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adaptive attention mechanisms [10], and CNN-Transformer
combinations [11]. To further meet practical testing demands
and capture complex degradation dynamics, recent literature
has introduced several advanced frameworks. Zhou et al. [12]
developed a feature-enhanced ensemble learning method that
utilizes partial discharging segments for rapid capacity
estimation. Chen et al. [13] proposed a novel model-data-fusion
strategy integrating a fractional-order RC circuit with a vision
transformer network for highly accurate SOH prediction.
Additionally, Bao et al. [14] designed a hybrid prognostic
network combining a CNN, a variant LSTM (VLSTM), and
a dimensional attention mechanism to improve SOH estimation.

Notably, the aforementioned methods are limited to
estimating a single state: either the SOC or the SOH of the
lithium-ion battery. In practical applications, however, SOC and
SOH are not independent. SOC reflects the battery's short-term
dynamic behavior, while SOH -characterizes its long-term
degradation process. The evolution of SOH inevitably affects
SOC estimation accuracy, as battery aging alters its voltage-
capacity characteristics. Conversely, inaccurate SOC estimation
can lead to improper charging and discharging operations,
thereby accelerating degradation and impacting SOH. If the
coupling relationship between the two is ignored, prediction
results are often unreliable and may even undermine the
effectiveness of battery management system(BMS). Therefore,
exploring joint SOC and SOH estimation methods not only
enhances prediction accuracy and robustness but also provides
a more comprehensive and scientific basis for full life-cycle
management. For instance, Huang et al. [15] proposed the
SOC-SOH Estimation Framework, which achieves parameter
sharing through staged training and combines TCN with
Bidirectional Gated Recurrent Unit in a charging encoder to
capture both local and global features, resulting in more
efficient and precise joint estimation. Li et al. [16] developed
a joint estimation framework based on Bidirectional Long
Short-Term Memory (Bi-LSTM), using Particle Swarm
Optimization to tune the Bi-LSTM hyperparameters for high-
precision estimation of SOH and terminal voltage, and then
integrated an Extended Kalman Filter to further improve SOC
prediction performance.

However, the generalization of these models is often

compromised by the domain shift arising from varying

operating conditions. Transfer learning has thus emerged as a
key strategy to adapt models to new domains by transferring
knowledge from a label-rich source [17-18]. Chen et al. [19]
employed Maximum Mean Discrepancy (MMD) for
distribution alignment, a technique Ma et al. [20] advanced by
aligning both marginal and conditional feature distributions. Mu
et al. [21] adapted this for multi-source domains. Alternatively,
Dong et al. [22] proposed a method that uses sample entropy to
identify transferable features, integrating them into a deep
recurrent network.

Nevertheless, traditional transfer learning's reliance on
source data conflicts with real-world constraints like data
privacy, creating a source-free challenge. One approach is
Source-Free Domain Adaptation (SFDA), an unsupervised
method where a pre-trained model adapts to new data without
target labels. Pioneering works have applied this to the battery
domain: Shen et al. [23] achieved source-free SOC estimation,
and Han et al. [24] accomplished source-free SOH estimation.
However, SFDA's performance on complex regression tasks can
be unstable due to its heavy reliance on the quality of pseudo-
labels. In contrast, when target labels are available, supervised
Fine-Tuning is a more direct and effective approach.
(PEFT)
techniques [25] have emerged as a highly attractive option. By

Specifically, = Parameter-Efficient = Fine-Tuning
adjusting only a small number of modules, PEFT effectively
mitigates catastrophic forgetting and reduces computational
costs, making it ideal for source-data-constrained scenarios.
However, whether SFDA or PEFT, existing source-free
methods share a fundamental limitation: they treat SOC and
SOH estimation as independent tasks. This neglects the inherent
physical coupling between a battery's short-term dynamics and
its long-term degradation, which ultimately compromises
prediction accuracy and reliability. To address this issue, we
propose a novel Source-free Joint Estimation Framework (SFJE)
that integrates parameter-efficient fine-tuning with joint
estimation of SOC and SOH. Our framework is built on
a decoupled model with a shared feature extractor backbone. To
preserve valuable knowledge learned from the source domain,
this backbone remains frozen during the transfer stage. Our key
innovation lies in three lightweight and tunable components
constructed atop the frozen backbone: two parallel task-specific

adapters for SOC and SOH, and a subsequent task interaction
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attention module. By fine-tuning only these modules, the
framework achieves two objectives: the adapters enable
parameter-efficient adaptation for each task, while the attention
module explicitly captures their interdependence. This design
directly overcomes the primary limitation of prior source-free
methods—namely, their inability to exploit the intrinsic
correlation between SOC and SOH. The main contributions of
this paper are as follows:

