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Auxiliary-Label Enhanced Semi-Supervised
Learning with Selective Pseudo-Labeling for
Battery Capacity Estimation

Yihuan Li, Kaituo Liu, Wei Wang, Fang Fang, Senior Member, IEEE, and Kang Li, Senior Member, IEEE

Abstract— Recent advances in data-driven methods
have significantly improved battery capacity estimation,
yet most existing approaches remain constrained by their
reliance on supervised learning, requiring substantial
amounts of labeled cycling data that are often costly to
obtain. To address this challenge, this study proposes
a dual-branch network-based semi-supervised framework
that integrates self-supervised learning and transfer learn-
ing mechanisms. First, the framework derives meaningful
degradation-aware auxiliary labels from both labeled and
unlabeled samples, creating reliable self-supervised signal
for model training. Second, the designed dual-branch neu-
ral network architecture employs a shared feature extractor
that processes input data for both the primary capacity
estimation task and the auxiliary label prediction task, en-
abling effective knowledge transfer between labeled and
unlabeled domains through their common representation
space. Third, a pseudo-label filtering strategy is proposed
to dynamically select high-confidence samples from the un-
labeled dataset for self-training, thereby effectively expand-
ing the training set with high-quality pseudo-labels and
enhancing the capacity estimation accuracy. Finally, exten-
sive experiments validate the framework’s superior perfor-
mance, achieving a worst-case RMSE of only 0.0143 Ah with
merely 5% labeled data, representing a 27.04% reduction
compared with the best-performing semi-supervised base-
line (Co-training) under the same conditions.

Index Terms— Semi-supervised learning, Self-training,
Capacity estimation, Lithium-ion battery

[. INTRODUCTION

ITHIUM-ION batteries play a pivotal role in promoting

the low-carbon transition of transportation and energy
systems [1]. However, during repeated charge—discharge cy-
cles, the consumption of active materials and the loss of
lithium inventory lead to irreversible performance degradation
[2], [3]. Among various degradation indicators, the remaining
capacity is one of the most critical metrics for assessing battery
aging. Accurate capacity estimation is therefore crucial for
health monitoring and operational safety.
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Recent advances in artificial intelligence have significantly
propelled data-driven methods for battery capacity estimation
[4]. Representative methods, such as Physics-Informed Neural
Networks [5], Backpropagation Neural Networks [6], Gaussian
Process Regression [7], [8], and Long Short-Term Memory
(LSTM) networks [9], have shown strong capability in learning
mappings from sensor data to capacity. Building upon these
foundations, recent studies further refine these approaches by
integrating advanced feature engineering [10], degradation-
stage-aware modeling [11], and hybrid physics-data fusion
[12] to tackle specific challenges like knee-point prediction. A
common challenge underlying these data-driven methods is the
substantial cost and time required to acquire the large labeled
datasets needed for training, due to the long-term, progressive
nature of battery aging. This poses a significant limitation for
real-world deployment.

To alleviate the reliance on large amounts of labeled data,
existing studies have explored strategies such as transfer learn-
ing and generative adversarial networks (GANs) as feasible
solutions to the challenge of label scarcity. Prior studies [13]-
[15] have demonstrated the potential of transfer learning in
battery capacity estimation. However, with extremely limited
labels, the knowledge learned from the source domain tends
to shift during target task training, leading to suboptimal
performance of transfer learning. Meanwhile, GAN-based
approaches [16]-[18] can generate new samples that align with
the distribution of original data, thereby enhancing the model’s
robustness. However, GANS’ training process is inherently
complex and prone to instability, particularly with limited
training data. More critically, the lack of physical constraints in
standard GAN architectures risks generating electrochemically
implausible data, fundamentally limiting their reliability in
capacity estimation tasks.

Beyond the above approaches, semi-supervised learning
(SSL) has emerged as a more viable approach for label-
efficient battery capacity estimation. This approach leverages
both a few labeled samples and a large volume of unlabeled
data, offering new research directions and technical pathways
for enhancing battery capacity estimation [19], [20]. In exist-
ing SSL approaches, self-supervised learning has been widely
adopted. By constructing pretext tasks, this method enables
models to learn generalizable and structured representations
from large volumes of unlabeled data, thereby providing trans-
ferable knowledge for downstream tasks [21], [22]. However,
when labeled data are extremely scarce, the fine-tuning stage



may overly rely on the limited labeled samples, causing the
model to overwrite or even forget the useful representations ac-
quired during self-supervised pretraining. This degradation of
the transfer learning process can ultimately lead to significant
prediction bias, highlighting the need for robust pretraining
frameworks that preserve learned representations during data-
efficient fine-tuning [23]. Pseudo-labeling is another common
SSL strategy, where predicted labels for unlabeled samples are
generated using the current model and added to the supervised
training process to expand the effective training set [24], [25].
However, the effectiveness of pseudo-labeling largely depends
on the quality assessment mechanism. Existing methods typ-
ically rely on model confidence, which can be unreliable in
early training stages and may lead to the inclusion of noisy
labels and subsequent error propagation.

To further reduce the reliance on labeled data and better
exploit the degradation information in unlabeled samples, this
study proposes a novel SSL framework that integrates the core
concepts of transfer learning and self-training. First, instead of
following the conventional paradigm, we adopt the concept of
transfer learning in a way that allows knowledge transfer to
occur continuously throughout the training process, rather than
as a pre-training stage. By providing ongoing guidance during
model training, this approach enables dynamic and real-time
knowledge transfer from unlabeled data to the target task, ef-
fectively guiding the model to learn degradation patterns from
abundant unlabeled battery data. Subsequently, a pseudo-label
quality evaluation and filtering mechanism is developed to en-
sure that only high-quality pseudo labels are introduced during
self-training, thereby improving model performance through
more effective utilization of unlabeled data. The proposed
framework overcomes the inherent limitations of conventional
transfer learning and self-training methods, achieving reliable
predictions even when labeled data are available only from the
early and middle degradation stages of a single battery. The
main contributions of this work are summarized as follows:

1) To enable real-time knowledge transfer, we designed an
auxiliary-label extraction mechanism capable of auto-
matically deriving auxiliary labels from both labeled and
unlabeled samples. These auxiliary labels closely reflect
the battery aging process and continuously provide guid-
ance throughout the training procedure.

