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Abstract

The state of health (SOH) of traction batteries is a common basis for safety warning, residual value assessment,
and second-life utilization of electric vehicles, but a gap exists between the laboratory accuracy of existing
deep learning methods and their on-board usability. This paper reviews the relevant research progress using
on-board usability as the screening criterion. SOH estimation, SOH prediction, and remaining useful life (RUL)
prediction are distinguished according to label source and evaluation protocol, and the limits on the
comparability of error values are explained. Existing methods are grouped into six categories by modeling
mechanism and evaluated category by category using four on-board questions: input availability, cross-domain
generalization validation, uncertainty output, and edge-computing resource constraints. Six models are
compared on the CALCE CS2 dataset under random splitting, temporal extrapolation, and cell-level holdout
protocols. Under random splitting, the mean absolute errors of all six models do not exceed 0.0150. Under
temporal extrapolation, they range from 0.0204 to 0.1392, and the R? values of three neural networks become
negative. Under cell-level holdout, they range from 0.0254 to 0.0378. Under the CALCE CS2 dataset and the
settings of this paper, protocol selection changes both the error level and the model ranking.
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1. Introduction

1.1 Engineering Requirements for On-Board Traction Battery State-of-Health Estimation

New energy vehicles and traction batteries are key components of transport decarbonization [1]. Battery
state of health (SOH) determines driving range, charging and discharging capability, and safety limits [2],
while practical vehicle requirements focus on degradation warning, residual value pricing, and admission to
second-life utilization [3]. On-board conditions differ from laboratory conditions. A battery management
system (BMS) collects only voltage, current, and temperature, and a complete constant-voltage charging stage
is difficult to obtain [4]. Real-world operating conditions vary with driving behavior and ambient temperature,
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and the aging path changes accordingly [5]. The computing and storage capacities of the main controller are
far below those of a training server [4]. These differences mean that laboratory accuracy cannot be used directly
as a criterion for on-board usability.

1.2 Coverage and Limitations of Existing Reviews

Zhao et al. [3], Ma et al. [6], and Hu et al. [7] summarized battery and SOH estimation methods. Tang et
al. [8], Yao et al. [9], and Luo et al. [10] reviewed estimation and prediction methods. Noura et al. [11] focused
on hybrid electric vehicle scenarios, Wang et al. [12] discussed online estimation, and Xie et al. [13] covered
whole-life prediction.

The limitations of existing reviews are concentrated at the validation level. Task boundaries are unclear,
and state of charge and state of health are often discussed in parallel [14]. The comparability of estimation and
prediction errors is not adequately explained. Classification is based on network names, making hybrid
architectures difficult to categorize [15]. Performance indicators are mostly extracted from different sources,
so the validity of horizontal comparisons is limited [16].

1.3 Work and Contributions of This Paper

This paper addresses four questions. RQ1 concerns the definitions and evaluation protocols of the three
SOH tasks. RQ2 asks whether each category of deep learning methods remains valid under on-board
constraints. RQ3 asks whether the splitting protocol changes the relative conclusions among methods. RQ4
asks what evidence is still lacking for on-board deployment.

The work of this paper includes distinguishing three types of SOH tasks, evaluating methods using four on-
board questions (input availability, cross-domain generalization validation, uncertainty output, and edge-
computing resource constraints), and comparing six models on the CALCE CS2 dataset under three protocols.

2. Problem Definition, Data, and Evaluation Protocols

2.1 Definition of SOH and Health Indicators

SOH has two definitions: capacity retention, which is the ratio of current available capacity to initial
capacity, and internal resistance growth, which reflects degradation of power capability [2-3, 17]. Health
indicators are commonly extracted from charging and discharging curves, including the peak height and peak
position of the incremental capacity (IC) curve, differential voltage curve features, the voltage rise rate during
constant-current charging, and statistics from partial charging intervals [17-20]. Electrochemical impedance
spectroscopy requires dedicated excitation equipment and is difficult to obtain routinely under on-board
conditions [21]. Indicators that depend on complete charging and discharging curves are often missing in real
vehicles. Indicators from partial charging segments are closer to on-board conditions but are affected by the
initial state of charge and temperature [19, 22].