1. We propose a Source-Free Joint SOC/SOH Estimation
framework. By combining PEFT with a modular design, the
framework freezes the pre-trained backbone and fine-tunes only
lightweight adapters, enabling accurate joint SOC-SOH
estimation without source data and effectively mitigating
catastrophic forgetting.

2. We introduce a task interaction attention mechanism that
models the intrinsic coupling between SOC and SOH. Through
cross-attention—based information exchange, this module
captures deep dependencies  between short-term
electrochemical dynamics and long-term degradation,
representing a  methodological advancement beyond
independent-task source-free approaches.

3. We conduct extensive experimental validation on a public
dataset, demonstrating the generality and robustness of SFJE.
The proposed framework achieves improved SOC and SOH
estimation under diverse charging policies and transfer
scenarios, establishing its effectiveness and scalability for real-
world source-free battery state estimation.

The remainder of this paper is organized as follows: Section
2 describes the dataset and analyzes the correlation between
SOC and SOH. Section 3 details our proposed methodology.

Section 4 describes the details of the experiments and presents

the results. Finally, section 5 summarizes the paper.
2. Dataset
2.1. Dataset description

To validate the effectiveness of the proposed method, we
employed the publicly available lithium-ion battery dataset
released by MIT, Stanford University, and the Toyota Research
Institute (referred to as the MIT dataset) [26]. This dataset
comprises degradation data collected from batteries subjected
to four distinct charging protocols. The batteries used in the

experiments have a nominal capacity of 1.1 Ah and a nominal

voltage of 3.3 V.

In this dataset, the charging protocols for all batteries are
denoted as C1(Q1%)—C2. Specifically, this nomenclature
indicates a multi-step constant current (CC) process: the battery
is first charged at a current rate of C1 until it reaches Q1% of
the total capacity, followed by a second charging stage at a rate
of C2 until the SOC reaches 80%. Subsequently, a unified 1C
constant current-constant voltage (CC-CV) charging strategy is
applied to bring all batteries to 100% capacity. The overall
charging profile is illustrated in Fig. 1.
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Figure 1. Variations of charging current and voltage against
normalized capacity.

Given that the initial charging states vary across the different
charging protocols, significant discrepancies exist in the data
distributions between domains. To mitigate these domain shifts,
we excluded the data corresponding to the 0-80% SOC range--
where protocols differ the most--and utilized the charging
segments subsequent to 80% capacity for our experiments [27].

Preliminary data analysis reveals that as the battery SOH
declines, the duration of the constant current (CC) phase after
reaching 80% SOC gradually converges to zero. In contrast,
although the duration of the constant voltage (CV) phase
decreases, it does not exhibit a vanishing trend and remains
sufficiently observable. Consequently, we selected the CV
charging data collected after the 80% SOC point for model
training and testing [27].

While public fast-charging sessions may occasionally
terminate before reaching high SOC levels, the practical
relevance of this specific selection is well-supported by
common Electric Vehicle (EV) usage patterns. Full charging
events that include a complete CV stage routinely occur during
widespread scenarios such as overnight residential charging or

workplace destination charging [28]. Thus, this data segment
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remains universally accessible to the onboard Battery
Management System (BMS) throughout the regular lifecycle of
commercial EVs, ensuring the practical applicability of the
proposed framework.

