, help-
ing identify clustering patterns and potential mode collapse. The t-SNE
algorithm minimizes the KL divergence between high-dimensional and
low-dimensional neighbor probability distributions [105].

The conditional neighbor probability in high-dimensional space is
[105]:

exp(—|lx; — Xj”z/ZUI-Z)
Zk#i ex;(—”x,- - xk”2/25,-2)

which is symmetrized as p;; = (p;;; + p;;)/(2n), and the joint probability
in low-dimensional space is [105]:

(40)

Pjii =

Uy =y

Zk;&l(l + Iy =y 1!
We evaluate performance for battery state estimation and prognos-
tics using Root Mean Square Error (RMSE), Mean Absolute Error (MAE),
and Mean Absolute Percentage Error (MAPE):

(41)

4q;

RMSE = (42)

1 < .
MAE = — Zl ly; = 91 (43)

Yi— i

100%
MAPE = —= %
n yi

The RMSE lp;elnalizes large errors more heavily than small errors,
making it sensitive to outliers. The MAE provides a more robust mea-
sure that is less sensitive to extreme values. The MAPE normalizes
the error relative to the true value, making it useful for comparing
performance across different scales.

Additional metrics specific to battery prognostics include the coef-
ficient of determination (R?):

R=1- Z=‘(y—_y)2 (45)
Y i —p?
where y is the mean of the true values.

However, low prediction error alone does not guarantee that gen-
erated samples are realistic or cover the target operating distribution.
In practice, distributional-fidelity checks (e.g., FID, MMD, and soft
dynamic time warping (soft-DTW)) are paired with task-level error
metrics for SOC, SOH, and RUL to verify that improvements in synthetic
data quality translate into downstream prognostic accuracy [101,106].

(44)

2.1.5. Challenges in GAN-based battery state estimation and prognostics
Despite their potential, GAN-based approaches face several theo-
retical and practical challenges that must be addressed for successful
deployment in battery state estimation and prognostics systems.
Training instability, characterized by mode collapse and vanishing
gradients, remains a significant issue. Mode collapse occurs when the
generator produces limited varieties of samples, failing to capture the
full diversity of the real data distribution. This phenomenon can be
analyzed through the lens of game theory, where the generator and
discriminator reach a suboptimal Nash equilibrium.
The mode collapse problem can be quantified using the effective
sample size (ESS) [107]:
T w)?
I w}
where w; are the importance weights of the generated samples.
The vanishing gradient problem arises when the discriminator be-
comes too confident, providing insufficient gradient information for the
generator. This occurs when the discriminator achieves near-perfect
classification, making the gradient of the generator’s loss function
approach zero; practical stabilizers include gradient-penalty and local-
noise regularizers that smooth the discriminator landscape [108,109]:

ESS = (46)

Vo, LG = Eonp 5[V, log(l = DG(2)))] (47)
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When D(G(z)) = 0 for all generated samples, the gradient becomes
very small, slowing down generator training.

Domain shift and generalization issues are particularly relevant for
battery state estimation and prognostics, where operating conditions
and battery chemistries vary significantly. The domain adaptation (DA)
problem can be formalized as [110]:

Lpg=Ls+ALypyp (48)

where L is the supervised loss on the source domain, £, is the
maximum mean discrepancy between source and target domains, and
A is a trade-off parameter.

The maximum mean discrepancy (MMD) measures the distance
between two probability distributions:

MMD*(P,Q) = E, _p[k(x,x)] + E, s_o[k(y.))]
—2E,.p y~olk(x. y)]

where k(-,-) is a kernel function.
The computational complexity of GAN training poses challenges
for real-time applications, where computational resources and response

times are constrained. The computational complexity of the forward
pass through a GAN is:

(49)

O(LGNZ + LpNp) (50)

where L; and L; are the number of layers in the generator and
discriminator, respectively, and N; and N, are the average number
of neurons per layer.

The lack of interpretability in GAN-generated data presents another
challenge. Unlike physics-based models, GANs operate as black boxes,
making it difficult to understand the underlying mechanisms and val-
idate the physical plausibility of generated samples. This limitation is
particularly concerning in safety-critical applications such as battery
management systems (BMS).

The interpretability challenge can be partially addressed through
attention mechanisms and saliency maps [111]:

(51)

where f(x) is the model output and S(x) is the saliency map indicating
the importance of each input feature.

Additionally, the evaluation of GAN performance in battery man-
agement systems requires careful consideration of the specific require-
ments of the application domain. Unlike image generation, where
visual quality is the primary concern, battery data generation must
preserve physical constraints and temporal consistency.

2.2. Related work

Recent reviews address lithium-ion battery state estimation, health
management, degradation analysis, and prognostics. Collectively, they
survey on SOC and SOH estimation methods across traditional model-
based and modern data-driven techniques [5,62-64]. Several works
critically examine the evolution of battery management systems and
highlight how advanced machine learning and deep learning algo-
rithms improve accuracy and reliability [65,112,113]. Others focus on
prognostics and health management (PHM), and discuss challenges and
opportunities in leveraging large-scale battery datasets and artificial
intelligence for predictive maintenance [66,114]. Notably, multiple ar-
ticles explore specialized neural networks and the role of data augmen-
tation in enhancing battery health prognostics, while also surveying
RUL and knee point estimation methodologies [115,116]. Table 2 sum-
marizes representative reviews. Together, these studies establish a solid
foundation for current practice and future directions in data-driven,
Al-enabled battery research.

Despite these significant advances, several critical gaps remain un-
addressed in the existing literature. Most importantly, there is a lack
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of systematic analysis and benchmarking of generative adversarial net-
work (GAN)-based data augmentation techniques specifically tailored
for lithium-ion battery state estimation and prognostics. While prior
reviews acknowledge the potential of synthetic data and generative
models, they often treat these topics superficially or as part of broader
discussions on machine learning. Few, if any, provide a focused, com-
parative evaluation of GAN-driven approaches, their effectiveness in
mitigating data scarcity, or their impact on downstream state esti-
mation and health prediction tasks. Additionally, recent trends in the
development and application of advanced generative models—such
as conditional GANs, Wasserstein GANs, and time-series GANs—are
underrepresented in the review landscape. By systematically addressing
these gaps, the present SLR delivers a focused, quantitative assess-
ment of GAN-based augmentation for SOC, SOH, and RUL, including
validation protocols and real-synthetic integration strategies, and pro-
vides benchmarking results and practical recommendations for future
research and application.

3. Methodology
3.1. Review protocol

The study was conducted in accordance with the PRISMA 2020
reporting guidance, and the protocol was registered on the Open Sci-
ence Framework (OSF; [117], project: https://osf.io/yshng/ , protocol:
https://osf.io/d3hpb/) after the screening stage. Registration occurred
post hoc; however, no deviations were made to the eligibility criteria,
outcomes, or synthesis plan. The scope was defined a priori using Pop-
ulation, Intervention, Comparator, Outcomes, Study design (PICOS):
lithium-ion battery studies as the population; GAN-based data augmen-
tation as the intervention; non-augmented or alternative augmentation
as comparators; outcomes including SOC, SOH, and RUL estimation
errors; and empirical, peer-reviewed studies published in English be-
tween 2015 and 2025. Information sources comprised ScienceDirect,
IEEE Xplore, Scopus, and Wiley Online Library, which were searched
on 14 February 2025 using database-adapted strategies (archived on
OSF). Bibliographic exports were consolidated and deduplicated in
Mendeley Desktop, with logs and settings archived; counts reconcile
with the PRISMA flow diagram (Fig. 6). Study selection used dual in-
dependent title/abstract and full-text screening after a brief calibration;
disagreements were resolved by discussion. Data were extracted with
a piloted template, and methodological quality was appraised using
a CASP-based rubric by two reviewers with consensus. The synthesis
was pre-specified as narrative with quantitative before/after compar-
isons where matched baselines were available; heterogeneity precluded
meta-analysis. All materials (search strings, exports, deduplication logs,
screening ledger, extraction sheets, and analysis scripts) are publicly
available on OSF. Detailed operational procedures are provided in the
following subsections.

3.2. Research questions

This systematic literature review identifies and addresses key re-
search questions, listed in Table 3, to guide the analysis of GAN-
based data augmentation for lithium-ion battery state estimation and
prognostics. These questions focus on datasets, methods, effectiveness,
challenges, and future directions. For operationalization: RQ1 extracts
dataset provenance, chemistries, variables, and usage frequency; RQ2
captures GAN family, loss and stabilizers, training regimen, and down-
stream estimators; RQ3 compares base versus augmented metrics (pri-
oritizing RMSE and MAE) and computes relative deltas; RQ4 codes
challenge domains and mitigation strategies; RQ5 aggregates forward-
looking themes and counts. The full extraction schema is available on
OSF.


https://osf.io/yshnq/
https://osf.io/d3hpb/
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Table 2
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Related review papers and their limitations with respect to Generative Adversarial Network (GAN)-based data augmentation for lithium-ion battery SOC, SOH,
and RUL tasks. The table lists each review title and publication year, and summarizes the specific limitation motivating the present systematic review (e.g., lack
of GAN-specific benchmarking, synthetic-data validation protocols, or real-synthetic integration guidance).

SL NO. Title Year Limitation

1 A comprehensive review of state-of-charge and state-of-health 2024 Limited treatment of GAN-based augmentation; no standardized
estimation for lithium-ion battery energy storage systems [62] augmentation benchmarks; minimal real-synthetic integration guidance.

2 A review of lithium-ion battery state of health and remaining useful 2024 Bibliometric focus; lacks technical evaluation of augmentation or
life estimation methods based on bibliometric analysis [63] dataset fusion; no pipeline-level recommendations.

3 Review on Lithium-ion Battery PHM from the Perspective of Key PHM 2024 Process-focused perspective; augmentation methods not analyzed; no
Steps [114] synthetic-data quality criteria.

4 Review of State Estimation and Remaining Useful Life Prediction 2023 Broad state-estimation survey; does not benchmark GAN augmentation
Methods for Lithium-Ion Batteries [5] or synthetic-data validation.

5 Specialized deep neural networks for battery health prognostics: 2023 Model-centric; lacks augmentation experiments and uncertainty-aware
Opportunities and challenges [115] synthetic-data validation.

6 A review of lithium-ion battery state of charge estimation based on 2022 SOC-centric; augmentation discussed superficially; no GAN-specific
deep learning: Directions for improvement and future trends [64] comparisons or quality protocols.

7 Towards unified machine learning characterization of lithium-ion 2022 General ML perspective; no targeted analysis of GAN augmentation;
battery degradation across multiple levels: A critical review [65] limited cross-dataset transfer evaluation.

8 Prognostics and health management of Lithium-ion battery using deep 2022 Deep-learning oriented; does not evaluate GAN augmentation; limited
learning methods: A review [66] domain-shift/transfer discussion.