2.2 Distinction Among the Three Tasks

The three tasks differ in label source and evaluation requirements, as shown in Table 1 (corresponding to
RQ1). SOH estimation infers the current state from current measurements, and its label is obtained from
capacity calibration in the same cycle. SOH prediction extrapolates the SOH trajectory over future cycles [13,
23]. RUL prediction outputs the number of remaining cycles until the end-of-life point [24-25]. Only the latter
two must use temporal extrapolation. Because their label sources differ, the errors of estimation and prediction
cannot be compared directly [16].

Table 1: Distinction Among SOH Estimation, SOH Prediction, and RUL Prediction

Task Label source Task type Evaluation requirement
SOH Capacity calibration Static regression  Random splitting is only an interpolation baseline;
estimation value from the same generalization must be validated by cell-level holdout
cycle or temporal extrapolation
SOH Future-cycle SOH Temporal Temporal extrapolation is required; random shuffling is
prediction sequence extrapolation prohibited
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Task Label source Task type Evaluation requirement
RUL Remaining number of ~ Temporal Temporal extrapolation is required; error is measured in
prediction cycles extrapolation cycles

2.3 Public Datasets and On-Board Representativeness

NASA PCoE and CALCE are the most widely used datasets. The former uses constant-current charging
and discharging at room temperature, whereas the latter includes multiple rates and temperatures. The
experiments in this paper use the CS2 subset (room temperature, approximately 0.5C). The Oxford dataset
uses urban-driving current profiles, and MIT-Stanford covers a relatively broad life distribution [26]. Real-
vehicle and retired-battery datasets are larger, such as multimodal datasets containing driving and charging
records [27].

The limitations of existing datasets include the following: most contain individual cells; coverage of
combinations of temperature and operating conditions is limited; and the charging process is controlled and
complete, unlike interrupted charging in real vehicles [27-28]. The operating-condition coverage of the
datasets is shown in Table 2.

Table 2: Common Public Datasets and Their On-Board Representativeness

Dataset Cells and scale  Operating-condition and temperature On-board representativeness
coverage
NASA PCoE 18650, 2 Ah Mainly room temperature; constant- Single operating condition; no
current charging and discharging temperature variation
CALCE CS2 and CX2 18650 and Multiple rates and temperatures; this Relatively broad coverage, but
prismatic cells  paper uses CS2 (room temperature, still individual cells
0.5C)
Oxford Battery Eight pouch Urban-driving current profiles Load is close to real vehicles;
Degradation Dataset cells small scale
MIT-Stanford 124 18650 Multiple fast-charging strategies Broad life distribution; no real-
cells vehicle conditions
Real-vehicle/retired- Fleet-level Driving and charging records Closest to on-board conditions;
battery data scale high labeling cost

2.4 Evaluation Metrics and Data Splitting Protocols

Error magnitude is measured by mean absolute error (MAE), root mean square error (RMSE), and mean
absolute percentage error (MAPE). The first two use the SOH ratio as the unit, MAPE is expressed as a
percentage, and goodness of fit is measured by the coefficient of determination (R?) [13, 29]. The experiments
in this paper report MAE, MAPE, and R2.

Data splitting protocols are divided into three types. Random splitting shuffles all samples before splitting,
so adjacent cycles of the same cell may fall on opposite sides of the split. Cell-level holdout uses an entire cell
as the unit. Temporal extrapolation uses early cycles for training and later cycles for testing [11, 16]. Random
splitting corresponds to interpolation within the same cell and can only serve as a baseline; it does not constitute
evidence of generalization performance. Errors under the three protocols are not directly comparable.