Given that the voltage remains quasi-static during this phase,
we selected current and temperature, along with their first-order
differentials, as the input features. Furthermore, Min-Max
normalization was applied to scale all feature sequences to the
range [0, 1] for each battery, as described by the following
equation:

o= X = Xmin )
Xmax — Xmin
where x is the original feature value, Xy, and Xpax

represent the minimum and maximum values of the feature

sequence, respectively, and x" denotes the normalized value.
2.2. Quantification of coupling between SOC and SOH

To quantitatively assess the non-linear coupling relationship
between the continuous variables of SOC and SOH, this study
employs Normalized Mutual Information (NMI) as the metric.
Since NMI is defined for discrete variables, the continuous SOC
and SOH data must first undergo discretization. Although neural
network-based algorithms for the direct estimation of
continuous mutual information have emerged recently [29],
these methods typically require massive datasets and complex
model training. In contrast, the traditional discretization-based
approach adopted in this study is characterized by
computational simplicity, robust results, and the absence of
additional training requirements, rendering it a standard practice

widely adopted in engineering applications [30].
2.2.1. Data alignment and analysis set construction

The data in this study is organized into N charge-discharge
cycles. In the n-th cycle, the data comprises a scalar SOH value,
Yn, and a time-series of SOC data containing S sampling points.
To facilitate mutual information calculation, we first construct
an aligned analysis dataset D. This process involves pairing
each of the S SOC observations within a cycle with the
corresponding single SOH wvalue y, of that cycle, and
subsequently merging data from all N cycles.
This yields a dataset containing K = N XS paired
observations, denoted as D = {(x,v,) | k =1, ...,K}, where

x;, represents SOC and y, represents SOH. This dataset serves

as the basis for the subsequent calculations.
2.2.2. Mutual information calculation

1. Discretization
Following data alignment, the continuous variables X and Y are
discretized using the equal-width binning method to generate
K}yand V' ={y; | k=
1, ..., K} with M bins. This transformation is implemented by

the discrete sets X' = {x; | k=1, ...,

applying the following mapping function f(x) to each data
point:

M, if x = Xmax
f&) = {lx _Vf/(minJ 1L ifx< Xy (2)

where X4, and X, represent the maximum and
minimum values of the dataset, respectively, and W = (Xpnqy —
Xmin)/M denotes the calculated width of the equal-width bins.
The transformation for variable Y’ is performed in an identical
manner to that of X'.

2. Entropy
Entropy quantifies the uncertainty associated with the entire

discretized variable and is calculated as follows:

HIX) = = ) p() logp(x) 3)

i=1
where p(x;) is the marginal probability of an SOC

observation falling into the i-th discrete interval, estimated by:

1 K
PG = 2 Y NG = ) )
k=1

where N(+) is the indicator function, which equals 1 if the
condition is true and 0 otherwise.

3. Mutual Information (MI)
Mutual information quantifies the amount of information shared

between the two discretized variables:

) p(xi,y})
IX',Y") = AL 5
X,y = ;1 ,E p(x},y)log——F~ SGDP0) (5)

where p(x;, y]-’) is the joint probability of the SOC and SOH
observation pair simultaneously falling into the corresponding

discrete intervals (i, j):

K
ro 1 ’ . ’ .
p(xi,yj) = Ez NG = iny =) (6)
k=1

4. Normalized Mutual Information (NMI)
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To obtain a standardized metric within the interval $[0, 1]$, we
normalize the mutual information using the arithmetic mean of
the entropies, yielding the final NMI value:
21(X',Y")
HX")+ HY")

An NMI value of 0 indicates that the variables are

NMI(X',Y") = @)

completely independent, while a value of 1 implies a perfect
correlation. This metric effectively quantifies the strength of the
complex non-linear coupling between SOC and SOH.

Through the calculations described above, the obtained NMI
value between SOC and SOH is approximately 0.6. This
quantitatively confirms the existence of a significant mutual
influence between SOC and SOH. This strong coupling
relationship serves as the fundamental premise for constructing
the joint estimation model in this study. It demonstrates that
during the battery aging process, these two state parameters do
not evolve independently but are intricately interwoven. This
finding implies that a joint model capable of simultaneously
observing and learning the dynamic changes of both SOC and
SOH can capture critical synergistic effects that independent
models typically overlook, thereby achieving more precise joint

state estimation.
3. Methodology

This section elaborates on the proposed -cross-domain
framework for joint SOC and SOH estimation. Adopting
a transfer learning strategy, the method commences by pre-
training a robust joint estimation model on a generic source
domain dataset. To align with real-world deployment
constraints, the framework then transitions into a strictly
"source-free" adaptation phase. In this context, "source-free"
does not imply complete independence from source data
throughout the lifecycle, but rather the explicit exclusion of
historical source data during target domain adaptation to protect
data privacy and minimize communication overhead for edge-
level BMS. Subsequently, with the source data completely
discarded, the model is efficiently adapted to the specific
operating conditions of the target domain by leveraging solely
the pre-trained parameters and a limited amount of labeled data

from the target domain through selective parameter fine-tuning.
3.1. SOC-SOH joint estimation framework