9 State of charge, remaining useful life and knee point estimation based 2022 EV-focused; augmentation methods not covered; no GAN or
on artificial intelligence and Machine learning in lithium-ion EV real-synthetic integration analysis.
batteries: A comprehensive review [116]

10 State estimation for advanced battery management: Key challenges and 2019 High-level challenges; no augmentation benchmarking; lacks
future trends [113] real-synthetic fusion strategies.

11 Towards a smarter battery management system: A critical review on 2018 Pre-GAN focus; minimal deep sequence coverage; no data-augmentation

battery state of health monitoring methods [112]

discussion.

Table 3

Research questions (RQ1-RQ5) guiding the systematic literature review. Each row states a research question and defines the
scope of evidence extracted from the 31 primary studies (datasets, Generative Adversarial Network (GAN) architectures and
augmentation techniques, task-level effectiveness for State of Charge (SOC), State of Health (SOH), and Remaining Useful Life

(RUL), technical challenges, and future directions).

# Research question

RQ1 Which datasets have been used for training GAN-based models in lithium-ion battery state estimation and prognostics, and why?
RQ2 What GAN architectures and data-augmentation techniques have been applied, and what motivated their use?

RQ3 How effective is GAN-based data augmentation in improving state estimation and prognostics tasks (SOC, SOH, and RUL)?

RQ4 What technical challenges and limitations exist for GAN-based methods in this field?

RQ5 What future research directions are proposed for GAN-based data augmentation in battery state estimation and prognostics?

3.3. Search strategy

Relevant contributions on GAN-based data augmentation for
lithium-ion battery state estimation were identified by searching Sci-
enceDirect, IEEE Xplore, Scopus, and Wiley Online Library on February
14, 2025, with results limited to publications from 2015 to 2025
and to peer-reviewed journals and conference venues. Detailed record
counts and the PRISMA flow are reported in the study selection process
subsection.

A comprehensive Boolean search string was constructed using rel-
evant keywords and synonyms for “Generative Adversarial Network”,
“data augmentation”, and “lithium-ion battery state estimation”
(e.g., SOC, SOH, RUL). The search string was adapted as needed for
each database to maximize the retrieval of relevant literature.

Searches were restricted to English-language records at the database
level for practicality, as the field is predominantly published in English.
Gray literature (preprints, theses, technical reports) was not included;
peer-reviewed venues were prioritized to ensure methodological rigor.
Backward/ forward citation chasing was not performed systematically;
key reference lists were scanned opportunistically. Search reporting fol-
lows PRISMA extension for Searching (PRISMA-S); detailed, database-
specific strings and export logs are available on OSF.

3.4. Inclusion/exclusion criteria

To ensure rigor and relevance, inclusion and exclusion criteria were
established a priori. Table 4 summarizes the criteria; when ambiguous
cases arose (e.g., preprints, theses, simulation-only papers, non-Li-ion
chemistries), the following rules were applied: preprints and theses

10

were excluded; simulation-only studies without empirical validation
were excluded; non-Li-ion chemistries were excluded unless explicitly
used for cross-domain transfer experiments. Reasons for exclusion were
recorded to align with PRISMA categories.

3.5. Study selection process

Study selection followed a structured, two-stage process conducted
by two independent reviewers using the pre-specified eligibility crite-
ria. First, titles and abstracts were screened to remove clearly ineligible
records; second, full texts were assessed for compliance with all inclu-
sion and exclusion parameters. Before screening commenced, a small-
sample calibration was conducted to standardize interpretation and
resolve ambiguities. Disagreements were resolved by discussion. The
PRISMA flow diagram (Fig. 6) summarizes identification, screening,
eligibility, and inclusion counts.

In total, 319 records were identified across the databases. After
deduplication, 241 unique records remained for title/abstract screen-
ing, of which 196 were excluded. Forty-five articles proceeded to
full-text review; 14 were excluded (typical reasons: out of scope, insuf-
ficient methodological detail, non-empirical). Thirty-one studies met all
criteria and were included in the review.

This protocolized workflow—with independent dual review, piloted
criteria, and documented reasons for exclusion—minimizes selection
bias and enhances transparency and reproducibility.

Fig. 6 depicts the PRISMA 2020 flow: 319 records identified; 78
duplicates removed; 241 records screened (titles/abstracts) with 196
excluded; 45 full-text articles assessed with 14 excluded (typical rea-
sons: out of scope, insufficient methodological detail, non-empirical);
31 studies included.
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Table 4

Inclusion and exclusion criteria used to screen records for this systematic literature review. The table defines the eligibility rules applied during title/abstract
and full-text screening for studies on lithium-ion batteries that use Generative Adversarial Network (GAN)-based (or closely related generative) augmentation and
address SOC, SOH, or RUL outcomes.

Criteria Description

Inclusion Published 2015-2025, English; peer-reviewed journal articles or conference papers; focus on lithium-ion batteries; use of GANs or generative models for
data augmentation; address battery prognostics (SOC, SOH, or RUL).

Exclusion Not related to lithium-ion batteries; no use of GANs or generative data augmentation; not addressing SOC, SOH, or RUL in the context of battery

prognostics; insufficient methodological detail or lack of experimental validation; non-English or non-peer-reviewed sources; duplicates.

Records identified through
database searching
Total (n = 319)

Duplicate removed
Total (n=78)

Records screened against
title and abstract
Total (n = 241)

Records excluded
Total (n = 196)

Records screened
against full-text articles
Total (n = 45)

Article excluded
Total (n = 14)

Studies included in
final review
Total (n = 31)

[ Included ] [ Eligibility ] [ Screening ] [Identification]

Fig. 6. Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) flowchart of the study selection process. The diagram reports record
counts (n) at each screening stage: records identified through database searching; duplicates removed; records screened by title and abstract; records excluded;
full-text articles assessed for eligibility; full-text articles excluded; and studies included in the final review (n = 31).

3.6. Data extraction & quality assurance Methodological quality was assessed in parallel. Each paper was
scored against the ten-item Critical Appraisal Skills Programme (CASP)

Systematic data extraction was conducted using a structured ap- checklist (Table 5) using the 1/0.5/0 rubric in Table 6. Two reviewers
proach. A comprehensive extraction form and supporting files were worked independently; disagreements were resolved by discussion.
hosted on OSF (project hub: https://osf.io/yshng/) to capture key Inter-rater reliability was not calculated; agreement was monitored,
methodological and bibliographic information from each included and differences were resolved by consensus. The resulting scores are

study. The extraction protocol encompassed study characteristics (au-
thor, publication year, publication venue), technical specifications (bat-
tery chemistry, estimation target), methodological details (GAN archi-
tecture, downstream learning model, dataset provenance and availabil-
ity), performance metrics (evaluation criteria, baseline and augmented
performance measures), and qualitative insights (reported challenges,
limitations, and future research directions). A brief calibration round
on a sample of studies was completed before full extraction to ensure rigor across all criteria. These high-quality studies include PS2, PS20,
consistency. This systematic data collection framework ensures compre- and PS26. Three additional studies achieved near-perfect scores of
hensive coverage of the evidence required to address the five research 9.5/10: PS19, PS21, and PS22. Eleven studies scored 9/10, indicating

visualized in Fig. 7.

It summarizes the total QA score (maximum = 10) obtained by each
primary study. A complete per-criterion matrix for the 31 studies is
available in OSF: https://osf.io/rmj8b/.

Furthermore, analysis of quality assessment reveals that three stud-
ies achieved perfect scores (10/10), demonstrating high methodological

questions. The full data-extraction table for all 31 studies is hosted very high quality in most criteria. These top-performing studies consis-
on OSF at https://osf.io/rmj8b/ (comma-separated values (CSV) and tently demonstrated comprehensive GAN model descriptions, transpar-
related artifacts, with version history). ent implementation details, robust synthetic data validation techniques,
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Quality assessment (QA) criteria applied to every primary study (PS1-PS31). Each criterion specifies a reporting or methodological element used to judge study
rigor and reproducibility (e.g., clarity of aims, dataset documentation, synthetic-data validation, and baseline comparisons).

# Criterion

O 00N OU A WN -

(=]

Aim clarity: Are the aims of the study clearly stated and aligned with battery state estimation and prognostics using GANs?

Scope definition: Is the scope of the study clearly defined, including the specific estimation task (e.g., SOC, SOH, and RUL)?

Research focus: Is the research question centered on GAN-based augmentation for lithium-ion batteries?

GAN Model description: Is the GAN architecture (e.g., DCGAN, CGAN, and CycleGAN) described in sufficient technical detail?

Implementation transparency: Are training details (hyper-parameters, loss functions, hardware) reported for reproducibility?

Dataset documentation: Is the battery dataset well documented, publicly available, and appropriate for the task?

Synthetic-data validation: Are the generated datasets validated using robust statistical or visual techniques (e.g., PCA, t-SNE, KL divergence, and SSIM)?
Performance metrics: Are suitable metrics (e.g., RMSE, MAE, and R?) reported to quantify the impact of augmentation?

Baseline comparison: Does the study compare the GAN-based approach with simpler or non-augmented baselines?

Conclusion alignment: Are the conclusions consistent with the stated aims and evidence presented?

Table 6

Interpretation rubric for quality assessment (QA) scoring. Scores of 1/0.5/0 indicate sufficient/partial/insufficient
evidence that a primary study satisfies a given QA criterion (Table 5).

Score Meaning Definition

1 Sufficient Criterion is fully satisfied: information is clear, detailed, and directly relevant.

0.5 Neutral Criterion is partially satisfied: information is vague, incomplete, or only indirectly relevant.
0 Insufficient Criterion is not satisfied: information is missing, unclear, or irrelevant.

and thorough baseline comparisons. Their high-quality scores provide
strong evidence for the reliability of findings related to the effectiveness
of GAN-based data augmentation in estimating the state of lithium-ion
batteries.

Moreover, the quality assessment process ensured methodological
rigor and transparency in our systematic review, allowing us to evalu-
ate the reliability and validity of the included studies. This comprehen-
sive evaluation framework provides a solid foundation for synthesizing
evidence and drawing meaningful conclusions about the effectiveness
of GAN-based data enhancement approaches in the prognostics of
lithium-ion batteries.

4. Results and discussion
4.1. Bibliometric analysis

This section analyzes the bibliometric characteristics of the 31
primary studies through three key visualizations: temporal distribu-
tion, publication venues, and citation patterns. Citation counts were
retrieved from Scopus on 14 February 2025 and venue metadata was
taken from publisher records. The comma-separated values (CSV) files
and plotting scripts are available on OSF (project hub: https://osf.io/
yshnq/).

Fig. 8 shows the distribution of the publications from 2020 to 2025.
No eligible studies were identified in 2015-2019 (0 papers). Output
rose from 2 papers in 2020 to a peak of 13 in 2023 (41.9% of all
studies), with 4 in 2021 and 2 in 2022, and then stabilized at 5 in both
2024 and 2025. The citation curve shows that papers from 2021-2022
have accumulated the most citations, with the highest citation counts
occurring for papers published in these years rather than in 2023, de-
spite 2023 having the highest publication volume. To mitigate recency
effects, the citations per year are additionally calculated and reported
in the OSF CSVs; the prevalence of zero citations in recent years is
also evident in Fig. 10. The compour}d annual growth rate (CAGR) of
publications over 2020-2025 is (g) P 1 ~ 20.1% per year (CAGR
= (Vend/Vstart)l/years - D.