A dual-branch neural network architecture was devel-
oped, in which the capacity serves as the training signal
for the primary branch and the auxiliary label serves
as the training signal for the auxiliary branch. Both
branches share a common feature extraction backbone
and are jointly optimized in a synchronized manner,
thereby enabling dynamic and real-time knowledge
transfer from unlabeled data to the target task.

A self-training mechanism with K-nearest neighbors
(KNN) -based pseudo-label filtering is developed, where
high-confidence pseudo-labels are selectively incorpo-
rated into the training process. In contrast to existing
pseudo-labeling strategies that rely on model confi-
dence, the proposed method selects pseudo-labels based
on neighborhood consistency, effectively leveraging the
continuity and manifold structure of battery degradation.

2)

3)
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[I. DATASET AND DATA PROCESSING

This study employs three datasets. Dataset 1 is the primary
research subject for main analyses, ablation studies and com-
parisons, while Datasets 2 and 3 serve as supplementary data
to further evaluate the generalization across diverse battery
lifespans and chemistries.

Dataset 1 was obtained from the MIT-Stanford-Toyota
dataset [26], which comprises cycling data from lithium iron
phosphate (LFP) batteries. These cells were charged to 80%
state of charge (SOC) using multi-step constant current (CC)
protocol, followed by a 1C constant current—constant voltage
(CC-CV) charge to full capacity. The batteries have a nominal
capacity of 1.1 Ah and a nominal voltage of 3.3 V. All tests
maintained voltage limits between 2.0 V and 3.6 V, with CC
discharge at 4C. In this work, 20 cells with capacity fade
beyond 20% at test termination were selected from the first
batch for analysis and experimental validation.

Datasets 2 and 3 were derived from the nickel cobalt man-
ganese (NCM) and nickel cobalt aluminum (NCA) cells, as
reported in [27]. All cells were cycled under three temperature
conditions of 25 °C, 35 °C, and 45 °C. The cycling protocol
involved CC charging to 4.2 V with current rates ranging
from 0.25 C to 1 C, followed by CV charging at 4.2 V
until the current dropped to 0.05 C. Discharge was performed
under CC conditions to 2.65 V for NCA and 2.5 V for NCM
cells. Dataset 2 comprised 12 NCM cells covering all three
operating conditions, while Dataset 3 consisted of 21 NCA
cells encompassing all five operating conditions.

The capacity degradation trajectories of the three datasets
are illustrated in Fig. 1.
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Fig. 1: Capacity decay trend of datasets 1-3.

Considering that the charging process exhibits higher stabil-
ity compared to discharging, and that data from the terminal
phase of charging is more accessible under practical operating
conditions [28], this study selected the last 240 sampling
points (including current, voltage, temperature, and timestamp)
of each charging cycle in dataset 1 as the input features. For
Datasets 2 and 3, 380 sampling points were selected.

Although all samples have corresponding capacity labels, to
simulate real-world label scarcity, only a portion was treated
as labeled, with the remainder as unlabeled. Specifically, in
Dataset 1, 17 cells were used for training (split 8:2 into
training/validation sets) and 3 for testing. Within the training
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set, varying proportions of samples were designated as labeled
data for the SSL framework. For Dataset 2, 9 cells were used
for training and 3 for testing, whereas Dataset 3 comprised 16
cells for training and 5 for testing.

In practical applications, limited labeled data typically
manifests as complete degradation trajectories from a few
batteries, rather than sparse annotations distributed across a
large battery population [17], [20]. To realistically simulate
this, this study adopted a more practical data partitioning
strategy, as illustrated in Fig. 2, in which labeled data were
sequentially extracted from as few cells as possible instead
of being randomly sampled from all available cells. This
approach intentionally induces a realistic distributional shift
between labeled and unlabeled datasets, resulting in labeled
datasets with weaker cross-sample generalization capabilities,
thereby rigorously evaluating model’s capability to overcome
both inter-battery variability and practical labeling constraints.
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Fig. 2: Labeled Data Coverage over Degradation Cycles.

1. METHODOLOGY

To enhance capacity prediction accuracy under label scarcity
and extract latent degradation information from unlabeled
samples, this study proposes an SSL framework integrating the
principles of self-supervised learning and transfer learning. As
shown in Fig. 3, the framework first derives features highly
correlated with capacity, then constructs an auxiliary task using
these features as auxiliary labels. The primary capacity predic-
tion branch and auxiliary feature learning branch are jointly
optimized via a modified self-training strategy, where iterative
pseudo-label refinement and feature-space alignment progres-
sively enhance model accuracy while transferring degradation
knowledge from unlabeled to labeled domains.

The following sections provide a detailed description of the
proposed method from three key aspects: auxiliary labels ex-
traction, model architecture design, and pseudo-label filtering
based self-training mechanism design.

A. Auxiliary Labels Extraction

The core idea of self-supervised learning is to extract
supervisory signals inherently embedded within large-scale un-
labeled data [29]. By training networks using these constructed
supervisory signals, the model learns representations highly
valuable for downstream tasks. To enable the auxiliary task
to effectively capture degradation-related information from
unlabeled data, this study draws on the concept of constructing
supervisory signals in self-supervised learning and designs
a set of auxiliary labels. These auxiliary labels introduce
constraints at the objective optimization level, guiding the

training direction of the model and compensating for the lack
of supervisory signals caused by the scarcity of labeled data.

These auxiliary labels are expected to possess the following
characteristics: First, they should be automatically derived
from the intrinsic features of each sample without the need for
manual annotation. Second, the auxiliary labels should exhibit
a stable and significant correlation with capacity, maintaining
an approximately one-to-one mapping relationship. This en-
sures that the model focuses on degradation-related features
rather than noise during the training process.