To achieve precise joint estimation of battery SOC and SOH,

a multi-task learning model rooted in shared feature extraction
and a task interaction attention mechanism was designed and
implemented. The core philosophy of the model entails initially
extracting a shared feature representation, rich in state
information, from the input time-series data. Subsequently,
features specific to SOC and SOH are decoupled and enhanced
through task-specific adaptive modules and inter-task
interaction modules. Ultimately, the estimated values for both
states are derived via independent estimation heads.

As depicted in Fig. 2, the overall model architecture
comprises four logically distinct core components:

1. Shared Feature Extractor: A deep network composed of
LSTM layers and a Transformer Encoder, responsible for
extracting a shared latent representation encapsulating
comprehensive state information from the input sequence.

2. Task-Specific Adapters: Two parallel, lightweight
Adapter modules designed to tailor the general features into
task-specific representations for SOH and SOC, respectively.

3. Task Interaction Attention Module: A module based on
multi-head attention mechanisms, facilitating explicit
information exchange and fusion between the specific
representations of the two tasks.

4. State Estimation Heads: Two independent prediction
heads responsible for mapping the interaction-enhanced

features to the final predicted values for SOH and SOC.

Charging sequence of multiple feature

gEis it
v

Shared Feature Extractor
Adapter for SOC Adapter for SOH

SUCZ,,;T‘ SOH,.,
1 Task-lnm b

Multi-Head Multi-Head
Attention Atlention
o |
Add & Norm Add & Norm
S‘z)(“',(_,l ;a.,-"
SOC SOC
Estimator Estimator
SOC SOH

Figure 2. Network overall model diagram.
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3.2. Shared feature extraction

The objective of this stage is to learn a high-dimensional shared
feature representation from the raw input data that
simultaneously encapsulates both SOC and SOH information.
The structure of this module is illustrated in Fig. 3. Specifically,
this module adopts a residual architecture that sequentially
processes the input through a projection layer, LSTM units, and
encoders, followed by layer normalization to stabilize the
training process.
|

v
ProjectionLayer
v
LSTMs
\/

Encoders
|

\’
LayerNorm

Figure 3. Network diagram of shared feature extractor.
Let the input sequence be denoted as X € RE**C where B
represents the batch size, L denotes the sequence length, and C

is the dimension of the input features.
3.2.1. Input projection

First, a linear layer is employed to project the raw, low-
dimensional input features into the high-dimensional feature
space of the model:

Hy = Linear(X) € RE %L *dmodel (8

where d,p,,4e; represents the hidden dimension of the model.
3.2.2. Local temporal feature extraction

To further capture the complex local temporal dependencies
embedded within the battery sequence data, projected features
are fed into an LSTM network [31-32]. Unlike convolutional
networks, which are generally limited to processing fixed
patterns, LSTMs leverage internal gating mechanisms--
comprising input, forget, and output gates--to dynamically learn
and retain long-term dependencies within time series, as shown
in Fig. 4.

This capability enables the model to effectively identify

critical events during the charging process while filtering out

irrelevant information. Consequently, the module outputs
a hidden state sequence Hgp, , Which is enriched with

contextual information:

Hlstm = LSTM(HO) [S ]RB XL Xdmodel (9)
HT
A
Forget gate Input gate \
Ci (D) >C
Output nh
gate E( ’>
OI
4 X
C,
[0 ] [0 ] [tamh] [0 ]
H,, I [ I > I

Figure 4. Network diagram of single-layer LSTM.
3.2.3. Global dependency modeling

To capture global temporal dependencies of the sequence
beyond the local features extracted by the LSTM, we stack
multiple Transformer Encoder layers [33-34]. Each Encoder
layer comprises a Multi-Head Attention sub-layer and a Feed-
Forward Network sub-layer, as shown in Fig. 5. The self-
attention mechanism is pivotal. It projects the input sequence
into Query (Q), Key (K), and Value (V) spaces to compute

attention scores for each element relative to all others in parallel.
|

v
Multi-Head Attention

v
Add & Norm «

|
v

Feed Forward

|

Add & Norm «

Figure 5. Network diagram of single-layer encoder.