Fig. 9 displays the distribution across different publication venues.
The analysis of the 31 studies shows that 25 publications (80.6%)
appeared in journals, while 6 publications (19.4%) were presented at
conferences. The most frequent publication venues include IEEE Trans-
actions on Transportation Electrification (3 papers), Journal of Energy
Storage (3 papers), and Applied Energy (2 papers).

Fig. 10 presents the citation distribution across the 31 studies. The
data shows a wide range of citation counts, from 0 to 91 citations. The
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most highly cited papers are PS26 (91 citations), PS14 (46 citations),
PS11 (36 citations), and PS15 (33 citations). The citation analysis
reveals that 9 out of 31 papers (29.0%) have zero citations, all of
which are recent publications from 2023-2025. Papers published in
2021-2022 show the highest citation counts, indicating their impor-
tant role in establishing the research direction for subsequent studies.
Additionally, the median citations-per-year is 1.0 (interquartile range
(IQR) 0.0-5.5), computed from Scopus counts normalized by years
since publication (snapshot: 14 Feb 2025); the CSV is available on OSF.
Citations-per-year were computed as cpy = %.

4.2. RQI1: Which datasets have been used for training GAN-based models
in lithium-ion battery state estimation and prognostics, and why?

A detailed analysis of dataset usage in GAN-based lithium-ion bat-
tery state estimation and prognostics research demonstrates a clear
dominance of a few public datasets (Fig. 11), with the NASA battery
datasets (run-to-failure benchmark) being the most prevalent [118].
Specifically, 13 primary studies (PS1, PS5, PS8, PS9, PS11, PS13, PS21,
PS22, PS25, PS26, PS29, PS30, and PS31) use the NASA datasets,
making them the de facto standard for benchmarking and model de-
velopment in this field. Their widespread adoption is driven by their
comprehensive run-to-failure cycling data, which includes voltage, cur-
rent, temperature, and capacity measurements across multiple cells and
test conditions. This richness enables robust training, validation, and
benchmarking of GAN models, and supports a variety of tasks such as
SOH and SOC estimation, RUL prediction, and synthetic data gener-
ation. The repeated use of these datasets is further justified by their
public accessibility, which ensures reproducibility and facilitates direct
comparison across studies. Nevertheless, NASA subsets are typically
lab-conditioned with limited temperatures and standardized constant-
current constant-voltage (CCCV) / constant-current (CC) protocols and
chemistries, which introduces domain shift relative to real EV profiles
and other chemistries (e.g., PS21, PS24, PS31).

We next discuss CALCE and Oxford usage patterns and their impli-
cations for generalization and transfer.

The University of Maryland CALCE datasets [119] (diverse
chemistries, transfer) are the second most frequently used, appear-
ing in 6 studies (PS4, PS7, PS12, PS21, PS29, and PS31). These
datasets are highly valued for their diversity in battery chemistries
(including LiCoO2, nickel manganese cobalt (NMC), and lithium iron
phosphate (LFP)) and cycling protocols, which allow researchers to
rigorously test the generalization and transfer learning capabilities of
GAN models. For example, studies such as PS7 and PS12 combine
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CASP Quality Scores for Primary Studies
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Fig. 7. Critical Appraisal Skills Programme (CASP) quality assessment (QA) scores for the 31 primary studies (PS). Each bar reports the total QA score for a
primary study, computed by summing the ten CASP criteria scored using the 1/0.5/0 rubric (Tables 5-6; maximum total = 10). Studies are ordered by total score

to summarize overall methodological reporting quality in the included corpus.

CALCE data with proprietary datasets to validate model performance
across different chemistries and operational scenarios, while PS21
and PS31 leverage CALCE datasets for cross-domain transfer learning
and feature mapping. However, CALCE subsets commonly have small
sample counts and are often room-temperature and lithium cobalt
oxide (LCO)-centric, limiting degradation diversity and cross-chemistry
transferability (PS21, PS12, PS31).

Five studies (i.e., PS3, PS6, PS11, PS20, and PS31) incorporate Ox-
ford battery datasets [120] (small-N, full life-cycle) into their analyses.
These datasets are particularly important for research focused on data
scarcity and augmentation, as their full life-cycle data and relatively
small sample sizes make them ideal for testing the effectiveness of
GAN-based data augmentation techniques. Studies such as PS3 and PS6
demonstrate how GANs can improve model accuracy and robustness
when training data is limited, while PS20 and PS31 use Oxford datasets
for transfer learning and cross-dataset validation. Still, Oxford sets

13

feature few cells and narrow protocols, yielding limited degradation-
mode coverage and exacerbating cross-dataset shift (PS3, PS6, PS20,
PS31).

Other notable public datasets include the LG 18650HG2 Li-ion
Battery Dataset [121] (high-frequency EV-like; PS2, PS18), IEEE Dat-
aPort Automotive Li-ion Cell Usage Dataset (IEEE-hosted repository;
real EV drive cycles; PS24) [122], PowerStream LiR2032 Coin Cell
Battery Dataset (electrochemical impedance spectroscopy (EIS)-rich,
SOH; PS16) [123], and the Sandia National Laboratories LFP Battery
Dataset (domain adaptation; PS27) [124]. Each of these datasets is
selected for its unique characteristics, such as high-frequency real-
world cycling data (LG 18650HG2), realistic electric vehicle drive
cycles (IEEE DataPort), rich impedance spectra (PowerStream), and
domain adaptation opportunities (Sandia).

Despite their value, NASA, CALCE, and Oxford corpora exhibit con-
straints that induce domain shift and limit degradation diversity. NASA
Prognostics Center of Excellence (PCoE) subsets (e.g., BO0O05-B0018;
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Fig. 8. Temporal distribution of publications and citations from 2020 to 2025. The bars represent the number of publications per year, while the curve shows

the cumulative citations for each year.

Data source: Scopus; snapshot: 14 Feb 2025; artifacts on the Open Science Framework (OSF).

randomized vs. fixed protocols) are lab-conditioned (single/limited
temperatures, CCCV/CC procedures) and chemistry-specific, leading to
distribution mismatch with real EV profiles and other chemistries (see
PS21, PS24, PS31). CALCE sets (e.g., CS2; CS35-CS37) are small-N,
LCO-centric, and mostly room-temperature, constraining variability in
aging trajectories and transfer across chemistries and duty cycles (PS21,
PS12, PS31). Oxford datasets provide full life-cycle curves but few
cells and narrow protocols, yielding limited degradation-mode cover-
age and magnifying cross-dataset shift (PS3, PS6, PS20, PS31). These
constraints frequently motivate transfer learning, feature mapping, and
augmentation to broaden condition coverage and improve generaliza-
tion (PS20, PS21, PS31).

In summary, the NASA, CALCE, and Oxford datasets are the back-
bone of GAN-based lithium-ion battery state estimation and prog-
nostics research, with their frequent use across numerous primary
studies providing a strong foundation for methodological develop-
ment and progress in the field. This predominance reflects their pub-
lic availability, rich instrumentation, and longitudinal (run-to-failure)
coverage, alignment with SOC/SOH/RUL tasks, and support for re-
producible benchmarking across studies. The explicit referencing of
PSs in this analysis highlights the central role these datasets play in
advancing both the science and practice of battery state estimation
and prognostics, while noting domain shift and limited degradation
diversity.
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4.3. RQ2: What GAN architectures and data-augmentation techniques have
been applied, and what motivated their use?

Analysis of the primary studies shows that Time-series GANs, es-
pecially TimeGAN (embedding-recovery—supervised components) and
its variants, are most frequently adopted in battery state estimation
and prognostics for their ability to capture temporal dynamics and
generate high-fidelity, heterogeneous sequences. These models are cho-
sen for state-of-charge (SOC) and state-of-health (SOH) estimation be-
cause they can effectively model sequential battery data, address data
scarcity, and provide realistic synthetic samples that support robust ma-
chine learning estimators. Their methodological appeal lies in their ca-
pacity to preserve autoregressive dynamics and temporal dependencies,
which are essential for accurate battery state modeling.

As illustrated in Fig. 12, systematic analysis reveals distinct patterns
in GAN family adoption: WGAN variants emerge as the most frequently
used family with 9 studies (29.0%), followed by TimeGAN variants in 7
studies (22.6%), basic GAN architectures in 6 studies (19.4%), and con-
ditional GANs (CGANs) in 5 studies (16.1%). Specialized architectures,
including DCGAN, LSGAN, InfoGAN, and VAE-GAN, each appear in 1
study (3.2% each). The flow diagram clearly shows that the WGAN vari-
ants dominate the landscape, with strong connections to the SOH and
SOC estimation tasks. The most prevalent specific variants are WGAN-
GP implementations (6 studies, 19.4%), TimeGAN variants (7 studies,
22.6%), and conditional GAN variants (5 studies, 16.1%). RUL-focused
works (PS3, PS8, PS12, PS13, PS24, PS26) often adopt recurrent or
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recorded by the publishers), with counts annotated at the bar ends and venues ordered by frequency. The figure highlights that the evidence base is predominantly

journal-published, while conference proceedings contribute a smaller share.

Data source: Publisher records; snapshot: 14 Feb 2025; artifacts on the Open Science Framework (OSF).

convolutional-recurrent generators for long-sequence stability, whereas
EIS-centric SOH studies (e.g., PS14, PS16) prefer InfoGAN/VAE-GAN to
learn robust latent structure.

Wasserstein GANs (WGAN, WGAN-GP, and hybrids) are widely used
due to their stable training dynamics and ability to generate diverse,
realistic data. The rationale for selecting these architectures is their
robustness against mode collapse and their suitability for modeling
long-sequence temporal features, which is crucial for SOC, SOH, and
remaining useful life (RUL) tasks. The use of gradient penalty and
conditional extensions further enhances their stability and adaptability
to different battery prognostic scenarios. These models are often inte-
grated with other deep learning components, such as LSTM or CNN
modules, to further improve their ability to capture complex battery
behaviors and ensure the generated data is both realistic and useful for
downstream tasks.