3. Methods and Analysis of On-Board Usability

3.1 Classification Principles and Evidence Base

The evidence was screened according to the process in Figure 1. The number of records and reasons for
exclusion at each stage are marked in the figure (corresponding to RQ?2).
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Figure 1: Literature Screening and Inclusion Process

Systematic search of English-language literature

Systematic database search: 514 records
Databases: Crossref and OpenAlex
Time window: from 1 January 2019 onward
18 search strings: battery terms AND (health OR degradation terms) AND method terms
Document type: journal articles only (no preprints, dissertations or conference abstracts)

158 excluded: titles did not contain both
battery terms and health/capacity/degradation terms

Title-relevant records: 356

236 excluded: not ranked in the top 120
by relevance

Literature matrix: 120 records
(used only for the bibliometric statistics in Figure 2)

45 selected: balanced coverage of method
families, task types and datasets

Core evidence: 45 English-language records

16 added: Chinese papers verified on journal
websites (no systematic search)

Final reference set: 61 records = EVhQIilEd addition of

= 45 core English records + 16 Chinese records literature

The English-language portion was obtained through systematic searches of Crossref and OpenAlex from
January 1, 2019 onward using 18 search strings. The Chinese-language portion was not searched systematically;
16 records were added after targeted verification on journal websites, and omissions may remain. The final set
of 61 records consisted of 45 core English-language records and 16 supplementary Chinese-language records.
The title, method family, task definition, input signal, application scenario, and four-question labels of the 120
matrix papers were determined individually according to title-keyword rules; the statistics in Figures 2 and 3
and Section 5 can therefore be checked. Classification follows the main modeling mechanism rather than the
network name. A convolutional long short-term memory (LSTM) network consists of local feature extraction
and long-range dependency modeling and is therefore placed in the same family as a convolutional gated
recurrent network. A new model is classified according to the component of the original system that it replaces;
for example, a Kolmogorov-Arnold network replaces the function basis of a multilayer perceptron [30-32].

Figure 2: Bibliometric Characteristics of the Included Literature

(a) Distribution of methad families by year (b) Distribution of input signal types (¢) Distribution by application level

Number of publications

20 n 202z 2023 2024 2025 2036 ] 0 an 0 a 1o
Humber of publications

3.2 Input Representation and Health Factor Construction

There are three types of input representation: voltage, current, and temperature time series [33-34]; health
factors, including IC-curve peak features and equal-voltage-rise charging time [18, 35]; and local curves from
charging segments [19-20, 22]. Availability increases in this order. The third type is closest to real-vehicle
conditions but is most sensitive to the initial state of charge and temperature and therefore requires explicit
normalization [22]. Mode decomposition can suppress noise [36], but the number of modes depends on
experience [37].

3.3 Convolutional and Temporal Models

Convolutional networks extract curve shapes through local receptive fields [38]. Temporal convolutional
networks enlarge the receptive field through dilated convolution and have been used under multiple-
temperature conditions [34]. LSTM networks and gated recurrent units extract temporal dependencies [33, 39],
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while the combination of attention and recurrent structures increases the weights of key time steps [40]. The
generalization boundary of these methods is unclear: the model learns the degradation trajectories of the
training cells rather than transferable aging laws.

3.4 Attention and Transformer Models

Transformers model long-range dependencies through self-attention [41-42]. Sparse attention and sequence
decomposition reduce complexity [43]. Graph convolutional networks can estimate SOH and RUL
simultaneously [44]. Their advantage lies in representing long-sequence inputs, at the cost of high parameter
counts and memory usage.

3.5 Hybrid Architectures

Hybrid architectures connect local feature extraction with long-range dependency modeling [18, 40, 45-
47]. Several studies have reported low errors for such methods under within-cell interpolation settings, but the
structures are complex, contain many hyperparameters, and depend on broad training-data coverage for cross-
cell generalization [15]. Dual-branch structures also increase parameter count and latency.

3.6 Physics-Informed Fusion

Physics-informed fusion introduces mechanistic knowledge through constraints, loss terms, or network
structures [48-52]. Recent studies have combined it with Kolmogorov-Arnold networks [31-32, 53].
Mechanistic constraints limit predictions to physically feasible ranges, and performance outside the training
interval is generally better than that of purely data-driven methods. Its limitations are the high cost of parameter
identification and the limited transferability of mechanistic terms because battery aging mechanisms vary with
chemistry and operating conditions [5].