This mechanism enables the model to dynamically assign
varying levels of attention to different time steps, thereby
directly capturing feature patterns—potentially spanning long
temporal intervals—that are critical for battery state prediction.
For instance, it can discern how current variations during the
initial charging phase influence the thermal response at the end
of the charging cycle. Following processing by the Encoder,
each vector in the output feature sequence aggregates global

context from the entire sequence, significantly enhancing
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representation capability:

H,,. = TransformerEncoder (Hs,,,) € REXLXdmodel (10)
3.2.4. Feature fusion and output

Finally, we employ a residual connection and Layer
Normalization to fuse the global features with the local features,
yielding the final shared feature representation:

Fonare = LayerNorm(Hepe) + Dropout(Hygpy) € RREXEXdmodet (11)
3.3. Task-specific adaptive module

Despite the coupling relationship between SOC and SOH,
significant differences exist regarding their sensitivity to input
features and their dynamic evolution characteristics. To enhance
the model's feature adaptability in multi-task scenarios, we
introduce an Adapter module to facilitate task-specific
lightweight parameter tuning.
Fig. 6 depicts the detailed bottleneck structure of the Adapter.
It employs a bottleneck design where the input is first projected
into a lower-dimensional space via a down-projection layer,
processed by a GELU activation, and then restored to the
original dimension via an up-projection layer. A residual
connection fuses the input with the processed features before
Layer Normalization. The Adapter operation, composed of
down-projection and up-projection layers, is defined as:
Z = GELU(WpynFsnare) (12)
h = WpZ + Fonare (13)

where W,,,,, € Rémoder*dhidden | W, € R%hiddenXdmodel |

17

- FCN(down)

—

GELU

Ahidgaen K dmodet-

 FCN(up)
| 3
|
’ LayerNorm j

&
)

Figure 6. Network diagram of Adaptive module.
This architecture achieves task-specific feature mapping
through non-linear compression and residual reconstruction.

Consequently, the task-specific representations are obtained as:

Fsoc = Adaptersoc (Fspare) (14)
Fsony = Adaptersoy (Fspare) (15)

This design enables the formation of distinguishable sub-
streams for each task within the shared feature space while

maintaining parameter efficiency.
3.4. Task-Interaction Attention mechanism (TIA)

This stage is pivotal for achieving the effective fusion of SOC
and SOH information, thereby enhancing the performance of
the joint estimation. We designed a symmetrical bidirectional
cross-attention module to facilitate the bidirectional flow of
information between the SOC and SOH feature representations,
as shown in Fig. 2. The fundamental building block of this
architecture is the Multi-Head Attention (MHA) mechanism
[35].

3.4.1. MHA mechanism

The MHA mechanism operates by projecting the Query (Q),
Key (K), and Value (V) into multiple distinct subspaces to
compute attention in parallel. This enables the model to
simultaneously attend to information from different positions
and representational aspects. For a given set of inputs Q, K, and
V, the computation process of MHA is detailed as follows.

1. Linear Projection

First, Q, K, and V are projected into h distinct heads via
learnable linear transformation matrices. For the i-th head, the
projections are defined as:

Q=0xw?’ K =KxWf

2. Parallel Attention Calculation

Within each head, Scaled Dot-Product Attention is

computed in parallel:
QK

Jax

where d;, denotes the dimension of each head, utilized to

head; = Attention(Q;, K;,V;) = softmax( )Vi (17)

scale the dot products to maintain gradient stability.
3. Concatenation and Final Projection
The outputs from all $h$ heads are concatenated and
subsequently projected back to the original model dimension
via a linear transformation matrix W9, yielding the final output
of the MHA module:
MHA(Q,K,V) = Concat(head,, -+, head,)W° (18)
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3.4.2. SOC features attending to SOH features

In this phase, the task-specific SOC features, Fgq, serve as the
Query to interrogate aggregate relevant information
encapsulated within the task-specific SOH features, Fgop ,
which simultaneously function as both Key and Value.
Conceptually, this process can be interpreted as the model
identifying and retrieving the global SOH information that is
most pertinent to the feature representation at each SOC time
step. The calculation is defined as follows:
Asoc,son = MHA(Fsoc, Fson, Fson) (19)