The flow diagram in Fig. 12 provides a comprehensive visualization
of these architectural choices and their application-specific patterns.
The diagram reveals that SOH estimation (15 studies, 48.4%) domi-
nates the application space, with WGAN variants (6 studies) and CGAN
variants (4 studies) being the most frequently employed architectures
for this task. SOC estimation (8 studies, 25.8%) shows a preference for
TimeGAN variants (4 studies) and WGAN variants (3 studies), reflect-
ing the importance of temporal modeling for charge state prediction.
RUL prediction (6 studies, 19.4%) demonstrates more diverse archi-
tectural choices, with basic GAN variants (2 studies), WGAN variants
(2 studies), and specialized architectures (LSGAN, TimeGAN, CR-GAN)
each contributing to the field. Mixed applications (2 studies, 6.5%)
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primarily utilize WGAN variants, indicating their versatility across
multiple prognostic tasks. These choices align with dataset charac-
teristics summarized in RQ1: NASA/CALCE time-series corpora favor
TimeGAN/WGAN hybrids for SOC/SOH, while EIS-oriented datasets
motivate InfoGAN/VAE-GAN for SOH capacity mapping (see Fig. 11
and the OSF dataset inventory). The distribution reflects the varying
complexity and requirements of different prognostic tasks, with SOH
estimation benefiting from the stability of WGAN variants and the
temporal modeling capabilities of TimeGAN, while RUL prediction
requires more specialized architectures to handle long-sequence fore-
casting challenges. For the full per-study inventory of GAN families and
specific variants, see the OSF data extraction table (snapshot details
therein): https://osf.io/rmj8b/.

Conditional GANs (CGANSs) and their extensions are primarily cho-
sen for SOH and RUL estimation, especially when data must be gener-
ated under specific conditions or for reconstructing missing or incom-
plete information. These models are valued for their flexibility in con-
ditioning on various battery states, degradation modes, or operational
scenarios, enabling more targeted and relevant data augmentation for
complex or data-limited settings. The increasing use of conditional
and cluster-based GANs reflects a trend towards more specialized and
context-aware data generation strategies in battery state estimation and
prognostics.

Other notable architectures, such as BiLSTM-based GANsS,
Transformer-GANSs, and hybrid models (including VAE-GAN, CR-GAN,
and CLSTM-CGAN), are selected for their ability to exploit spatial—
temporal patterns, extract features from complex data, or leverage
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Table 7

Summary of reported Generative Adversarial Network (GAN) training and model-configuration choices across the primary studies. Rows list configuration
categories (e.g., GAN family, learning rate, batch size, optimizer, regularization, downstream architecture, and training duration), with the most commonly
reported setting, an interpretive takeaway, and representative primary studies (PS) supporting each entry.

Category Most common (%) Key takeaway PS references

GAN architecture WGAN variants (29.0%) WGAN: stability; TimeGAN: temporal fidelity PS2, PS7, PS8, PS10, PS17, PS18, PS20, PS22

Learning rate le—3 (45.2%) Lower LR improves stability PS2, PS17, PS18, PS20, PS21, PS22, PS29, PS30

Batch size 64 (38.7%) Larger batches aid convergence PS2, PS17, PS19, PS21, PS22

Optimizer Adam (35.5%) Adam balances speed/stability PS2, PS6, PS14, PS15, PS16, PS17, PS20, PS21, PS22

Regularization Gradient penalty (25.8%) GP essential for WGAN stability PS2, PS17, PS19, PS20

Deep learning architecture LSTM (48.4%) Sequential models most effective PS2, PS3, PS5, PS7, PS9, PS10, PS11, PS13, PS15, PS17,
PS19, PS21, PS22, PS26, PS27, PS28, PS29, PS30

Training duration 30k-50k iters (25.8%) Longer training helps PS2, PS5, PS21, PS22, PS24
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Fig. 11. Overview of dataset usage patterns in Generative Adversarial Network (GAN)-based lithium-ion battery state estimation and prognostics research. Flows
summarize task usage for State of Charge (SOC), State of Health (SOH), and Remaining Useful Life (RUL) across the National Aeronautics and Space Administration
(NASA), Center for Advanced Life Cycle Engineering (CALCE), and Oxford datasets; edge widths indicate frequency across primary studies (PS).

unsupervised learning for feature extraction. These choices are mo-
tivated by the need to address specific data characteristics, such as
multi-signal sequences, impedance spectra, or run-to-failure patterns,
and to enhance the generalization and adaptability of prognostic mod-
els. The diversity of GAN architectures in the literature highlights the
importance of matching model capabilities to the unique challenges
posed by different battery datasets and prognostic objectives.

Overall, the rationale for the widespread use of TimeGAN, WGAN,
CGAN, and hybrid GAN architectures in battery state estimation and
prognostics is their methodological strength in addressing data scarcity,
modeling complex temporal and conditional relationships, and sup-
porting the development of reliable and generalizable battery state
estimation and prognostic systems. As the field advances, there is a
clear movement towards integrating multiple deep learning paradigms
and designing GANs that are increasingly tailored to the nuanced
requirements of battery health monitoring and prediction.

4.4. RQ3: How effective is GAN-based data augmentation in improving
state estimation and prognostics tasks (SOC, SOH, and RUL)?

Generative Adversarial Networks (GANs) have been shown to be
effective for data augmentation in the field of lithium-ion battery
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state estimation and prognostics, particularly for tasks such as state of
charge (SOCQ), state of health (SOH), and remaining useful life (RUL)
estimation. The core motivation behind employing GAN-based augmen-
tation is to address the scarcity and imbalance of high-quality battery
datasets, which are critical for training robust deep learning models.
By generating realistic synthetic data that mimics the statistical prop-
erties of real measurements, GANs can enhance model generalizability,
reduce overfitting, and improve predictive accuracy. The following
sections systematically compare the performance of base models and
their GAN-augmented counterparts, highlighting the tangible benefits
and limitations observed across a range of studies.

We organize RQ3 by task and report matched baseline versus GAN-
augmented results.

4.4.1. Preprocessing and its impact on GAN performance

Preprocessing can materially affect GAN training stability, synthetic-
data fidelity, and downstream SOC, SOH, and RUL accuracy because
it alters the scale, noise structure, and temporal coherence presented
to the generator and discriminator. This sensitivity is particularly rel-
evant in our corpus because commonly used battery benchmarks span
heterogeneous operating conditions and sampling regimes (Section 4,
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Fig. 12. Flow diagram illustrating the distribution of Generative Adversarial Network (GAN) architectures and their applications in lithium-ion battery state
estimation across 31 primary studies (PS). The diagram links GAN families—including Wasserstein GAN (WGAN), Time-series GAN (TimeGAN), conditional
GAN (CGAN), Deep Convolutional GAN (DCGAN), Least-Squares GAN (LSGAN), Information Maximizing GAN (InfoGAN), and Variational Autoencoder-GAN
(VAE-GAN)—to target tasks: State of Charge (SOC), State of Health (SOH), Remaining Useful Life (RUL), and mixed tasks. Edge weights indicate usage frequency.

Table 8

Preprocessing reporting across the 31 primary studies (PS1-PS31), where PS denotes primary study. The Count column gives the number of studies that explicitly
report each preprocessing element. Examples list representative operations as described by the source papers (e.g., denoising/cleaning methods, windowing choices,
scaling policies, and split granularity). Leakage safeguards refer to procedures such as fitting scalers on the training split only and restricting augmentation to

training folds; these were not explicitly reported in the corpus.

Item Count Representative evidence (examples)

Denoising/cleaning 3 PS4 (variational mode decomposition (VMD)); PS22 (Savitzky-Golay, imputation); PS28 (abnormal-data removal +
normalization).

Windowing/sequence formatting PS3 (window = 11, stride = 1); PS11 (sequence length = 24); PS30 (convolutional sliding window, stride = 1).

Scaling/normalization 10 PS9 (min-max); PS22 (standardization); PS25 (scaler comparison); PS26 (min-max by variable).

Split granularity
Leakage safeguards (train-only fit; aug 0
train-only)

PS4 and PS30 (70/30 time-wise); PS6 (cell-wise); PS22 (cross-cell train/validate); PS24 (trip-wise).
Not explicitly reported in the corpus.

RQ1), making normalization, windowing, cleaning, and split design
consequential for both comparability and reproducibility.

Across the corpus, explicit reporting of preprocessing is uneven
(Table 8). Only three studies report a concrete denoising or clean-
ing step (e.g., VMD decomposition in PS4; Savitzky—Golay smoothing
and imputation in PS22; cleaning and normalization in PS28). Win-
dowing or explicit sequence formatting is reported in eight studies
(e.g., PS3, PS8-PS11, PS26, PS30), and scaling/normalization in ten
studies (e.g., PS3, PS4, PS9, PS18, PS21, PS22, PS24-PS26, PS28). Split
schemes are reported in nine studies (e.g., time-wise 70/30 in PS4 and
PS30; cell-wise in PS6; trip-wise in PS24; cross-cell validation in PS22).
Notably, none of the studies explicitly states leakage safeguards such as
fitting scalers/transforms on training data only and restricting augmen-
tation to training folds; this under-reporting limits causal interpretation
of reported gains and hinders replication.

Evidence that preprocessing affects GAN outcomes is clearest when
preprocessing is varied directly. PS25 evaluates multiple scaling options
before TimeGAN training and reports sizable changes in fidelity met-
rics (discriminative loss 0.135—0.0625; predictive loss 0.195—0.1135)
when moving beyond the default min-max configuration, indicating
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that the scaling policy can alter both realism diagnostics and down-
stream utility. In contrast, most studies report preprocessing only as
part of an end-to-end pipeline (e.g., incremental capacity (IC)-derived
health factors in PS10; smoothing/standardization with feature se-
lection in PS22; decomposition-based denoising in PS4) without an
ablation that isolates preprocessing from other modeling choices. Ac-
cordingly, our corpus-level evidence supports a conservative interpreta-
tion: preprocessing is a plausible contributor to GAN stability and per-
formance, but it is rarely documented—or experimentally varied—in
enough detail to support strong causal attribution or robust cross-study
comparison.

To improve comparability and reproducibility, a minimal prepro-
cessing reporting checklist should include: (i) the exact scaler/
normalization policy and whether it is fit on the training split only; (ii)
windowing/sequence length and stride (if applicable); (iii) cleaning/de-
noising and outlier rules; (iv) split granularity (time-wise, cell-wise,
trip-wise) and leakage safeguards (augmentation restricted to training
folds); and (v) whether synthetic samples are filtered/selected prior to
fusion.

For full per-study preprocessing fields and page-level evidence, see
the OSF extraction table (https://osf.io/rmj8b/).
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State of Health (SOH) results from matched baseline versus Generative Adversarial Network (GAN)-augmented comparisons. PS denotes the primary study
identifier. Base and GAN specify the downstream estimator and the augmentation method used in that study. Metric lists the reported error measure(s); w/o and
w/ report the baseline (without GAN augmentation) and GAN-augmented values (with GAN augmentation), and 4 reports the relative improvement (decrease)
within the same study/metric (units may differ across studies, e.g., mAh vs. %).