3.7 Transfer Learning, Meta-Learning, and Domain Generalization

Transfer learning transfers knowledge from a source domain to a target cell through feature alignment or
parameter fine-tuning, and the main difficulty is the difference in data distributions. Domain adaptation and
domain generalization relax the conditions for using target-domain data [54], while meta-learning addresses
small-sample scenarios [55]. These methods respond to cross-domain shortcomings, but their effectiveness
depends on the similarity between source and target domains. If both are adjacent cycles from the same group
of cells, protocol leakage exaggerates the benefit [16].

3.8 Generative and Foundation Models

A generative pre-trained Transformer can predict degradation trajectories from early cycles [23]. A large
language model combined with a multi-time-scale Transformer [56], a Transformer combined with a diffusion
model [57], and a prompt-driven large language model [58] have been applied to SOH estimation and
prediction. Their advantage lies in knowledge reuse across chemistries and in label-sparse scenarios. Their
limitations are inference costs far beyond the BMS budget and a lack of constraints on physical consistency
[23, 58].

3.9 Summary of Method Families and Common Problems

Table 3 summarizes the input forms, representative studies, cross-domain validation, and edge-device
feasibility of the six method families. Figure 3 counts the evidence for the six families according to the four
on-board questions, and each cell reports the number of confirmed records divided by the number of title hits.
Coverage was determined in two steps. First, the titles of 120 papers were screened by keyword. Second, the
abstracts and experimental settings of the matching papers were checked individually. The criterion was
whether a paper provided corresponding experimental evidence: the input had to use incomplete or partial
charging data; cross-domain validation had to provide results across cells, datasets, or operating conditions;
uncertainty had to output intervals or probabilities and evaluate calibration; and edge deployment had to report
measured inference latency, computing resources, or an embedded implementation. There were 38 title hits
(36 papers after deduplication), all of which were checked (35 from full texts and one from the abstract).
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Twenty-three instances were confirmed and 15 were excluded. The item-by-item verification records are
available from the author.

Table 3. Input Forms and On-Board Usability of the Six Method Families

Method family Representative Input form Cross-domain Edge-device
studies validation (qualitative)  feasibility
(qualitative)

Convolutional and [34, 38, 59] Time series and Mainly within-cell Low inference cost
temporal models health factors validation
Attention and [39, 41, 44] Long-sequence Mainly multi- Model compression
Transformer input temperature input required
Hybrid architectures [18,42,43] Features and Limited cross-cell Dual branches; high

sequences validation inference latency
Physics-informed [32, 48-49, 52] Mechanistic Mechanistic constraints  High online-solution
fusion parameters and favor extrapolation cost

curves
Transfer and domain ~ [54, 55] Health factors Targets cross-domain Moderate inference
generalization performance burden
Generative and [23, 56-58] Sequences and Validation is at an early ~ Cloud training plus
foundation models prompts stage on-board inference

Note: The columns Cross-Domain Validation and Edge-Device Feasibility in Table 3 are qualitative
judgments of the representative studies in each row. The counts in Figure 3 are the two-step results of title
screening followed by abstract verification; the two use different scopes.

The common problems are as follows. Accuracy improvements do not proceed in step with on-board
feasibility: errors within a single cell continue to decrease while deployment difficulty at the edge increases.
Six papers with titles involving edge-computing constraints were checked individually, and none reported
measured deployment or computing performance [4]. Uncertainty outputs are weak: of five title hits, only two
were confirmed to provide interval or probabilistic outputs, while the remaining three were excluded after
verification [59-60]. Most studies remain at random splitting within individual cells. The factors that constrain
on-board application arise more from evaluation protocols and deployment evidence than from network
structure itself.

Figure 3: Evidence Counts for the Six Method Families Under the Four On-Board Questions (Confirmed Records/Title
Hits)

Evidence counts for the six method families under the four on-board questions
(confirmed records / title hits)
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4. Controlled Experiments Under Three Data Splitting Protocols

4.1 Experimental Objective

This section compares six models under three splitting protocols using the same dataset and metric
definitions (corresponding to RQ3). The reported values are valid only under the settings of this paper.
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4.2 Dataset and Feature Extraction

The experiments use the CALCE CS2 dataset, which contains six 18650 cells, CS2 33 through CS2 38,
with a rated capacity of 1.1 Ah and cycling at approximately 0.5C at room temperature. The discharge capacity
of a single cycle is calculated from the increments within the cycle, and the SOH label is the ratio of the
discharge capacity of that cycle to the discharge capacity of the first cycle.