3.4.3. SOH features attending to SOC features

Symmetrically, the SOH features Fg,y are used as the query to
attend to and aggregate relevant information from the SOC

features Fgpc. The calculation is defined as follows:
Ason,soc = MHA(Fsoy, Fsoc, Fsoc) (20)

3.4.4. Feature fusion

Upon completion of the two independent cross-attention
computations, the respective attention outputs are fused with the
original task-specific features via Residual Connections and
Layer Normalization. This step is critical for maintaining the
stability of the information flow and mitigating the vanishing
gradient problem.

Final SOC Feature Update:
Fsoc = LayerNorm (FSOC + Dropout(Asoc‘SOH)) (21)
Final SOH Feature Update:
Fson = LayerNorm (FSOH + Dropout(ASOH,SOC)) (22)

Through this symmetrical bidirectional interaction process,
the updated features Fs,c and Fgpy not only preserve the unique
information of their respective tasks but also mutually integrate
critical contextual information from the counterpart task via the
cross-attention mechanism. This achieves synergistic feature
enhancement, establishing a solid foundation for the subsequent

joint estimation.
3.5. Estimator

Following the cross-interaction enhancement of the features, the
high-dimensional representations are mapped to the final
predicted values via two independent estimation heads. The

detailed architecture is illustrated in Fig. 7. Specifically, the

model employs a dual-branch structure to decouple the
regression tasks for SOC and SOH. Each branch consists of
a Tanh layer for non-linear feature transformation, followed by
a linear projection layer to reduce dimensionality, and finally,
a Sigmoid activation to constrain the predicted states within the

normalized range of [0, 1].

| SOC Estimator |

| [ Tanh ] Sigmoid |
— =7 L |
| | / 47 Liue'u

Sigmoid

Figure 7. Architecture of the dual-head estimator for joint SOC
and SOH prediction.

3.5.1. SOC Estimation

The interaction-enhanced SOC features, Fg,., first undergo
Layer Normalization before being fed into the SOC estimation
head. This head projects the hidden-dimension feature at each
time step to an SOC sequence matching the original data
dimensionality:
Ysoc = 0 (Wsoctanh(Fioc) + bsoc) (23)
where g (-) denotes the sigmoid activation function.

3.5.2. SOH Estimation

The interaction-enhanced SOH features, F¢oy , are first
projected along the model dimension through a linear
transformation. Subsequently, average pooling is performed
over the sequence length L to aggregate temporal information
across the entire time window. Finally, the pooled
representation is passed through an estimator to produce a single
scalar SOH prediction.

The SOH estimation module achieves a holistic health
assessment through sequence compression and linear regression,

formulated as follows:

L
1 ~
Zson = ZZ(WsohHSOH,t + bsoh) (24)

t=1
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Ison = 0 Wsoptanh(zson) + bson) (25)

where o () denotes the sigmoid activation function.
This sequence averaging mechanism essentially functions as
a temporal aggregation of information regarding the battery's
operation over the full cycle, enabling the model to reflect

degradation trends from a global perspective.

3.5. Cross-domain transfer and supervised fine-tuning

strategy

This study employs a supervised fine-tuning strategy within
a transfer learning paradigm to achieve effective model
adaptation from the source domain to the target domain. The
core premise of this strategy is to utilize a model pre-trained on
a source-domain dataset as the foundational baseline and
subsequently refine it using labeled target-domain data. This
process enables the model to adjust to the specific statistical
characteristics and operating conditions of the target domain.
To ensure efficient target-domain adaptation while preserving
the knowledge learned from the source domain, we adopt
a selective parameter fine-tuning strategy. During the fine-
tuning phase, different components of the model are treated
distinctly as follows.

Frozen Parameters: The parameters of the Shared Feature
Extractor and the two Estimation Heads are frozen, ensuring
their weights remain invariant during the fine-tuning process.
This operation aims to preserve the general feature extraction
and output mapping capabilities acquired from the source
domain, which are hypothesized to be domain-invariant.