PS Base GAN Metric w/o w/ A
PS6 NN (capacity CGAN-SQD RMSE 12.16 mAh 1.20 mAh 190%
estimation)

PS7 BiLSTM WGAN-BiLSTM RMSE; MAPE RMSE 1.93%; MAPE 1.42%  RMSE 0.42%; MAPE 0.29% RMSE |78%; MAPE |80%

PS9 LSTM/GRU TimeGAN RMSE 0.0451 0.0336 126%

PS10 LSTM WTimeGAN MAE; RMSE MAE 0.047; RMSE 0.216 MAE 0.012; RMSE 0.107 RMSE |50%; MAE |75%

PS14 GPR EISGAN MAE; RMSE MAE 3.1-5.1 mAh; RMSE MAE <1.74 mAh; RMSE MAE |44%-66%; RMSE
3.2-5.1 mAh <1.87 mAh 142%-63%

PS16 VAE VAEGAN RMSE; MAE RMSE 3.24 mAh; MAE RMSE 2.91 mAh; MAE 110%
2.59 mAh 2.38 mAh

PS21 LSTM-FC GAN-LSTM-TL RMSE; MAE RMSE 0.0390; MAE 0.0284 RMSE 0.0275; MAE 0.0208 RMSE |30%; MAE |27%

PS22 BiLSTM BiLSTM-WGAN RMSE; MAE RMSE 0.391; MAE 0.315 RMSE 0.215; MAE 0.136 RMSE |45%; MAE |57%

PS23 LSTM RGAN RMSE; MAE RMSE 0.004; MAE 0.003 RMSE 0.0036; MAE 0.0028 110%

PS27 LSTM CTSGAN RMSE; MAPE RMSE 0.357%; MAPE RMSE 0.193%; MAPE RMSE |46%; MAPE |55%
0.042 0.019

PS30 TCNN-Trans TimeGAN Average root mean 0.007 0.0032 154%

square error (ARMSE)

4.4.2. State of Health (SOH)

For SOH, Table 9 reports matched baseline-versus-augmented com-
parisons, where w/o denotes training without GAN-generated sam-
ples, w/ denotes training with GAN-augmented data, and 4 denotes
the relative improvement. Because SOH is reported using heteroge-
neous metrics and scales across studies (e.g., mAh-based errors versus
percentage-based errors), interpretation is restricted to within-study
matched comparisons rather than cross-study ranking.

Across the included SOH studies, GAN-augmented training is asso-
ciated with error reductions in multiple matched comparisons across
datasets and downstream estimators. The largest gain is reported in
PS6, where RMSE decreases from 12.16 mAh to 1.20 mAh (90% reduc-
tion) under CGAN-SQD, indicating that conditional synthesis combined
with explicit sample-quality control can substantially improve SOH es-
timation under scarcity or imbalance. A representative mid-range gain
is reported in PS22, where RMSE decreases from 0.391 to 0.215 (45%
reduction) and MAE decreases from 0.315 to 0.136 under a BiLSTM-
WGAN configuration, supporting the pattern that augmentation can
improve multiple error measures concurrently. Modality-aligned evi-
dence is also reported for EIS-based SOH: in PS14, MAE is reduced
by 44%-66% and RMSE by 42%-63% under EISGAN, consistent with
the importance of aligning the generative design to the measurement
modality.

Overall, larger gains tend to be reported when augmentation is
guided by conditioning and quality selection (e.g., SQD or similar
gating) rather than indiscriminate oversampling, and when the gen-
erative design is aligned to the measurement modality (cycling time-
series versus EIS) so that task-relevant structure is preserved. Gains are
also reported across heterogeneous downstream estimators (e.g., GPR,
LSTM/BILSTM, and Transformer-based models), suggesting that aug-
mentation benefits are not confined to a single estimator family.

4.4.3. State of Charge (SOC)

SOC comparisons in Table 10 indicate that GAN-based augmen-
tation can reduce estimation error under matched baseline-versus-
augmented evaluations. The largest gains are reported in studies that
combine temporally aware modeling with stabilized adversarial train-
ing. For instance, PS18 reports RMSE decreasing from ~2.5% to
~0.75% and MAE from ~2.2% to ~0.6% under TS-WGAN, while PS17
reports RMSE decreasing from ~2% to <1% and MAE from ~1%
to <0.5% under C-LSTM-WGAN-GP. Conditioning can further amplify
gains: PS15 (GAN-CLS + BiLSTM) reports an MSE reduction from 0.011
to 0.0013 (88%).

Collectively, the SOC evidence suggests that augmentation is most
effective when the generated samples preserve drive-cycle-dependent
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temporal structure and when training is stabilized to avoid mode
collapse in time-dependent synthesis (e.g., via WGAN-GP-style regular-
ization). Conditioning that leverages cross-signal structure (e.g., SOC—
OCV context) is also associated with stronger gains in the matched
comparisons.

Because SOC metrics are reported on heterogeneous scales across
studies (percentage-based errors versus absolute-scale errors), the ev-
idence is interpreted within-study rather than used for cross-study
ranking. These patterns are consistent with the configuration summary
in Table 12.

4.4.4. Remaining Useful Life (RUL)

For long-horizon RUL prediction, the matched comparisons in Ta-
ble 11 show that GAN-augmented training is associated with error
reductions despite scarce run-to-failure trajectories. The largest gain
is reported in PS8, where WGAN-fusion reduces absolute error from
6 to 1 (83% reduction) and halves RMSE from 0.020 to 0.010. Addi-
tional improvements are reported under both conditional and recurrent
generators: PS12 (CGAN) reduces RMSE from 7.7% to 6.4% and MAE
from 6.3% to 5.1% (17% and 19% reductions, respectively), while
PS13 (GRU-LSGAN) reduces MAE from 2.4% to 0.66% (72% reduction).
Hybrid convolutional-recurrent generation also shows benefits under
more complex patterns (PS26: RMSE 23.57—18.39; 22% reduction).

Taken together, these matched comparisons suggest that RUL gains
are most often reported when generation remains stable over long
sequences and preserves degradation-trend structure. In particular,
stabilized objectives (e.g., Wasserstein or least-squares formulations)
and temporal encoders/decoders (e.g., GRU/BILSTM or convolutional-
recurrent hybrids) appear repeatedly in higher-gain pipelines, con-
sistent with the need to model long-range dependencies in aging
trajectories.

Because RUL outcomes are reported with heterogeneous metrics
and scales across studies (e.g., AE, RMSE, MAE, and percentage-based
errors), the evidence is interpreted within-study rather than used for
cross-study ranking. These RUL patterns align with the configuration
trends summarized in Table 12.

Across SOH, SOC, and RUL, the matched comparisons (Tables 9, 10,
and 11) indicate that GAN-based augmentation is frequently associated
with lower estimation and prognostic errors relative to non-augmented
baselines. Where direct before-after comparisons are available, re-
ported improvements commonly fall in the tens-of-percent range across
RMSE, MAE, MAPE, and MSE, with larger gains reported in a subset of
studies. Because metrics and scales vary across studies, this synthesis
is interpreted at the within-study level rather than used for cross-study
ranking.
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Table 10

State of Charge (SOC) results from matched baseline versus Generative Adversarial Network (GAN)-augmented comparisons. PS denotes the primary study
identifier. Base and GAN specify the estimator and augmentation method used in that study. Metric lists the reported error measure(s); w/o and w/ report
the baseline (without GAN augmentation) and GAN-augmented values (with GAN augmentation), and 4 reports the within-study relative improvement (decrease)
for the same metric (metrics/scales vary across studies, e.g., % vs. absolute).

PS Base GAN Metric w/o w/ Y|
PS4 BiLSTM VMD-Transformer-GAN  RMSE; MAE; MAPE RMSE 0.547; MAE 0.363; RMSE 0.446; MAE 0.264; RMSE |18%; MAE |27%;
MAPE 21.98 MAPE 18.59 MAPE |15%

PS15 EKF GAN-CLS + BiLSTM MSE 0.011 0.0013 188%

PS17 LSTM C-LSTM-WGAN-GP RMSE; MAE RMSE ~2%; MAE ~1% RMSE <1%; MAE <0.5% 150%

PS18 Trans- TS-WGAN RMSE; MAE RMSE ~2.5%; MAE ~2.2% RMSE ~0.75%; MAE ~0.6% 170%

former
PS19 LSTM TS-DCGAN RMSE; MAE RMSE 2.10%; MAE 1.65% RMSE 1.74%; MAE 1.38% 117%
Table 11

Remaining Useful Life (RUL) results from matched baseline versus Generative Adversarial Network (GAN)-augmented comparisons. PS denotes the primary study
identifier. Base and GAN specify the predictor and augmentation method used in that study. Metric lists the reported error measure(s), such as absolute error (AE),
root mean square error (RMSE), and mean absolute error (MAE). The w/0 and w/ columns report baseline (without GAN augmentation) and GAN-augmented
values (with GAN augmentation), and 4 reports the within-study relative improvement (decrease) for the same metric (metrics/scales vary across studies).

PS Base GAN Metric w/o w/ A
PS3 BiLSTM GAN-BIiLSTM MSE-v 0.00343 0.00154 155%
PS8 Empirical degradation model WGAN-fusion AE; RMSE AE 6; RMSE 0.020 AE 1; RMSE 0.010 AE |83%; RMSE |50%
PS12 Transformer CGAN RMSE; MAE RMSE 7.7%; MAE 6.3% RMSE 6.4%; MAE 5.1% RMSE |17%; MAE |19%
PS13 GRU GRU-LSGAN MAE 2.4% 0.66% 172%
PS26 TCMN CR-GAN RMSE 23.57 18.39 122%

Table 12

Representative Generative Adversarial Network (GAN) configurations and reported error reductions for research question 3 (RQ3). Each row groups a commonly
reported configuration family observed in the corpus. Reported root mean square error (RMSE) | indicates the reduction level reported by the referenced primary
studies for matched baseline versus GAN-augmented comparisons under that configuration family (values are taken from the source studies and are not meta-
analytic averages). Key advantage summarizes the typical rationale reported for the configuration; PS references list representative primary studies (PS) using the
configuration.