The input features are taken only from the charging stage. The 12 scalar features include charging duration,
initial voltage, final voltage, maximum voltage, voltage mean and standard deviation, the times required to
reach 3.8 V,4.0 V,4.1 V, and 4.2 V, and the time differences between intervals. A 64-dimensional sequence
obtained by resampling the charging curve is also used. After cycles with abnormal capacities and samples
with labels outside the range of 0.50 to 1.20 were removed, 4,908 samples remained. Each cell contained 711
to 932 valid cycles, and SOH ranged from 0.50 to 1.12. These features are extracted from controlled, complete
charging stages and require a relatively complete charging process. Therefore, the controlled experiments in
this Section are used only to test the effect of data splitting protocols on the conclusions, not to demonstrate
on-board input availability or deployment feasibility. Partial-charging inputs are discussed in Section 5.

To examine the effect of reduced input information, an input variant with a 4.0 V truncated window was
constructed using the same procedure. Only sampling points with charging current greater than 0.05 A and
voltage below 4.0 V were retained. The voltage thresholds of the 12-dimensional features were shifted
accordingly to 3.6 V, 3.8 V, 3.9 V, and 4.0 V, and the curve was resampled within the same window. Both
input types used the same sample-screening rules. The truncated window retained 4,692 samples, 216 fewer
than the complete-charging features; the difference came from cycles with fewer than 30 valid sampling points
below 4.0 V.

4.3 Three Splitting Protocols and Comparison Models

Random splitting shuftles all samples and divides them at an 8:2 ratio. Test samples lie among training
samples, so the model only needs to interpolate. Temporal extrapolation uses the first 70% of cycles of each
cell for training and the last 30% for testing. Cell-level holdout uses an entire cell as the test unit, with five
cells used for training and one for testing in each fold, rotating through all six cells. The splits under all three
protocols are fixed. Random splitting uses seed 42 to generate one 8:2 split; temporal extrapolation is
determined by cycle order; and cell-level holdout is determined by cell identifier. Three repetitions refer to
model-side random seeds 0, 1, and 2, which affect feature subsampling in the random forest, weight
initialization in the shallow neural network and the two deep models, and subsampling of the Gaussian process
regression training set.

The comparison includes four conventional models and two deep models. Support vector regression uses a
radial basis function kernel, penalty coefficient C = 10, kernel coefficient y set to the scikit-learn ‘scale’ value,
and epsilon-insensitive loss € = 0.005. Gaussian process regression uses a fixed combination of a constant
kernel, a radial basis function kernel (length scale 5.0), and a white-noise kernel (noise level 107), without
kernel-parameter optimization. Because the computational complexity of exact inference is O(n?), its training
subset is limited to 900 samples. The random forest contains 200 trees. The shallow neural network has two
hidden layers with 64 and 32 neurons. It is optimized with Adam using a learning rate of 10~ for a maximum
of 1,500 epochs; 10% of the training set is used for internal validation, with early stopping after 40 consecutive
epochs without improvement. The one-dimensional convolutional neural network (1D-CNN) contains two
convolutional layers followed by adaptive pooling. The LSTM network has a 32-dimensional hidden state.
Both are trained for 120 epochs with Adam, a learning rate of 3 x 1073, a batch size of 128, and mean squared
error loss. In the deep models, the output of the convolutional or recurrent layer is concatenated with the 12-
dimensional scalar features and passed to a fully connected output layer. Inputs are standardized using statistics
from the training set. The evaluation metrics are MAE, MAPE, and R?. All hyperparameters take values
commonly used in the literature and are determined only from the training set and its internal validation subset;
the test set is not used for tuning. No independent validation set is used except for the internal validation of the
shallow neural network.
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4.4 Experimental Results