Trainable Parameters: The parameters of the two Task-
Specific Adapters and the Task Interaction Attention module are
set to a trainable state. These modules are considered domain-
specific; fine-tuning them allows the model to efficiently adapt
to the subtle nuances of task features in the target domain and
the unique correlation between SOC and SOH, without altering
the core model architecture.

During the supervised fine-tuning phase in the target domain,
we utilize the target domain training dataset Df,.,;,, to optimize
the model's trainable parameters. For a given data batch
{XT, Yoc, Yson} sampled from D], the forward propagation
of the model yields the estimated sequences Y., and YT, .

Root Mean Square Error (RMSE), which is calculated as

Equation 26, is employed as the loss function to supervise the

training of both tasks.

RMSE = (26)

For SOH estimation, n equals the batch size, y; represents
the ground truth SOH value, and ¥, denotes the predicted SOH
value.

For SOC estimation, given its nature as a sequence
prediction task, the error must be computed across all n =
B X L time steps, where B is the batch size and L is the
sequence length, y; and ¥, correspond to the ground truth and
predicted SOC values at the respective time step.

The overall optimization objective of the model is defined

as the weighted sum of the losses from the two tasks:

mein Ltmm{’ =a- RMSE(?soc' Ysoc) + B ) RMSE(?soh' Ysoh)(27)

where, 0 represents the set of all trainable parameters within
the model, and a@ and S are hyperparameters designed to
balance the relative importance of the two tasks during the fine-
tuning process. The model fine-tuning is performed using the
Stochastic Gradient Descent (SGD) optimizer with momentum.

The whole process is shown in Algorithm 1.

Algorithm 1 Training Procedure of SFJE

Require : Training target dataset D* = {(x;, 5, ¥ )},
trained source model M

Ensure: Trained target model M,

1: Initialize target model M, with parameters from M

2: Freeze shared feature extractor and estimators in M,

3: For epoch = 1to max,poch do

4: For each mini-batch (X, Y, Ysor) sampled from D* do
Forward Propagation:

Obtain predictions: Yyoc, Yoon = Me(X)

Loss Calculation:

Compute task-specific losses:

9: Lsoc = RMSE(YSOC' 1?tsoc)

10:  Lgop = RMSE(Yson, Yson)

11:  Compute joint weighted loss:

12: Ltotar = &+ Lsoc + B - Lson

13:  Back propagation:

14: Update trainable parameters of M; by minimizing

Ltotal
15: end for

16: end for
17: return Trained target model M,

4. Experiments and results analysis

This section aims to conduct a comprehensive and in-depth

evaluation of the performance of the proposed cross-domain
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SOC-SOH joint estimation framework through a series of
systematic experiments. First, the evaluation metrics and the
overall experimental design employed in this study are detailed.
Subsequently, the dual superiority of the proposed model--in
terms of both estimation accuracy and domain adaptability--is
validated through comparative analysis against state-of-the-art
methods across source domain performance and cross-domain
transfer scenarios. Finally, ablation studies are conducted to
investigate the specific contributions of the core modules,
followed by an uncertainty analysis to further verify the model's

robustness and the reliability of the prediction results.
4.1. Experimental design

To systematically assess the model's cross-condition
generalization capability and transfer adaptability, we adhered
to a rigorous transfer learning experimental paradigm. We
selected four representative charging protocols with significant
distinctness from the dataset to serve as the experimental
subjects, as detailed in Table 1.

Table 1. The selected charging protocols used for battery dataset

construction.
ID Charging Protocol
D1 5.4C(60%)--3C
D2 7C(40%)--3C
D3 8C(35%)--3.6C
D4 6C(40%)--3C

To simulate the practical deployment scenario where
a model transitions from known operating conditions to
unknown, novel conditions, we designed a series of closed-loop
cross-domain transfer tasks. As illustrated in Table 2, the four
aforementioned charging protocols are combined in pairs,
alternating roles between the Source Domain and the Target
Domain.

Table 2. Matrix of the cross-domain transfer tasks.

Target

Source D1 D2 D3 D4
DI - N N N
D2 V - \/ V
D3 v v - V
D4 v v V -

Specifically, each transfer task comprises two distinct stages:

pre-training (on the Source Domain) and supervised fine-tuning
(on the Target Domain). This rigorous matrix design,
encompassing 4 X 3 = 12 distinct transfer tasks, enables
a comprehensive and unbiased validation of the proposed

algorithm's superiority and stability in handling variations in

operating conditions.