Configuration Reported RMSE | Key advantage PS references
WGAN-GP + Adam + Batch 64 45% High training stability PS2, PS17, PS19, PS20, PS22
TimeGAN + LSTM + LR 1le-3 38% Effective temporal modeling PS1, PS9, PS11, PS24, PS25, PS30
Conditional GAN + Gradient Penalty 52% Large accuracy gains PS6, PS12, PS15, PS17, PS19, PS20, PS28, PS29
Transfer Learning (with GAN aug) 40% Cross-dataset generalization PS20, PS21, PS27, PS31
Quality Filtering for Synth Data 28% Improved data reliability PS6, PS10, PS12, PS31
The cross-task evidence further indicates that effectiveness depends the key obstacles that hinder the widespread adoption and effective-
not only on the GAN family but also on stability controls, conditioning, ness of GAN approaches in battery state estimation and prognostics.
and data hygiene (e.g., sample-quality selection and preprocessing Understanding these challenges is crucial for guiding future research
consistency). To make these recurring implementation choices explicit, directions and improving the practical implementation of GAN-based
Table 12 summarizes representative configurations and reported error- data augmentation techniques in battery management systems.
reduction levels across the corpus; the complete study-level inventory As summarized in Fig. 13, data scarcity dominates, followed by
is available in the OSF extraction table (https://osf.io/rmj8b/). synthetic-data quality, GAN instability, and domain shift. Categories
Table 12 summarizes commonly reported effective configurations, are non-mutually exclusive, so percentages need not sum to 100%.
highlighting the recurrent co-occurrence of (i) stability-oriented ob- Per-study categorizations and mitigation mappings are available in the
jectives (e.g., WGAN-GP-style regularization), (ii) temporally aware OSF extraction table (https://osf.io/rmj8b/). Challenge categories were
components for sequential signals (e.g., LSTM/Transformer modules), dual-coded by two reviewers with consensus resolution; agreement
and (iii) conditioning or quality filtering when data are scarce, imbal- on initial independent coding was monitored and discrepancies were
anced, or heterogeneous. Transfer learning is also recurrent in studies resolved by discussion (see OSF coding ledger).

that explicitly evaluate cross-dataset or cross-condition generalization.
4.5.1. Analysis of technical challenges and mitigation strategies

4.5. RQ4: What technical challenges and limitations exist for GAN-based Four themes dominate across the corpus: data scarcity (~94%),
methods in this field? synthetic-data quality (~48%), GAN instability (~26%), and domain
shift (~19%). The systematic analysis of 31 primary studies reveals dis-

This research question examines the technical challenges and lim- tinct patterns in the technical challenges faced by GAN-based lithium-
itations that researchers face when applying GAN-based methods to ion battery state estimation approaches and the corresponding mitiga-
lithium-ion battery state estimation. The analysis focuses on identifying tion strategies employed. Data scarcity emerges as the most pervasive
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2 (6.5%)

Fig. 13. Frequency of technical challenge categories across the 31 primary
studies (PS) for research question 4 (RQ4). Bars report the number (and
percentage) of studies mentioning each challenge category (non-mutually
exclusive coding): data scarcity, synthetic-data quality, Generative Adversarial
Network (GAN) instability, domain shift, measurement noise/heterogeneity,
privacy/confidentiality, and model bias/reliability. Counts and percentages are
annotated above each bar.

challenge, affecting 29 out of 31 studies (93.5%), followed by synthetic-
data quality concerns in 15 studies (48.4%), GAN instability in 8 studies
(25.8%), and domain shift issues in 6 studies (19.4%). These statistics
highlight the fundamental nature of data limitations in battery state
estimation and prognostics and the critical importance of addressing
synthetic data quality and training stability.

4.5.2. Data scarcity: The primary challenge

Data scarcity represents the most significant technical challenge,
with 29 studies explicitly addressing this limitation. The high preva-
lence of this challenge reflects the fundamental constraint in battery
state estimation and prognostics research, where obtaining compre-
hensive, high-quality experimental data is both time-consuming and
costly. Studies such as PS1, PS2, PS3, PS5, PS6, PS9, PS11, PS12, PS15,
PS17, PS19, PS20, PS21, PS22, PS26, PS28, PS29, PS30, and PS31 all
implement various GAN architectures specifically designed to generate
synthetic data that can supplement limited real-world measurements.
The most common mitigation strategies include TimeGAN variants
(PS1, PS9, PS11, PS25, PS30), Conditional GANs (PS6, PS12, PS15,
PS17, PS28, PS29), and Wasserstein GAN approaches (PS2, PS7, PS10,
PS20, PS22). These approaches demonstrate that GANs can effectively
address data scarcity by generating realistic synthetic samples that
maintain the statistical properties and temporal patterns of real battery
data.

4.5.3. Synthetic-data quality: Ensuring reliability

Synthetic-data quality concerns appear in 15 studies (48.4%), in-
dicating that while GANs can generate data, ensuring its quality and
reliability remains a significant challenge. Studies such as PS2, PS6,
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PS7, PS12, PS22, and PS31 implement various quality control mech-
anisms. The most effective strategies include Sample Quality Deter-
mination (SQD) frameworks (PS6), diversity-selection modules (PS12),
and quality evaluation mechanisms (PS31). These approaches demon-
strate that raw GAN outputs often require additional filtering and
validation to ensure they meet the stringent requirements of battery
state estimation and prognostics applications. The implementation of
conditional architectures and quality assessment modules has proven
particularly effective in maintaining the electrochemical characteristics
and temporal consistency of generated data.

4.5.4. GAN instability: Training challenges

GAN instability affects 8 studies (25.8%), representing a significant
technical challenge that can hinder the widespread adoption of GAN-
based approaches. Studies such as PS4, PS7, PS10, PS13, PS24, and
PS31 address this challenge through various stabilization techniques.
The most effective mitigation strategies include gradient penalty mech-
anisms (PS4, PS7, PS10), alternative loss functions such as Least-
Squares loss (PS13), and robust training approaches with Huber/MAE
loss functions (PS24). These techniques demonstrate that while GANs
can suffer from mode collapse, vanishing gradients, and training in-
stability, these issues can be effectively addressed through careful
architectural design and loss function selection.

4.5.5. Domain shift: Generalization limitations

Domain shift challenges appear in 6 studies (19.4%), highlighting
the difficulty of applying GAN-based approaches across different bat-
tery chemistries, operating conditions, and aging patterns. Sub-cases
include cross-chemistry (e.g., PS20, PS31), cross-dataset (e.g., PS21),
and cross-temperature/drive-cycle transfer (e.g., PS27). Studies such as
PS20, PS21, PS27, and PS31 implement transfer learning approaches
to address this limitation. The most effective strategies include W-
DC-GAN-GP with transfer learning (PS20), GAN-LSTM with transfer
learning (PS21), and Deep CORAL-based knowledge transfer (PS27).
These approaches demonstrate that while GANs can struggle with do-
main adaptation, transfer learning techniques can significantly improve
generalization capabilities across different battery types and operating
conditions.

4.5.6. Measurement noise and data heterogeneity

Measurement noise and data heterogeneity challenges appear in 3
studies (9.7%), including PS14, PS16, and PS23. These studies imple-
ment specialized approaches such as InfoGAN-based EISGAN (PS14),
VAEGAN for robust feature extraction (PS16), and Regression GAN for
anomaly detection (PS23). These approaches demonstrate that GANs
can effectively handle noisy and heterogeneous data by learning robust
latent representations and identifying anomalous patterns that might
otherwise degrade model performance.

4.5.7. Privacy and confidentiality constraints

Privacy and confidentiality constraints appear in 2 studies (6.5%),
specifically PS5 and PS19. These studies implement cloud-based digital
twin approaches (PS5) and TS-DCGAN for synthetic data generation
(PS19) to address the challenge of limited access to proprietary bat-
tery data. These approaches demonstrate that GANs can effectively
address privacy concerns by generating synthetic data that maintains
the statistical properties of real data without revealing proprietary
information.

4.5.8. Model bias and prediction reliability

Model bias and prediction reliability challenges appear in 2 studies
(6.5%), specifically PS8 and PS18. These studies implement fusion
approaches combining multiple models (PS8) and hybrid architectures
capturing both local and global features (PS18) to address the limi-
tations of single-model approaches. These strategies demonstrate that
GANSs can be effectively integrated with other modeling approaches to
improve prediction reliability and reduce model bias.
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Training stability techniques reported across the primary studies and their stated roles in improving Generative Adversarial Network (GAN) training behavior.
Each row lists a stabilization technique (e.g., gradient penalty, optimizer choice, batch size, training duration, quality filtering, transfer learning), the qualitative
effect described by the study authors (e.g., reduced mode collapse, improved convergence, improved synthetic-data reliability), and representative primary studies
(PS) reporting the technique. Effects are synthesized from study narratives and are not treated as causal estimates.

Technique Observed effect

PS references

Gradient Penalty (WGAN-GP)
Adam Optimizer

Larger Batch Sizes (>64)
Longer Training (30k-50Kk iters)
Quality Filtering (MMDSQD)
Transfer Learning

Mode collapse |, stability 1
Convergence 1 (faster, more stable)
Training instability |

Synthetic data reliability 1
Cross-dataset generalization 1

Performance 1; diminishing returns >50k

PS2, PS7, PS15, PS17,
PS2, PS6, PS14, PS15,
PS2, PS5, PS17, PS19,
PS2, PS5, PS21, PS22,
PS6, PS10, PS12, PS31
PS20, PS21, PS27, PS31

PS19, PS20, PS22

PS16, PS17, PS18, PS20, PS21, PS22, PS23, PS30
PS21, PS22, PS24

PS24

4.5.9. Comprehensive analysis and implications

The analysis reveals that GAN-based approaches in lithium-ion bat-
tery state estimation face multiple interconnected challenges that re-
quire sophisticated mitigation strategies. The high prevalence of data
scarcity (93.5%) highlights the fundamental need for synthetic data
generation in this field, while the significant presence of synthetic-data
quality concerns (48.4%) indicates that quality control mechanisms are
essential for practical deployment. The moderate prevalence of GAN in-
stability (25.8%) suggests that while training challenges exist, they can
be effectively addressed through proper architectural design and loss
function selection. Notably, studies that employ gradient-penalty reg-
ularization, quality filtering/selection, or transfer learning (e.g., PS2,
PS6, PS10, PS20, and PS22) co-occur with sizeable RMSE/MAE gains
in RQ3 (Tables 9-11); causal attribution is not claimed. Furthermore,
the key stabilizers and controls are summarized in Table 13.

The effectiveness of mitigation strategies varies across challenge
domains. For data scarcity, TimeGAN variants and Conditional GANs
have proven highly effective, with 19 studies implementing these ap-
proaches. For synthetic-data quality, quality determination frameworks
and diversity-selection modules have shown positive results, with 15
studies implementing various quality control mechanisms. For GAN
instability, gradient penalty mechanisms and alternative loss func-
tions have demonstrated significant effectiveness, with 8 studies im-
plementing these stabilization techniques. Briefly, commonly reported
stabilizers include WGAN-GP with gradient penalty (A;p ~ 10) and
Adam (learning rate ~ 1073); batch sizes > 64 and longer training
(30k-50k iterations) further reduce instability, while quality filtering
(MMDSQD) improves synthetic-data reliability. These patterns align
with the corpus-level hyperparameter analysis in the OSF extraction
table (https://osf.io/rmj8b/).

The analysis also reveals important trends in the evolution of GAN-
based approaches. Early studies focused primarily on addressing data
scarcity through basic GAN architectures, while more recent studies
have incorporated sophisticated quality control mechanisms, transfer
learning approaches, and hybrid architectures. This evolution suggests
that the field is moving towards more robust and practical implemen-
tations that can address multiple challenges simultaneously.

4.5.10. Engineering considerations for BMS deployment

Deployment-oriented metadata were synthesized from the per-study
extraction table on OSF (https://osf.io/rmj8b/) and summarized as
coverage in Fig. 14. Here, deployability is treated as the extent to
which a study reports the engineering information needed to assess
feasibility in a battery management system (BMS), including device
class and deployment venue, latency and memory/footprint, power/en-
ergy, integration placement, deployment optimizations, and portability
artifacts.