Table 4 presents the performance of the six models under the three protocols. Values are means plus or
minus standard deviations. The error bars in Figure 4 use the same definition as Table 4, and R? values below
-2 are truncated in the display. Under random splitting, MAE ranges from 0.0061 to 0.0150, the mean MAPE
over three repetitions does not exceed 1.77%, and all mean R? values exceed 0.977. Under temporal
extrapolation, MAE rises to 0.0204-0.1392, and the mean R? values of the shallow neural network, 1D-CNN,
and LSTM fall to -58.0, -1.54, and -6.41, respectively, meaning that their predictions are worse than a baseline
using the training-set mean. Under cell-level holdout, MAE is 0.0254-0.0378, mean MAPE is 2.97%-4.35%,
and mean R? is 0.858-0.940.

Table 4: Performance of Six Models Under Three Data Splitting Protocols (Mean +/- Standard Deviation of Statistical

Units)
Model Random Temporal Cell-level Random Temporal Cell-level
splitting extrapolation holdout splitting extrapolation holdout
MAE MAE MAE R? R? R?
Support 0.0073+£0.0000  0.0435+0.0218  0.0340+0.0127  0.994+0.000  0.727+£0.115  0.889+0.092
vector
regression
Gaussian 0.0112+0.0002  0.0204+0.0121  0.0363+£0.0148  0.986+0.001  0.935+0.061  0.866+0.128
process
regression
Random 0.0061+0.0000  0.0360+0.0160  0.0281+0.0066  0.992+0.000  0.798+0.149  0.930+0.037
forest
Shallow 0.0111+0.0015  0.1392+0.0797  0.0378+0.0158  0.986+0.003 -58.0+£98.2 0.858+0.117
neural
network
ID-CNN 0.0118+0.0024  0.0434+0.0176  0.0254+0.0080  0.985+0.007 -1.54+1.22 0.940+0.036
LSTM 0.0150+0.0015  0.0566+0.0192  0.0288+0.0057  0.977+0.005 -6.41+4.43 0.928+0.028

Note: Values are the means plus or minus standard deviations of three repetitions, but the statistical unit of the
standard deviation differs by protocol. The split under random splitting is fixed, so the standard deviation reflects only
three model random seeds. Under temporal extrapolation and cell-level holdout, the values are first averaged over the
three seeds and the standard deviation is then calculated across six data units (temporal folds or held-out cells); the
two standard deviations are not directly comparable. The cross-seed standard deviations of the latter two protocols are
0.0000-0.0065 and 0.0000-0.0025, respectively, only the shallow neural network reaches 0.0766 under temporal
extrapolation. To exclude the effect of sample size, the training subsets of all six models were also limited to 900
samples, and random splitting and cell-level holdout were rerun. MAE was 0.0091-0.0187 under random splitting and
0.0263-0.0649 under cell-level holdout.

The error gap remained under the equal-sample-size comparison. The errors of the models increased by
factors of 1.9-4.3, and the model ranking also changed.

Table 4 and Figure 4 show that the protocol changes the relative model ranking. Random forest performs
best under random splitting (0.0061), whereas Gaussian process regression performs best under temporal
extrapolation (0.0204), and the shallow neural network performs worst (0.1392). Variation caused by changing
data units is comparable to that caused by model selection. Under cell-level holdout, the cross-cell standard
deviations of the models range from 0.0057 to 0.0158, while the difference between model means is 0.0124.
The ratio of the maximum to the minimum six-fold mean MAE is 2.7 (CS2_35 is lowest at 0.0185 and CS2 34
is highest at 0.0492), and this difference arises from cell-to-cell variation.

Table 5 compares the 4.0 V truncated window with the complete-charging features. Under random splitting,
errors increase comprehensively by factors of 1.3-2.3 (MAE rises from 0.0061-0.0150 to 0.0132-0.0197),
indicating that within-cell interpolation accuracy is most sensitive to input completeness. Under cell-level
holdout, the factor is 0.96-1.40, with random forest increasing from 0.0281 to 0.0374. Under temporal
extrapolation, the factor is 0.54-1.45. The shallow neural network decreases from 0.1392 to 0.0752, indicating
that input truncation suppresses this model’s instability under extrapolation. The truncated window does not
change the relative relationship among protocols; random splitting remains the most optimistic group.
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Table 5: MAE Comparison Between Complete-Charging Features and the 4.0 V Truncated Window (Each Cell Shows
Complete — Truncated)