CC-CV charging is a widely used protocol [30]. In this
study, the experimental samples are derived from partial charg-
ing data collected during the final CC-CV phase. Among them,
the time proportion of the CC stage within the entire final CC-
CV charging process, denoted as Ry, serves as an effective
indicator of the battery’s health condition.

From an electrochemical perspective, R, is strongly linked
to the key degradation mechanisms of lithium-ion batteries.
As cycling progresses, loss of active materials reduces the
number of sites available for lithium intercalation, while loss
of lithium inventory caused by side reactions (e.g., SEI growth
and lithium plating) decreases the amount of cyclable lithium.
Both mechanisms shorten the CC charging stage, leading to
a reduction in R;. In addition, increased polarization and
internal resistance in aged cells accelerate the voltage rise
during charging, further reducing the duration of the CC phase.
Consequently, R; provides a comprehensive macroscopic in-
dicator that implicitly reflects the underlying electrochemical
degradation processes, making it physically interpretable and
robustly correlated with capacity fade [30], [31].

More importantly, this parameter can be directly extracted
from raw charging data with minimal computational cost,
making it particularly suitable for self-supervised learning on
large-scale unlabeled datasets. Therefore, in this work, R; is
designed as the auxiliary label for the auxiliary task branch
to guide the network in learning degradation trends from
unlabeled data, thereby providing implicit support for capacity
estimation. The calculation formula for R; is as follows:

toco

Ry= —<—
tcc +tev

(1
where tcy and toe denote the durations of the CV and CC
phases, respectively. Specifically, for Dataset 1, tcc and toy
are obtained from the final CC—CV charging stage, whereas
for Datasets 2 and 3, tc¢ and toy are extracted directly from
the corresponding segments within the selected data window.

Fig. 4 visualizes the evolution of capacity and the auxiliary
label R; throughout the aging process of a representative cell,
demonstrating a consistent downward trend.

Taking Dataset 1 as an example, the Pearson Correlation
Coefficient (PCC) between the auxiliary label R, = { Ry},
and the actual battery capacity C = {C;}?_, was computed.
The PCC between them is calculated as follows:

r = Z?:l(Rti - Rt)(cl - é)
VY (R — Ri)? S0, (G- O

where R;; and C; represent the auxiliary label and capacity of
the i-th sample, with R; and C being their respective means.
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Fig. 4: Evolution of Capacity and Auxiliary Label.
TABLE I: Proportion of Intervals Exhibiting Low R; Divergence.

h 0.03 0.05 0.07 0.09

p  5517% 72.82% 87.45%  93.73%

The PCC between R; and C is 0.9016, indicating a strong
positive correlation.

To further verify the effectiveness of the auxiliary labels, the
capacities of all cells in Dataset 1 were ranked in descending
order and evenly divided into 4,000 intervals, with each
interval approximately corresponding to a specific capacity
value. For each interval, the pairwise differences among the
corresponding R; values were computed. A threshold h was
set, and if the absolute differences within a given interval were
all below h, the set of auxiliary labels corresponding to that
capacity value was considered stable rather than divergent.
As shown in Table I, 72.82% of these intervals exhibited
extremely low R; divergence (h < 0.05), and 93.73% were
within 0.09, confirming that most capacity values map to a
highly stable auxiliary label.
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confirming the effectiveness of the auxiliary label design.

To ensure robust model training across diverse operating
conditions and aging behaviors, the auxiliary labels were nor-
malized independently within each condition. This preserves
the strong correlation with capacity that exists under a given
condition while eliminating scale discrepancies caused by
different operating conditions.

B. Model Architecture Design

This study proposes a transfer-enhanced dual-branch net-
work with a shared feature extraction backbone (Fig. 3,
blue box), where the primary branch performs capacity re-
gression while the auxiliary branch predicts the constructed
degradation-related auxiliary label through self-supervision.
We adopt the concept of transfer learning rather than its
conventional methodology, enabling knowledge transfer to
occur throughout the entire training process rather than prior
to it. By maintaining continuous guidance from the auxiliary
task during training, the proposed approach achieves dynamic
and real-time knowledge transfer.

To fully exploit the local and temporal characteristics
embedded in the battery charging data and capture critical
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degradation patterns, a 1D CNN-LSTM model is adopted
as the shared backbone of the SSL framework. The CNN
module is responsible for extracting key variation patterns
within local time windows, capturing local signal trends and
enhancing feature representation. Building on these, the LSTM
module models long-term temporal dependencies, thereby
capturing the dynamic evolution of the degradation process.
This backbone effectively integrates local features with global
degradation trends, providing rich and robust representations
to support the subsequent prediction tasks in both branches.

The auxiliary branch acts as the “source task™ in the context
of transfer learning, leveraging broader unlabeled data to drive
the model to learn degradation-related representations. By pre-
dicting the auxiliary labels, it extract transferable knowledge
from unlabeled samples that benefits the target capacity esti-
mation task. During training, the auxiliary task is performed
on all samples, and the inclusion of unlabeled data enriches
the learning space, thus enhancing model generalization. From
a transfer learning perspective, degradation-related represen-
tations learned by the auxiliary branch are accumulated and
transferred within the shared backbone, ultimately contributing
to improved performance on the primary task. Notably, the
auxiliary branch is designed as a temporary training aid to
support the primary task. It is removed after training and is
not part of the final deployment model.

The primary task branch corresponds to the “target task” in
transfer learning, which utilizes the true capacity values from
a limited number of labeled samples as supervisory signals
to perform accurate capacity estimation. This branch shares
the high-level feature representations extracted by the CNN-
LSTM backbone with the auxiliary task branch, thereby indi-
rectly benefiting from the degradation-relevant representations
learned through the auxiliary task. This collaborative structure
helps alleviate the challenges associated with learning from
small sample sizes. During training, the primary task branch
is optimized exclusively on labeled samples.