Across the 31 studies, reporting is sparse for the metrics that are
most consequential for on-vehicle deployment. Device class is specified
in 11/31 (35.5%) studies and is reported almost exclusively as training
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hardware (e.g., Tesla P100, RTX 2080 Ti/3060/3080, i7/Xeon/4090),
rather than embedded MCU/DSP/FPGA targets. Deployment venue is
reported in 13/31 (41.9%) studies and is dominated by offline or
training-only settings; system-level placement is articulated in only
two cases (PS23: cloud-to-edge SOH workflow; PS5: embedded-plus-
cloud digital-twin context). Latency is reported in 2/31 (6.5%) studies:
PS7 reports 16 ms inference for a WGAN-BiLSTM SOH estimator,
whereas PS15 reports generation time (100-120 ms for 120 synthetic
samples) rather than estimator latency. No study reports model foot-
print (parameters/MB), runtime power/energy, or portability artifacts
(e.g., ONNX/TFLite). By contrast, qualitative integration statements are
common (28/31), but they remain largely conceptual and do not quan-
tify performance under hardware constraints (latency/footprint/power)
required for BMS deployment.

Overall, the corpus primarily validates augmentation benefits in of-
fline regimes rather than establishing engineering readiness for
ISO~26262 (functional safety)-constrained BMS deployment. The ab-
sence of footprint, power/energy, and portability reporting—together
with the lack of embedded-class deployment targets—precludes feasi-
bility assessment against on-pack compute, memory/flash, and thermal
budgets. Compression toolchains (quantization, pruning, distillation)
and batch = 1 latency under fixed device/clock conditions are also not
reported, although they are prerequisites for real-time integration on
automotive microcontrollers and gateways.

To support meaningful deployment assessment, a minimal deploy-
ment card should be reported: device class and vendor/model; venue
(edge/gateway/cloud); batch = 1 latency (ms) at the stated device/
clock; model footprint (parameters and MB); applied compression
(quantization/pruning/distillation) and toolchain; runtime power or
energy/inference; and a portability artifact (e.g., ONNX or TFLite)
with a commit hash/DOI. Within this corpus, quantitative deployment
evidence is limited to one strong real-time datapoint (PS7) and two
architecture-level integration exemplars (PS5 and PS23); the remain-
der provide conceptual integration without metrics. Consequently,
while accuracy gains from GAN-based augmentation are demonstrated,
hardware-constrained readiness for on-vehicle BMS deployment is not
yet established. This gap motivates the reporting and engineering
guidance in Section 6.

4.6. RQ5: What future research directions are proposed for GAN-based
data augmentation in battery state estimation and prognostics?

This section synthesizes future directions for GAN-based augmenta-
tion in lithium-ion battery state estimation and prognostics, focusing on
actionable priorities and evaluation practices. Analysis of 31 primary
studies reveals ten distinct research directions, which we organize into
five thematic categories to provide structured guidance for advancing
the field. For per-study mappings and the full future directions table,
see the OSF extraction table (https://osf.io/rmj8b/).


https://osf.io/rmj8b/
https://osf.io/rmj8b/
https://osf.io/rmj8b/

M.S.I. Sifat et al.

Engineering metadata coverage across primary studies

PS ID

1
Device Class II
VenueII
Latency (ms) -

Footprint (Params/MB) -
Deployment Opt. -

Deployment fields

- IIIIIIIIIIIIIIIII IIIIIIIIII I

Power/Energy -
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Field completeness

Integration

Venue

Device Class

Latency (ms)

Deployment Opt. {0%

Power/Energy 0%

Portability (ONNX/TFLite) 40%

Footprint (Params/MB) 40%

T T T 1
0 25 50 75 100

% reported

Portability (ONNX/TFLite) -

Fig. 14. Engineering metadata coverage for Battery Management System (BMS) deployment across the 31 primary studies. Each row corresponds to a primary
study (PS), and each column corresponds to a deployment-relevant reporting field (e.g., device class, deployment venue, latency, model footprint, power/energy,
deployment optimizations, integration placement, and portability artifacts). Blue cells indicate that the field was explicitly reported in the paper; blank/gray
cells indicate not reported (NR). The right-hand panel aggregates these markings to show the percentage of studies reporting each field, highlighting which
(For interpretation of the references to color in this figure legend, the reader is

deployability-critical metrics are routinely reported versus largely missing.
referred to the web version of this article.)

4.6.1. Physics-informed and constraint-based approaches

The most frequently identified research direction (10 studies: PS1,
PS3, PS4, PS6, PS9, PS12, PS13, PS18, PS20, and PS23) emphasizes
integrating physics-informed and electrochemical constraints into GAN
architectures to ensure generated data adheres to fundamental bat-
tery principles. PS1 proposes physics-informed conditional GANs for
realistic SOC curves with domain adaptation across chemistries, while
PS3 advocates integrating GAN-based augmentation with uncertainty-
aware BiLSTM models while enforcing cycle-life physics constraints
in the generator. PS4 extends existing VMD-Transformer-GAN archi-
tectures by embedding physics-guided SOC consistency losses during
training, and PS6 builds on CGAN-SQD by adding physics-informed
electrochemical consistency losses during generation.

The rationale for this emphasis stems from the current data-driven
nature of GAN approaches, which often generate statistically plau-
sible but physically implausible battery behaviors. PS12 specifically

23

calls for injecting physics-informed electrochemical constraints into
both generator and prediction loss, while PS13 emphasizes embed-
ding physics-informed electrochemical constraints during adversarial
training. PS18 proposes injecting physics-guided voltage/current recon-
struction losses so the generator learns thermodynamic consistency,
not just SOC patterns. PS20 advocates embedding electro-thermal/
aging constraints in the adversarial loss to ensure physically plausible
synthetic sequences of voltage, current, and impedance.

These studies collectively identify critical physical constraints that
must be enforced: SOC-OCV relationships, monotonic capacity fade,
voltage—current feasibility, thermodynamic consistency, and electro-
chemical degradation patterns. The integration of such constraints
requires novel loss function designs that combine adversarial objec-
tives with physics-based penalties, potentially leveraging differentiable
electrochemical models or constraint satisfaction networks.
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4.6.2. Robustness and generalization through domain adaptation

Domain adaptation and transfer learning represent the second most
prominent research direction (11 studies: PS1, PS4, PS6, PS9, PS10,
PS12, PS20, PS21, PS25, PS27, PS31), addressing the critical chal-
lenge of generalizing GAN-based approaches across different battery
chemistries, operating temperatures, and drive cycles. PS1 specifically
targets domain adaptation across chemistries, while PS4 proposes
adding domain-adaptation layers to generalize across temperatures
and drive profiles. PS6 leverages transfer or meta-learning to adapt
generators to new chemistries with few real samples, and PS9 advocates
leveraging transfer learning across chemistries.

PS20 presents a comprehensive approach, extending the W-DC-
GAN-GP-TL framework by scaling cross-chemistry via meta-transfer so
a single generator adapts from NMC datasets to LFP, LCO, and solid-
state cells with less than 5% real data. PS21 advances GAN-LSTM
transfer learning by incorporating meta-learning for quick adaptation to
new chemistries, while PS27 generalizes degradation-knowledge trans-
fer from LFP to NMC, LCO, and solid-state chemistries via multi-source
domain adaptation. PS31 introduces graph-based cross-battery feature
alignment to model relational structure among hundreds/thousands of
cells in EV fleets.

The domain shift challenge is particularly acute in battery applica-
tions due to the sensitivity of electrochemical behavior to chemistry,
temperature, and usage patterns. Current studies demonstrate that
GANs trained on one chemistry (e.g., NMC) often fail to generalize
to others (e.g., LFP), highlighting the need for robust domain adapta-
tion mechanisms. The proposed solutions include adversarial domain
adaptation, meta-learning for few-shot adaptation, and continual learn-
ing approaches that enable online adaptation as new data becomes
available.

4.6.3. Uncertainty quantification and reliability assessment

Uncertainty quantification emerges as a critical research direction
(9 studies: PS3, PS8, PS12, PS13, PS18, PS21, PS23, PS27, PS30),
addressing the safety-critical nature of battery management systems
where prediction confidence is essential. PS3 integrates GAN-based
augmentation with uncertainty-aware BiLSTM models, while PS8 in-
corporates uncertainty quantification in generated degradation trajec-
tories. PS12 endows transformers with Bayesian or quantile heads for
calibrated uncertainty in long-horizon RUL forecasts, and PS13 extends
pipelines to knee-point detection and calibrated uncertainty estimation
for safer cycle-life forecasts.

PS18 adds Bayesian or attention-based uncertainty heads to quan-
tify confidence under real-road distribution shift, while PS21 fuses
uncertainty-aware loss to improve reliability. PS23 integrates explain-
able AI techniques (e.g., SHapley Additive exPlanations (SHAP), atten-
tion maps) to interpret detected aging indicators and generator outputs,
and PS27 expands frameworks into unified health-assessment systems
that combine path-specific degradation indicators with uncertainty-
aware SOH/RUL forecasts. PS30 quantifies the benefit of synthetic
data on downstream SOC/RUL estimators under extreme drive and
temperature scenarios.

The absence of uncertainty quantification in current GAN-generated
synthetic data represents a significant limitation for safety-critical ap-
plications. Battery management systems require not only accurate pre-
dictions but also reliable confidence estimates to enable appropriate
safety margins and failure prevention strategies. The proposed ap-
proaches include Bayesian neural networks, quantile regression, ensem-
ble methods, and calibration techniques that provide well-calibrated
uncertainty estimates for both synthetic data quality and downstream
prediction reliability.

4.6.4. Real-time deployment and edge computing
Real-time and edge deployment represents a crucial practical re-
search direction (12 studies: PS2, PS4, PS5, PS14, PS16, PS17, PS19,

24
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PS20, PS21, PS28, PS30, PS31), addressing the computational con-
straints of battery management systems in electric vehicles and portable
devices. PS2 couples GAN generators with differentiable SOC estimators
in end-to-end training and explores lightweight architectures and incre-
mental learning to accelerate synthesis for practical deployment. PS4
compresses/quantizes transformer generators for real-time on-board
deployment, while PS5 enables streaming/online retraining across the
edge-cloud hierarchy for continual SOC prediction.

PS14 explores on-board fast EIS plus GAN denoising for rapid SOH
updates, and PS16 deploys lightweight models for in-situ onboard
diagnostics. PS17 investigates edge deployment for real-time SOH mon-
itoring, while PS19 develops adaptive or automated scaling selection
and robust M-estimator losses to further raise generation fidelity. PS20
enables continual learning that updates the generator-estimator pair
online as new fleet data arrive without catastrophic forgetting. PS21 in-
vestigates edge deployment for real-time SOH monitoring, and PS28 en-
ables online SOH tracking by updating the generator with incremental
data.

PS30 distills models and prunes attention layers for resource-
constrained edge/BMS deployment with sub-10 ms inference, while
PS31 stress-tests scalability and latency on million-cycle, multi-factory
datasets to validate industrial deployment. The computational com-
plexity of GAN training and inference poses significant challenges for
real-time applications, where response times must be sub-second and
computational resources are limited. The proposed solutions include
model compression, quantization, pruning, knowledge distillation, and
specialized hardware acceleration techniques.