Model Random splitting Temporal extrapolation Cell-level holdout

Support vector regression 0.0073 — 0.0132 0.0435 — 0.0305 0.0340 — 0.0425
Gaussian process regression 0.0112 — 0.0172 0.0204 — 0.0296 0.0363 — 0.0347
Random forest 0.0061 — 0.0138 0.0360— 0.0375 0.0281 — 0.0374
Shallow neural network 0.0111— 0.0186 0.1392 — 0.0752 0.0378 — 0.0382
1D-CNN 0.0118 — 0.0197 0.0434 — 0.0421 0.0254 — 0.0355

LSTM 0.0150 — 0.0195 0.0566 — 0.0404 0.0288 — 0.0365

Figure 4: Effects of Three Data Splitting Protocols on Model Performance
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4.5 Discussion and Limitations

The difference between random splitting and temporal extrapolation is the difference between interpolation
and extrapolation. The difference between temporal extrapolation and cell-level holdout lies in the
extrapolation target, and the former shows a more pronounced increase in error. Under random splitting, test
samples fall inside the training interval; the fact that training and test samples come from the same source is
only one manifestation of this problem.

Therefore, under the CALCE CS2 dataset and the settings of this paper, random splitting reduces the
reported error level and changes the model ranking. Its values should not be used as evidence of generalization
performance.

The experimental limitations are as follows: the data come from a single dataset and a single rate; model
scale and training epochs are simplified to control cost, and no independent validation set is used except for
the internal validation of the shallow neural network; temporal extrapolation tests only the same rate; the
truncated window still comes from controlled charging and differs from randomly interrupted segments in real
vehicles; and repeated splits and repeated holdouts are not performed, so cross-cell variation reflects only the
six available cells.

5. Challenges and Research Directions for On-Board Deployment

This Section summarizes common limitations according to the four on-board questions (Table 6,
corresponding to RQ4). Literature evidence and experimental evidence are taken from the literature matrix in
Section 2 and the experiments in Section 4, respectively.

5.1 Availability of Input Signals

Among the 120 papers included in the statistics, 93 use individual cells as the application scenario, and
only nine involve partial charging segments (as judged by title). For input availability, 18 titles matched, of
which 12 were confirmed and six were excluded after individual verification. Methods that rely on
electrochemical impedance spectroscopy require dedicated excitation equipment [21], and methods that rely
on a complete constant-voltage charging stage fail when charging is interrupted [20]. Partial charging segments
are the easiest inputs to obtain. A feasible direction is to construct health factors around them and use the initial
state of charge and ambient temperature as explicit inputs [19, 22]. The difficulty lies in maintaining stability
when segment length and initial conditions vary simultaneously.
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5.2 Generalization Across Cells and Operating Conditions

Based on title screening, only nine papers involve cross-domain transfer or generalization, seven of which
belong to the transfer and domain-generalization family. Individual verification confirmed that all nine provide
validation across cells, datasets, or operating conditions. The experiments in Section 4 show that errors increase
by factors of 1.8-12.5 after switching to temporal extrapolation. Transfer learning, domain generalization, and
meta-learning provide feasible paths [54, 55], but their effectiveness depends on the similarity between source
and target domains. When the protocol does not strictly separate the two, leakage exaggerates the benefit [16].
A prerequisite is a public benchmark covering multiple chemistries, temperatures, and rates [27].

5.3 Insufficient Data in the Early-Life Stage

Labels are scarce during the early stage of battery use, whereas users and vehicle manufacturers most need
early judgments. Generative and foundation models reduce label dependence through pre-training [23, 58],
meta-learning has advantages with few samples [55], and the MIT-Stanford dataset covers a relatively broad
life distribution [26]. However, early-life windows range from tens to hundreds of cycles across studies, and
no conclusion has been reached regarding the trade-off between window length and accuracy.