In the proposed framework, the auxiliary branch processes
both labeled and unlabeled data, while the primary branch
uses only labeled data. During training, the auxiliary branch
guides the shared backbone to extract generic degradation
representations from unlabeled data. The backbone thus acts
as a shared repository for these representations, which the
primary branch continuously accesses in real time to guide and
stabilize its learning. This design, centered on the auxiliary
task’s physically meaningful target, ensures the retention of
critical aging-related information throughout training, which is
fundamental for robust estimation under extreme label scarcity.

C. Pseudo-label Filtering Based Self-training Strategy

In the SSL framework, the effective utilization of unlabeled
data is critical to enhance model generalization and robustness.
To further exploit the latent degradation-related information
embedded in the unlabeled data, this study adopts a self-
training strategy to progressively expand the effective training
set, thereby alleviating the issue of limited labeled data.

The core principle of self-training is to leverage the current
model to generate predictions on unlabeled data and incor-

porate samples with predictions—along with their pseudo-
labels—into the training set [32]. In doing so, the model
iteratively refines itself through “self-guidance” on unlabeled
samples, building upon the original labeled dataset. However,
predictions on unlabeled data may exhibit bias, resulting in
pseudo-labels of varying quality. Directly incorporating these
pseudo-labels without proper filtering may introduce erroneous
supervision and misguide the model [32]-[34]. Therefore,
identifying and selecting high-quality pseudo-labels is critical
to ensuring the effectiveness of the self-training process.

To address this issue, this study proposes a pseudo-label
filtering mechanism based on the KNN algorithm. During the
pseudo-label incorporation phase, this mechanism evaluates
and filters the reliability of pseudo-labels to ensure that only
trustworthy samples are included in subsequent training. The
core idea of the filtering mechanism is as follows: for an
unlabeled sample, if its predicted pseudo-label is close to the
mean of the labels of its K most similar neighbors in the
feature space, then it is considered to be of high confidence.
In this work, the similarity between samples is measured using
Euclidean distance. Let the feature representation of the i-th
sample be x; € R?, then, the Euclidean distance between
sample x; and sample x; is defined as:

D(i,j) = xi — % [|2 3)

When labeled samples are extremely limited, the neighbor-
hood selection becomes overly narrow, making it difficult to
comprehensively assess the feature space location of unlabeled
samples. To improve the coverage of neighborhood estimation,
this study expands the selection domain to the entire dataset,
including both labeled and unlabeled samples. By leveraging
all available sample information, this strategy enhances the
stability and expressiveness of the neighborhood relationships.
Moreover, battery samples exhibit strong temporal continu-
ity, with adjacent samples tending to have highly consistent
capacity values. Based on this, a dual-neighbor selection
strategy combining “’global + local” perspectives is proposed.
Specifically, global selection identifies K, nearest neighbors
by Euclidean distances across the entire candidate set, forming
a broad reference group to improve the stability of pseudo-
label filtering. In contrast, local selection identifies K; nearest
neighbors within the temporal neighborhood of the unlabeled
sample, emphasizing local degradation consistency. The final
neighborhood of each unlabeled sample thus consists of K =
K4 + K; samples selected through this combined strategy.

For each unlabeled sample x;, let its predicted pseudo label
for capacity be denoted as g;, and let the set of true or pseudo
labels of its K nearest neighbors be represented by {y; }jen;,
where N; denotes the index set of the neighbors of sample x;.
The mean value of the neighbor labels is calculated as follows:

_ 1
V=13 >y 4)
JEN;
The pseudo labels ¢; whose absolute differences from the

neighborhood mean y; are among the smallest P, proportion
are regarded as high-quality pseudo labels:

g ) = {g; | rank (| — 5]) <k}, k=[P.-n]  (5)



Here, §(©) denotes the set of high-quality pseudo labels
obtained, rank(-) indicates sorting the absolute differences
in ascending order, n represents the total number of pseudo
labels, and P, denotes the proportion of pseudo labels selected.
The (") are then incorporated into the labeled dataset for
subsequent model updates.

This mechanism effectively improves the accuracy of
pseudo labels, prevents noisy supervision from adversely af-
fecting the model, and thereby enhances the robustness of the
model in learning from unlabeled data. K, K;, and P, are
chosen to be 3, 3, and 0.2, respectively, as determined by
empirical sensitivity studies.

The proposed self-training strategy with pseudo label se-
lection and incorporation is not executed in a single step. As
illustrated by the purple box in Fig. 3, the process operates
iteratively to progressively improve model performance.

D. Model Configurations

The detailed architecture and parameter configuration of
the proposed SSL model are illustrated in the blue box
of Fig. 3. The batch size is set to 256, and the number
of training epochs is 200. Model parameters are optimized
using the Adam optimizer with a learning rate of 1073, The
model performs self-training until no further improvement in
accuracy is observed.

Furthermore, to independently control the relative contribu-
tions of the main task loss, auxiliary task loss, and pseudo
labels during training, a tailored loss function is designed for
the proposed SSL framework.

Let the training dataset be denoted as

D= {(Xivyiv G, Tni)}gvzl

For each sample, y; represents the label for the main task
(which may be a ground-truth label or a pseudo label), a;
denotes the auxiliary task label, and m; € {0,v,1} is the
label weight mask that indicates the type of supervision, cor-
responding to unlabeled, pseudo-labeled, and labeled samples,
respectively. Here, v € (0, 1) is a tunable scalar representing
the relative weight of pseudo labels. And NN refers to the total
number of samples.

The overall loss function is defined as:

Liotal = 0+ Lrcal + B - Laux @)

where L,.a is the loss associated with the main task, and
Laux corresponds to the auxiliary task. The coefficients o and
[ are hyperparameters that balance the influence of the main
and auxiliary losses during optimization.

For the main task,

(6)

1 N

Lrcal = —x—— > _mi - (yi — §i)° (®)
Zi]\il mq ;

where 7; denote the predicted value. The weighting coeffi-

cient vy is introduced to mitigate the impact of pseudo label

uncertainty on the main task learning process.