4.6.5. Advanced learning paradigms and standardization

Multi-modal learning, active learning, and benchmarking frame-
works represent active research directions that address the complexity
and diversity of battery data. Multi-modal and multi-task learning (7
studies: PS11, PS15, PS17, PS20, PS22, PS30, PS31) propose fusing
voltage, current, temperature, and EIS data with cross-attention mech-
anisms and jointly learning SOC/SOH/RUL with ablations for modality
contribution. PS11 develops multi-task ¢cGANs to synthesize data for
concurrent SOH, SOC indicators, while PS15 extends GAN-CLS image-
to-signal synthesis with vision-language diffusion models and combines
a bidirectional LSTM decoder with a transformer for long-range SOC
prediction.

Active learning and data efficiency (4 studies: PS7, PS10, PS22,
PS31) address the challenge of reducing labeling costs and improving
data efficiency through query strategies and quality-based selection.
PS7 integrates active-learning loops to iteratively label most informa-
tive cycles and reduce data-collection overhead, while PS10 employs
multi-task learning to jointly model capacity fade and internal resis-
tance and studies active learning loops to select informative cycles for
augmentation.

Benchmarking and evaluation frameworks (9 studies: PS1, PS10,
PS17, PS20, PS24, PS25, PS26, PS30, PS31) emphasize the need for
standardized evaluation protocols, including standardized splits, pre-
processing pipelines, fidelity checks (MMD/DTW/PCA+t-SNE), code re-
lease, and stress-tests for scalability/latency and cross-chemistry trans-
fer. PS1 proposes open benchmarks for synthetic-data quality, while
PS10 releases open benchmark workloads for small-data capacity-
estimation research. PS20 benchmarks joint SOC-SOH estimation on
high-power dynamic drive cycles and fast-charge scenarios, and PS31
evaluates cross-dataset transfer for condition evaluation.

Privacy-preserving and federated learning (3 studies: PS5, PS20,
PS31) address the challenge of enabling fleet-scale collaboration with-
out raw-data sharing, with explicit privacy budgets and performance
gaps versus centralized baselines. PS5 incorporates federated learning
for privacy-preserving fleet-wide data sharing, while PS20 and PS31
enable privacy-preserving federated transfer so estimators adapt to new
vehicles without sharing raw data.
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These advanced learning paradigms collectively address the need
for more sophisticated, efficient, and standardized approaches to GAN-
based battery state estimation, moving beyond basic data augmenta-
tion towards comprehensive frameworks that integrate multiple data
modalities, optimize data efficiency, and ensure reproducible evalua-
tion across diverse battery systems and operating conditions.

5. Conclusion

Lithium-ion battery state estimation and prognostics are safety-
critical for electric vehicles, grid storage, and portable electronics.
This systematic review screened 319 records and included 31 pri-
mary studies (PSs), showing that GAN-based data augmentation con-
sistently improves SOC, SOH, and RUL tasks. Across heterogeneous
datasets and models, reported error reductions range from 17%-90%
(RMSE/MAE/MAPE). Large gains were achieved using temporal ar-
chitectures such as TimeGAN (22.6%) and stability-oriented designs
such as WGAN variants (29.0%) integrated with sequential estimators
including LSTM, GRU, and Transformer models.

The evidence highlights both strengths and constraints. Research
predominantly relies on public datasets—NASA (13 PSs), CALCE (6
PSs), and Oxford (5 PSs)—which enhance reproducibility but limit
cross-domain generalization. Persistent challenges include data scarcity
(93.5%), synthetic-data fidelity concerns (48.4%), GAN training insta-
bility (25.8%), and domain shift across chemistries, temperatures, and
drive cycles (19.4%). These obstacles underline the need for stronger fi-
delity checks, stability mechanisms, and cross-dataset validation before
industrial deployment.

Six research priorities emerge to advance reliable and interpretable
battery management systems: (1) integrating physics-informed con-
straints, (2) developing domain adaptation methods across chemistries
and conditions, (3) advancing uncertainty quantification and calibra-
tion, (4) enabling real-time deployment with efficient computation, (5)
expanding multimodal learning from voltage, current, temperature, and
impedance signals, and (6) improving data efficiency through active
and federated learning. Addressing these gaps will bridge experimental
advances with trustworthy large-scale applications.

Overall, this systematic analysis establishes GAN-based augmenta-
tion as a robust and effective strategy for battery state estimation and
prognostics under data constraints. By combining fidelity validation
with scalable architectures, future work can accelerate the transition
towards accurate, reliable, and safe battery management systems for
EVs, renewable energy storage, and portable devices.

6. Recommendations

Based on the findings of this review, we outline targeted recommen-
dations for advancing the use of GAN-based augmentation in battery
state estimation and prognostics. For researchers, the emphasis is on
reproducibility, model fidelity, stability, and methods that address
domain adaptation, multimodality, and data efficiency. For practition-
ers, the focus is on deploying robust GAN variants with sequential
estimators, enforcing strict data hygiene, applying fidelity checks, and
ensuring reliability under real-world conditions and constraints. To-
gether, these recommendations aim to bridge methodological progress
with trustworthy and scalable applications in battery management
systems.

Key recommendations for researchers

» Standardize benchmarks and report complete protocols: fixed
splits, key preprocessing choices (e.g., scaling/windowing/
denoising), and leakage controls; release code and artifacts for
reproducibility.

« Integrate physics-informed constraints and battery priors into
GAN objectives or architectures to improve realism and identi-
fiability.
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Develop domain adaptation methods across chemistries, tem-
peratures, and drive cycles; evaluate cross-dataset transfer and
robustness to shift.

Quantify and report uncertainty and calibration of downstream
estimators when trained with synthetic data.

Improve training stability (WGAN-GP, spectral normalization);
report random seeds, training length (30k-50k iterations), batch
size (>64), and ablations.

Advance multimodal and multitask learning (voltage, current,
temperature, EIS) with explicit modality-contribution analyses.
Explore active learning and federated learning to reduce labeling
cost and enable privacy-preserving collaboration.

Key recommendations for practitioners

» Use temporally aware GANs (e.g., TimeGAN) or stable variants

(WGAN-GP) with sequential estimators (e.g., LSTM, GRU, and

Transformer) for time-series battery data.

Enforce strict data hygiene: generate only from training data,

validate on held-out sets, and prevent cross-split augmentation

leakage.

Apply quantitative fidelity checks (e.g., MMD and DTW), and use

PCA +t-SNE for qualitative inspection; apply SQD before mixing.

Start with robust defaults (Adam optimizer, learning rate ~ 1073,

batch size > 64, gradient penalty A;p ~ 10); tune per dataset with

small grids.

Tune synthetic-to-real ratios via validation and report a sensitivity

analysis; avoid over-synthesis.

Evaluate robustness under domain shift (chemistry, temperature,

drive cycles) and report latency/footprint for on-vehicle or edge

deployment.

» When data sharing is constrained, adopt federated or privacy-
preserving setups rather than centralized pooling.
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Appendix. List of abbreviations
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Abbreviation Full form Abbreviation Full form

ACGAN Auxiliary Classifier GAN LSGAN Least Squares Generative Adversarial Network

AE Absolute Error LSTM Long Short-Term Memory

ARMSE Average Root Mean Square Error MAE Mean Absolute Error

BiGRU Bidirectional Gated Recurrent Unit MAPE Mean Absolute Percentage Error

BiLSTM Bidirectional Long Short-Term Memory MLP Multi-Layer Perceptron

BMS Battery Management System MMD Maximum Mean Discrepancy

CAGR Compound Annual Growth Rate MSE Mean Squared Error

CALCE Center for Advanced Life Cycle Engineering NASA National Aeronautics and Space Administration

CASP Critical Appraisal Skills Programme NMC Nickel Manganese Cobalt

C-rate Charge/discharge rate relative to capacity NN Neural Network

CGAN Conditional Generative Adversarial Network OCV Open-Circuit Voltage

CLSTM-CGAN Convolutional LSTM Conditional GAN OSF Open Science Framework

CNN Convolutional Neural Network PCA Principal Component Analysis

CORAL CORrelation ALignment PHM Prognostics and Health Management

CR-GAN Convolutional Recurrent GAN PICOS Population, Intervention, Comparator, Outcomes,
Study design

Csv Comma-Separated Values PRISMA Preferred Reporting Items for Systematic Reviews
and Meta-Analyses

CTSGAN Conditional Time-Series GAN PRISMA-S PRISMA extension for Searching

CycleGAN Cycle-Consistent Generative Adversarial Network PS Primary Study identifier (e.g., PS1-PS31)

DCGAN Deep Convolutional GAN QA Quality Assurance

DFN Doyle-Fuller-Newman model R? Coefficient of Determination

DRAGAN Deep Regret Analytic GAN RC Resistor—Capacitor (ladder) model

DTW Dynamic Time Warping RGAN Regression Generative Adversarial Network

DA Domain Adaptation soft-DTW soft Dynamic Time Warping

ECM Equivalent Circuit Model RIS Research Information Systems (citation export
format)

EIS Electrochemical Impedance Spectroscopy RNN Recurrent Neural Network

EKF Extended Kalman Filter RMSE Root Mean Square Error

RQ Research Question UuQ Uncertainty Quantification

EMD Earth Mover’s Distance RUL Remaining Useful Life

ESS Effective Sample Size SHAP SHapley Additive exPlanations

EV Electric Vehicle SLR Systematic Literature Review

FC Fully Connected SMC Sequential Monte Carlo

FID Fréchet Inception Distance SMOTE Synthetic Minority Over-sampling Technique

GAN Generative Adversarial Network SOC State of Charge

GDA Gaussian Data Augmentation SOH State of Health

GP Gradient Penalty SQD Sample Quality Determination

GPR Gaussian Process Regression SSIM Structural Similarity Index Measure

GRU Gated Recurrent Unit t-SNE t-Distributed Stochastic Neighbor Embedding

IEEE Institute of Electrical and Electronics Engineers TCNN Temporal Convolutional Neural Network

InfoGAN Information Maximizing GAN TFT Temporal Fusion Transformer

IQR Interquartile Range TimeGAN Time-series Generative Adversarial Network

IS Inception Score TL Transfer Learning

JSD Jensen-Shannon Divergence Transformer Transformer Neural Network

KL Kullback-Leibler VAE Variational Autoencoder

LCO Lithium Cobalt Oxide VAE-GAN Variational Autoencoder-Generative Adversarial
Network

LFP Lithium Iron Phosphate VMD Variational Mode Decomposition

Li-ion Lithium-ion WGAN Wasserstein Generative Adversarial Network

LR Learning Rate WGAN-GP Wasserstein GAN with Gradient Penalty

CC Constant-Current CCCV Constant-Current Constant-Voltage

IC Incremental Capacity PCoE Prognostics Center of Excellence

DSP Digital Signal Processor FPGA Field-Programmable Gate Array

MCU Microcontroller Unit ONNX Open Neural Network Exchange

TFLite TensorFlow Lite ISO 26262 Functional safety standard for road vehicles
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Data availability

Data will be made available on request.
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