5.4 Uncertainty and Interpretability

BMS safety warning and residual value assessment require interval estimates. Existing studies provide
prediction intervals through randomized methods and Bayesian neural networks [59-60], but the stability of
interval coverage under cross-domain conditions has not been validated. Of five title hits, only two were
confirmed to output intervals or probabilities. Although the titles of the other three contained ‘interval’ or
‘stochastic,” these terms actually referred to a time scale or a stochastic configuration network. Attention
weights and the physical meanings of health factors lack strict correspondence, making the basis of model
judgments difficult to trace. Review studies have also identified interpretability as an unresolved issue [61].

5.5 Edge Computing and Real-Time Performance

The computing and storage budgets of BMS main controllers are limited. Lightweight methods have been
developed through pruning, distillation, and fixed-point quantization [4], but individual verification of six
papers whose titles involved edge deployment or real-time performance found that none reported measured
inference latency, computing-resource usage, or an embedded implementation. Among the 120 papers
included in this paper, title-level screening also found no measured comparison of computing performance on
a specific BMS platform.

5.6 Research Opportunities and Decision Criteria

The following directions should be prioritized. First, public evaluation benchmarks with protocol labels
should be established to cover multiple chemistries, temperatures, and rates, and errors under all three protocols
should be reported. Second, condition-adaptive models for partial charging segments should be developed,
with initial state of charge and ambient temperature used as explicit inputs, while ensuring that error variation
remains acceptable when segment length and initial conditions change. Third, uncertainty should be
incorporated into standard evaluation metrics, with both interval coverage and width reported [16, 60].

Table 6: Literature Evidence and Missing Evidence for On-Board Deployment Challenges

Challenge Evidence in the literature Evidence still lacking
Input-signal availability  93/120 papers use individual cells; 18 title Stability under real charging distributions

hits for input, with 12 confirmed
Generalization across Nine cross-domain title hits, all nine Benchmarks spanning multiple
cells and operating confirmed; errors in this paper increase by chemistries and temperatures
conditions factors of 1.8-12.5
Insufficient early-life Only one paper on generative and foundation Trade-off between early-window length
data models and accuracy
Uncertainty and Five uncertainty title hits, with two Interval coverage under cross-domain
interpretability confirmed conditions
Edge computing and Six edge-computing title hits, with none Accuracy-computing trade-off for a
real-time performance confirmed after individual verification specific BMS platform
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6. Conclusions

At the task level, this paper distinguishes SOH estimation, SOH prediction, and RUL prediction and
explains why high accuracy in an estimation task does not support prediction capability. At the method level,
existing approaches are grouped into six categories according to modeling mechanism. A two-step procedure
of title screening followed by verification of abstracts and experimental settings was conducted according to
the four on-board questions (Figure 3), and all 36 matching papers were checked. All nine papers on cross-
domain generalization were confirmed. Twelve of 18 papers on input availability were confirmed, whereas the
confirmed counts for uncertainty output and edge-computing constraints were two and zero, respectively, and
the confirmed counts were still lower within the six method families. Physics-informed fusion has advantages
in cross-condition extrapolation, and generative and foundation models have potential in label-scarce scenarios,
but their inference costs exceed the BMS budget.

The comparison under three protocols provides the most direct evidence. The MAEs of all six models do
not exceed 0.0150 under random splitting. Under temporal extrapolation, errors increase by factors of 1.8-12.5
and three neural networks produce negative R? values. Under cell-level holdout, errors increase by factors of
1.9-4.7. The comparison using the 4.0 V truncated window shows that shortening the input mainly reduces
within-cell interpolation accuracy (errors increase by factors of 1.3-2.3) and does not change the relative
relationship among protocols. The protocol changes both the error level and the model ranking. Under the
CALCE CS2 dataset and the settings of this paper, the influence of protocol selection on the conclusion is no
less than that of model selection.

Accordingly, on-board SOH methods should use temporal extrapolation as the minimum validation
requirement and report the splitting unit and metric definitions. Uncertainty and edge-resource usage should
be standard reporting items. The evidence still lacking for on-board deployment is concentrated on input
stability under real charging behavior, interval coverage under cross-domain conditions, and data on the trade-
off between accuracy and computing resources for specific BMS platforms.
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