For the auxiliary task,

N
1 .
Eaux = N Eﬁl EHuber (ai7 ai) (9)

IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS, VOL. XX, NO. XX, XXXX

where a; denote the predicted auxiliary label. The Huber
lossiuber (a, @) is formulated as:
La—a)?,

~ if la—al<é
EHuber(aa (1) = { 2 | |

10
§-(la—al— 36), otherwise (1%

where J is a smoothing parameter that controls the error tol-
erance range and enhances the model’s robustness to outliers.

The hyperparameters «, 3, and ~ regulate the contributions
of ground-truth, auxiliary, and pseudo-labels, respectively. By
default, the weights are set as a:5:y = 1:0.3:0.3. The SSL
model training process is shown in Table II.

TABLE II: The complete training process of the SSL model.

Step Description
1 Initialize the labeled dataset L and unlabeled dataset U.
2 Extract the auxiliary labels R; from L and U.

3 Train the SSL model using L and U, guided by capacity C' and
auxiliary labels R;.

4 For each unlabeled sample z; € U, obtain its pseudo label g; from
the trained SSL model.

5 Compute the Euclidean distance between any two samples as defined
in (3).

6 For each unlabeled sample x;, find K4 nearest neighbors from LUU

and K temporal neighbors in its local domain, forming the neighbor
set V; with K = Ky + K;. Compute the mean label g; of its
neighbors according to (4).

7 For all unlabeled samples, rank the absolute difference |§; — ¥;| in
ascending order, and select the smallest P proportion of pseudo
labels according to (5).

8 Add the selected high-quality pseudo labels ¢
them a confidence weight .

9 Repeat Steps 3-8 until the model performance no longer improves.

(Pr) into L and assign

IV. EXPERIMENTAL RESULTS AND ANALYSIS

Model performance was evaluated using Root Mean Square
Error (RMSE), Mean Absolute Error (MAE), and Maximum
Absolute Error (MAX). All experiments were implemented
in Python with TensorFlow and conducted on a computer
equipped with an i5-14400F CPU and an NVIDIA GeForce
RTX 4060 Ti GPU. Unless otherwise specified, Dataset 1 was
used by default for all evaluation and analysis.

A. Experimental Results

To evaluate the effectiveness of the proposed method,
experiments were conducted on Dataset 1 under different
proportions of labeled data: 100%, 50%, 30%, 20%, 15%,
10%, and 5%. When the proportion of labeled data is 100%,
the auxiliary branch and self-training strategy within the SSL
model are deactivated, reducing the model to a conventional
supervised learning framework based on CNN-LSTM.

The three test cells are denoted as Celll-Cell3. The experi-
mental results are illustrated in Fig. 5, with the corresponding
evaluation metrics summarized in Table III. As the proportion
of labeled data decreases, the proposed SSL model consistently
tracks the true capacity with high accuracy. At a 20% labeling
ratio, the 90th percentile absolute error (P90) remains low at
0.00979, 0.00627, and 0.01649 Ah for Cells1-3, respectively.
Even under an extreme 5% labeling ratio—covering only the
early- to mid-stage degradation of a single cell—the model
is still capable of accurately fitting the actual capacity curves,
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Fig. 5: Capacity prediction results of Celll-Cell3 under varying labeled data proportions.

with MAE values for Cells1-3 remaining at 0.0124 Ah, 0.0069
Ah, and 0.0101 Ah, respectively. These results confirm that
the proposed SSL model can maintain reasonable prediction
accuracy even with fewer than one fully labeled battery by
effectively leveraging unlabeled samples.

B. Ablation Experiment

To validate the effectiveness of each component in the
proposed SSL framework, comparative experiments were con-
ducted under varying proportions of labeled data using three
model configurations: CNN-LSTM (denoted as CL), CL with
the auxiliary task (CL-Aux), and CL with both the auxiliary
task and self-training strategy (CL-Aux-ST).

The experimental results on Celll-Cell3 are presented in
Table IV. It can be observed that the incorporation of the
auxiliary task and self-training strategy significantly improves
model performance. For example, results on Celll demonstrate
that across all labeling ratios, CL-Aux model consistently out-
performs the baseline CL model in terms of MAE and RMSE.

Specifically, under the 5% labeled data condition, CL-Aux
achieves significant reductions of 46.13% in MAE and 51.18%
in RMSE compared to CL model. In most cases, the proposed
CL-Aux-ST model achieves additional performance gains over
CL-Aux, exhibiting stronger generalization capabilities. Under
the extreme label scarcity condition (5% labeled data), CL-
Aux-ST model achieves additional reductions of 25.75% in
MAE and 23.12% in RMSE compared to CL-Aux. And when
compared to the original CL model, the CL-Aux-ST model
achieves comprehensive error reductions of 60.00% in MAE,
62.47% in RMSE, and 67.44% in MAX. These results validate
the effectiveness of incorporating the auxiliary task and self-
training strategy in enhancing model performance, particularly
in scenarios with limited labeled data.

To further validate the model’s performance, a visual analy-
sis of the prediction results for Cell2 was conducted. As shown
in Fig. 6(a)—(f), when the proportion of labeled data is rela-
tively high, the differences in prediction accuracy among the
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TABLE Ill: Evaluation metrics (Ah) of the proposed SSL model on three cells under varying proportions of labeled data

Proportions of Celll Cell2 Cell3

labeled data (%)

MAE RMSE  MAX MAE RMSE  MAX MAE RMSE  MAX
100 0.0040  0.0051  0.0252  0.0029 0.0037 0.0148 0.0042 0.0055 0.0186
50 0.0048  0.0057  0.0206 0.0025 0.0033 0.0174 0.0046 0.0061 0.0181
30 0.0052  0.0066 0.0244 0.0031 0.0042 0.0187 0.0059 0.0074  0.0239
20 0.0054  0.0064 0.0209 0.0032 0.0041 0.0264 0.0073  0.0092  0.0227
15 0.0083  0.0089  0.0191 0.0067 0.0078 0.0212  0.0084 0.0099 0.0246
10 0.0108 0.0118 0.0290 0.0079  0.0089  0.0297 0.0081  0.0088 0.0181
5 0.0124  0.0143  0.0409 0.0069 0.0087 0.0467 0.0101 0.0116 0.0415

TABLE IV: Ablation experiment: model performance under varying proportions of labeled data (unit: Ah).

Proportions of CL CL-Aux CL-Aux-ST

labeled data (%)

MAE RMSE MAX MAE RMSE MAX MAE RMSE MAX

50 0.0080  0.0090  0.0171 0.0058 0.0069 0.0206 0.0048 0.0057 0.0206

30 0.0092  0.0101  0.0232 0.0069 0.0082  0.0232  0.0052 0.0066 0.0244

Celll 20 0.0052  0.0064  0.0185 0.0048 0.0055 0.0198 0.0054 0.0064 0.0209

15 0.0095 0.00105 0.0269 0.0090 0.0102 0.0296 0.0083 0.0089 0.0191

10 0.0160 0.0165 0.0271 0.0123  0.0131  0.0275 0.0108 0.0118 0.0290

5 0.0310  0.0381 0.1256  0.0167 0.0186 0.0447 0.0124  0.0143  0.0409

50 0.0039 0.0047 0.0182  0.0030 0.0037 0.0173  0.0025 0.0033 0.0174

30 0.0036  0.0046  0.0216 0.0037 0.0049 0.0188 0.0031 0.0042 0.0187

Cell2 20 0.0053  0.0067  0.0205 0.0047 0.0055 0.0184 0.0032 0.0041 0.0264

15 0.0086  0.0113  0.0357 0.0073  0.0099 0.0373  0.0067 0.0078  0.0212

10 0.0141  0.0147  0.0280 0.0101 0.0108 0.0319 0.0079 0.0089 0.0297

5 0.0227 0.0319 0.1176  0.0108 0.0141 0.0552  0.0069 0.0087 0.0467

50 0.0079  0.0092  0.0253 0.0064 0.0078 0.0216  0.0046 0.0061 0.0181

30 0.0070 0.0089 0.0655 0.0059  0.0079  0.0236  0.0059 0.0074 0.0239

Cell3 20 0.0081  0.0103  0.0339 0.0085 0.0109 0.0272  0.0073  0.0092  0.0227

15 0.0091 0.0106 0.0326  0.0066  0.0077  0.0220 0.0084 0.0099 0.0246

10 0.0165  0.0176  0.0498 0.0093 0.0102 0.0177  0.0081 0.0088 0.0181

5 0.0270  0.0373  0.1309  0.0095 0.0116 0.0441 0.0101 0.0116  0.0415
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Fig. 6: Visualization of capacity predictions for the models on Cell2 in the ablation experiment.

three models are minor. However, as the proportion of labeled
data decreases, both CL-Aux-ST and CL-Aux exhibit superior
prediction capability compared to the original CL model,
and the performance gap between them becomes increasingly
apparent. Particularly, when the labeled data proportion drops
to 5%, the CL model fails to effectively track the actual
capacity curve, whereas CL-Aux and CL-Aux-ST still closely
approximate the ground truth.

Furthermore, taking Cell2 as an example, the introduction
of the auxiliary task and self-training strategy leads to a more
concentrated distribution of absolute errors (AE), evidenced
by a leftward shift in the P90 metric—indicating an overall

reduction in estimation errors, as illustrated in Fig. 7(a)—(f).
These results further validate the effectiveness of the auxiliary
task and self-training strategy in improving capacity estimation
accuracy and highlight the efficacy of the proposed SSL
framework under limited labeled data scenarios.

C. Comparative Experiment

To validate the effectiveness of the SSL method proposed in
this study, we compared it with several traditional supervised
learning models, including CNN, LSTM, GRU, and ResNet,
under varying proportions of labeled data.
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Fig. 8: Capacity prediction results of each model on Cell2 under varying proportions of labeled data.

Fig. 8 presents a visual analysis of the capacity prediction
results of each model on Cell2. The results indicate that when
the proportion of labeled data is relatively high, the SSL model
exhibits similar prediction performance to the other models.
However, SSL demonstrates superior capability in tracking
the trend of capacity variation. As the proportion of labeled
data decreases, the performance gap between SSL and the
other models gradually widens, with the advantages of SSL
becoming increasingly evident. Notably, when the labeled data
proportion drops to 5%, traditional supervised models struggle
to effectively track the actual capacity variations, whereas SSL
maintains high prediction accuracy. These experimental results
clearly demonstrate that the proposed SSL method retains
strong modeling capability and reliability, even in scenarios
with extremely limited labeled data.

In addition, Table V summarizes the MAE, RMSE, and
MAX performance metrics for each model on Cell2. The
results indicate that the proposed SSL model consistently out-
performs the other models in these all three metrics, achieving
the lowest error levels at every labeled data proportions. Under
the extreme case of only 5% labeled data, the RMSE of the
SSL model is 0.0087 Ah, which represents a 64.63% reduction
compared to the best-performing supervised model (ResNet)
under the same conditions.

To further validate the effectiveness of the proposed SSL
method, additional comparisons were conducted with several
representative semi-supervised learning approaches, including
Self-training (ST), Consistency Regularization (CR), Transfer
Learning (TL), and Co-training (CT) [35], [36]. To ensure a

TABLE V: Model evaluation metrics (Ah) on Cell2

Performance  Proportions Model
metric (%)

SSL CNN LSTM GRU  ResNet

50 0.0025 00046 00061 00058 0.0055

30 0.0031  0.0036 0.0087 0.0069 0.0064

MAE 20 0.0032  0.0080 00081 00082 0.0109

15 0.0067 00117 00111 00099 00127

10 0.0079 00129 00121 00103 0.0136

5 0.0069 00257 00221 00213 00171

50 0.0033 00059 00081 0.0080 0.0069

30 0.0042 00050 00120 0.0099  0.0089

RMSE 20 0.0041 00089 00125 00128 0.0119

15 0.0078 00170 00162 00138  0.0147

10 0.0089 00162 00135 00122 00147

5 0.0087 00280 00341 00291  0.0246

50 00174 00239 00277 00621  0.0200

30 00187 00256 00382 00448  0.0364

MAX 20 0.0264 00347 00658 00625  0.0330

15 00212 00846 00692 0.0635  0.0432

10 00297 00605 00428 00424  0.0479

5 0.0467 00629 0.1279 0.1062  0.0939

fair comparison, all baselines share the CNN-LSTM backbone
and differ primarily in their training strategies. ST uses an
iterative pseudo-labeling scheme to progressively augment the
labeled data, CR combines supervised and consistency losses
with a weighting ratio of 1:0.1, TL pre-trains on Datasets 2
and 3 and is subsequently fine-tuned on Dataset 1 with the
convolutional layers frozen, and CT employs two models, a
CNN-LSTM and a ResNet, that mutually exchange predictions
on unlabeled data to enhance learning.

Table VI summarizes the RMSE values of all models across
three cells. The results indicate that the proposed SSL model



consistently outperforms all compared methods, achieving the
lowest error levels under every labeling ratio. Notably, in the
most challenging scenario with only 5% labeled data, the SSL
model achieved a maximum RMSE of 0.0143 Ah, representing
a 27.04% reduction compared with the best-performing semi-
supervised baseline (CT) under the same condition.

TABLE VI: RMSE (Ah) of Semi-supervised models on Cells1-3.

Proportions of Model
labeled data (%)
SSL ST CR TL CT
50 0.0057  0.0061  0.0067 0.0062  0.0066
30 0.0066 0.0091 0.0080 0.0080  0.0085
Celll 20 0.0064 0.0112 0.0106 0.0077  0.0099
15 0.0089  0.0096 0.0086 0.0102 0.0125
10 0.0118 0.0222 0.0131 0.0178 0.0153
5 0.0143  0.0366  0.0370  0.0292  0.0196
50 0.0033  0.0038 0.0047 0.0042 0.0038
30 0.0042 0.0055 0.0047 0.0049 0.0054
Cell2 20 0.0041  0.0075 0.0064 0.0049 0.0064
15 0.0078 0.0084 0.0131 0.0083 0.0130
10 0.0089 0.0128 0.0122  0.0144 0.0141
5 0.0087 0.0340 0.0344 0.0216 0.0145
50 0.0061 0.0084 0.0092 0.0087 0.0069
30 0.0074  0.0073  0.0102 0.0096 0.0075
Cell3 20 0.0092 0.0108 0.0104 0.0110 0.0105
15 0.0099 0.0125 0.0110  0.0096  0.0093
10 0.0088 0.0182 0.0178 0.0177 0.0121
5 0.0116  0.0363  0.0365 0.0217 0.0189

In addition, Table VII summarizes the floating-point oper-
ations (FLOPs), inference time, memory usage, and training
time of the semi-supervised models. Although the proposed
SSL model requires a longer training time, it achieves supe-
rior predictive performance while maintaining computational
complexity, inference efficiency, and memory consumption
comparable to other semi-supervised approaches.

TABLE VII: Computational Efficiency of Semi-Supervised Models.

Model SSL ST CR TL CT
FLOPs 3201538 3184769 3184769 3184769 3562754
Inference Time (ms) 7.837 7.280 7.401 7.251 8.656
Memory Usage (MB) 0.389 0.357 0.357 0.357 1.079
Training Time (s) 2006.33 896 812 198.7 717.6

These results further validate the superior reliability of the
proposed method in the capacity prediction task, particularly
in data-scarce scenarios.

D. Parameter sensitivity experiments

To clarify the rationale for the default configuration o:5:y =
1:0.3:0.3, a sensitivity analysis was performed with « fixed at
1, as it weights the supervised loss from the true labels. The
study examined 3 (with v =0.3), v (with 8 =0.3), and the
pseudo-label selection ratio P, by systematically varying them
over the range [0, 0.1, ..., 1.0]. Using Cell2 from Dataset 1 as
an example, the results are presented in Fig. 9.

When the labeling ratio was 50%, the model’s performance
remained stable across parameter variations. This is expected,
as an abundance of labeled data diminishes the reliance on
unlabeled samples, leading to minimal performance fluctua-
tions with respect to changes in the semi-supervised learning
parameters.

Under the 5% labeling condition, however, the parameters
proved crucial. The absence of auxiliary label guidance (8=0)
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Fig. 9: Parameter Sensitivity of the SSL Model.

severely degraded model performance, with RMSE reaching
0.0295 Ah. As j increased to 0.3, the RMSE rapidly decreased
to 0.0089 Ah, demonstrating the substantial benefit of incorpo-
rating auxiliary labels. When g continued to increase up to 1.0,
the model performance remained stable. Similarly, excluding
pseudo-label supervision (y=0) raised RMSE to 0.0141 Ah.
Increasing v to 0.3 significantly enhanced accuracy, with the
RMSE falling to 0.0078 Ah. However, a further increase to
~v=1.0 caused a gradual performance decline, suggesting that
excessive weight on pseudo-labels can be detrimental, likely
due to the accumulation of noisy labels.

Similarly, when P, = 0, the scenario corresponds to the
absence of pseudo-label utilization, consistent with v = 0. As
P, increased from O to 0.2, the RMSE markedly decreased to
0.0087 Ah, demonstrating the benefit of selective pseudo-label
incorporation. When P, further increased to 0.5, the model
performance remained stable. However, beyond this point, the
RMSE showed a slight increase, ultimately reaching 0.0104
Ah—an increase of 19.54% compared with P, = 0.2. These
findings indicate that the selection of high-quality pseudo-
labels effectively improves model performance, whereas an
excessive inclusion ratio may introduce noise and reduce
overall accuracy.

E. Supplementary experiments

To further evaluate the performance of the proposed SSL
model, additional experiments were conducted on Datasets
2 and 3 with limited labeled data (50%, 20%, 10%). The
CNN-LSTM model was employed as the baseline (BL) for
comparison. Table VIII summarizes the performance on three
cells from Dataset 2 that tested at 25°C, 35°C, and 45°C, with
charge/discharge rates fixed at 0.5C/1C. It shows that the SSL
model consistently surpasses the BL across all temperatures
and labeling ratios. The performance gain is especially pro-
nounced under the most challenging 10% labeling condition.
For instance, on the cell with the fewest cycles (CY25-05_1,
~160 cycles), the SSL model reduced MAE and RMSE by
39.55% and 44.52% compared with the BL model, respec-
tively. Similar substantial improvements were observed for
cells CY35-05_1 (68.63% in MAE, 67.58% in RMSE) and
CY45-05_1 (47.16% in MAE, 43% in RMSE), demonstrating
its robustness even with severely limited labeled data.
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TABLE VIII: Performance Metrics (Ah) of SSL vs. BL on Dataset 2.

Proportions of BL SSL

labeled data (%)

MAE RMSE MAX MAE RMSE MAX

10 0.0751 0.0867 0.2053  0.0454  0.0481  0.0780

CY25-05-1 20 0.0404 0.0461 0.0900 0.0385 0.0432 0.0788

50 0.0259 0.0294 0.0618 0.0224  0.0261  0.0580

10 0.0816  0.0978 0.2093 0.0256 0.0317  0.1720

CY35-05-.1 20 0.0222 0.0295 0.1635 0.0184 0.0236  0.1375

50 0.0157 0.0220 0.1500 0.0142 0.0216  0.1522

10 0.0424  0.0500 0.3670  0.0224  0.0285  0.1904

CY45-05-1 20 0.0204 0.0293 0.1654 0.0116 0.0178 0.1609

50 0.0158 0.0207  0.1660 0.0095 0.0148  0.1642

Table IX shows the evaluation metrics on Dataset 3. In
most cases, the proposed SSL model generally achieves higher
accuracy than the baseline. This advantage is most evident
under extreme data scarcity. With only 10% labeled data, the
BL model fails to track degradation trends effectively, whereas
the SSL model maintains reliable estimation accuracy, with the
MAE less than 0.074 Ah and the RMSE less than 0.085 Ah
across the five cells. When the labeled ratio increases to 20%,
the SSL model’s accuracy on cell CY25-1_1 is compromised
by the extremely limited cycles (~30 cycles). However, it
consistently outperforms the BL on the other four cells, achiev-
ing MAE/RMSE reductions of 51.65%/57.55% (CY25-05_1),
42.05%/45.52% (CY25-025_1), 67.74%/71.76% (CY35-05_1),
and 59.51%/66.97% (CY45-05_1). The consistent superiority
of SSL across all batteries at 50% labeled data further confirms
its robust generalization capability.

TABLE IX: Performance Metrics (Ah) of SSL vs. BL on Dataset 3.

Proportions of BL SSL
labeled data (%)

MAE RMSE MAX MAE RMSE MAX

10 0.1934
CY25-1-1 20 0.0878
50 0.0585
10 0.1582
CY25-05_1 20 0.1731
50 0.0304
10 0.1962
CY25-025.1 20 0.0478
50 0.0211
10 0.1842
CY35-05-1 20 0.1088
50 0.0793
10 0.2130
CY45-05-1 20 0.0568
50 0.0280

0.2400
0.0984
0.0691
0.2014
0.2127
0.0369
0.2476
0.0681
0.0298
0.2243
0.1558
0.1711
0.2589
0.0893
0.0349

0.4896
0.1438
0.1512
0.4866
0.5199
0.0837
0.5294
0.2276
0.1428
0.5076
0.4797
0.6424
0.5136
0.3030
0.2171

0.0534
0.1038
0.0391
0.0650
0.0837
0.0188
0.0281
0.0277
0.0179
0.0739
0.0351
0.0166
0.0124
0.0230
0.0191

0.0612
0.1221
0.0531
0.0751
0.0903
0.0236
0.0354
0.0371
0.0241
0.0851
0.0440
0.0275
0.0191
0.0295
0.0218

0.1309
0.1870
0.0991
0.1667
0.1425
0.0826
0.1266
0.1916
0.1118
0.1728
0.1729
0.1803
0.1209
0.1081
0.1484

V. CONCLUSION

This study proposes a novel semi-supervised learning frame-
work that achieves high-precision battery capacity estimation
through synchronously and collaboratively optimization of a
primary capacity prediction task and a self-supervised auxil-
iary task, coupled with a self-training strategy that dynamically
expands the effective training set. The framework’s label-
efficient learning capability is systematically validated across
varying labeled data proportions, and its performance advan-
tages have been comprehensively evaluated through ablation
studies and comparative experiments.

Under the condition of using only 5% labeled data, the CL-
Aux model achieves a 51.18% reduction in RMSE compared
to the baseline CL model, indicating that the joint training
of the main and auxiliary tasks effectively facilitates the

knowledge transfer of degradation-related information from
unlabeled data to the main task. The CL-Aux-ST model further
reduces RMSE by an additional 23.12% relative to the CL-
Aux model, demonstrating the effectiveness of the self-training
mechanism in enhancing the model’s generalization ability and
prediction accuracy. Moreover, under the 5% labeled data sce-
nario, the proposed SSL model achieves a worst-case RMSE
of 0.0143 Ah, representing a 62.47% reduction compared with
the unmodified model and a 27.04% improvement over the
best-performing semi-supervised baseline (CT) under the same
conditions. Furthermore, the experimental results on Datasets
2 and 3 confirm the robustness and generalization capability of
the proposed framework across different operating conditions.
The framework demonstrates a practical generalization capa-
bility, achieving accurate estimation in new conditions with
limited labeled data for calibration.

Despite its promising results, this study has certain lim-
itations. The proposed auxiliary-label extraction method is
specifically designed for CC-CV charging. To extend it to
various charging protocols, more generalizable auxiliary-label
design will be explored in the future. Nevertheless, the un-
derlying rationale and construction principles of the auxiliary
labels established in this work provide a foundation for further
generalization. Although the present study focuses on single-
cell analysis, the proposed approach offers theoretical support
for extending degradation estimation to battery pack applica-
tions. In future research, we plan to enhance the generality
of the auxiliary-label design and adapt the proposed SSL
framework to pack-level implementations.
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