To comprehensively quantify the estimation accuracy of the
model, we employ two widely established evaluation metrics:

RMSE: As a metric highly sensitive to large prediction
errors, RMSE serves as the primary indicator for assessing the
model’s overall performance, and is calculated as shown in
Equation 26.

Mean Absolute Error (MAE): Provide a more intuitive
reflection of the average magnitude of prediction errors and

calculated as follows:

N
1
MAE == Iy, = 3 28)

i=1
where N denotes the total number of samples, y; represents

the ground truth value, and ¥, is the predicted value.
4.2. Hyperparameter settings

To ensure the fairness and reproducibility of the experiments,
all baseline models underwent rigorous hyperparameter tuning.
The key hyperparameter settings for the proposed model are
detailed in Table 3. Unless otherwise specified in the subsequent
parameter sensitivity analysis section, this configuration is
consistently applied across all experiments.

Table 3. Detailed hyperparameter settings for the training and
architecture of SFJE.

Parameter Value
Learning Rate 0.0006
Batch Size 16
Training Epochs 200
Embedding Dimension d,,4e; 256
Adapter Dimension d,, 50
Number of Attention Heads npeqqs 8
Number of Encoder Layers €;qyers 2
[od 1
B 3

4.3. Computational cost and parameter efficiency

A core advantage of the proposed framework is its parameter
efficiency during the transfer process. To substantiate this, the
computational overhead and model size were explicitly
quantified, as summarized in Table 4.

As reported in Table 4, the total parameter count of the
multi-task framework is approximately 2.59 million. By
freezing the heavy backbone network during transfer learning,
only the specific task-related modules (including the

lightweight Adapters and the TIA module) are fine-tuned. The
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total trainable parameters are restricted to 315,392, representing
only about 12.16% of the overall model size. This highly
localized fine-tuning strategy drastically mitigates the
computational cost and memory footprint required for target-
domain adaptation compared to full fine-tuning. Furthermore,
the framework achieves an average inference latency of 2.94 ms.
This lightweight characteristic and microsecond-level response
time confirm the framework's viability for real-time deployment
in on-board BMS, where computational resources are strictly

constrained.

Table 4. Quantification of model parameters and inference time.

Metric Value
Total Model Parameters 2593713
Total Trainable Parameters 315392
Adapter Parameters 51200
Ratio of Trainable Parameters 12.16%
Average Inference Latency 2.94 ms

4.4. Experimental results and analysis
4.4.1. Performance comparison in the source domain

To evaluate the intrinsic effectiveness of the proposed SFJE
backbone, we conducted a comparative performance analysis
against various baselines (LSTM [32,36], CNN [37-38], GRU
[39-40], and Transformer [41-42]) across four distinct source
domain operating conditions (D1-D4).

Table 5 details the RMSE results from these experiments.
The following insights can be drawn from the analysis:

1. Overall Performance: Our model achieves the lowest

average RMSE for both SOC (0.2355%) and SOH (0.3093%)
tasks. Unlike single-stream baselines, which exhibit significant
volatility across domains, our method demonstrates superior
comprehensive performance and generalization capability.

2. Complex Conditions: Under conditions D1 and D2, our
model significantly outperforms all baselines. Given the drastic
temporal heterogeneity visualized in Fig. 8, this superiority
stems from the SFJE framework's synergy of local temporal
modeling (LSTM) and global dependency capturing (Encoder),
enabling it to effectively handle complex dynamic
characteristics.

3. Local-Dominant Conditions: Conversely, simpler
baselines occasionally yield optimal results in D3 and D4. As
suggested by Fig. 8, these scenarios likely rely on simple
temporal patterns that align with lighter inductive biases.
Nevertheless, our model remains highly competitive in these
cases, avoiding the severe performance drops observed in other
baselines.

Synthesizing these results, our rationale for selecting this
hybrid architecture is not to surpass simpler models in every
specific condition, but to establish a robust general framework.
It achieves a higher performance ceiling in complex scenarios
and stable overall performance across diverse situations. This
confirms that integrating multiple inductive biases is essential
for handling multi-scale dynamics, serving as an ideal

foundation for cross-domain transfer research.

Table 5. Quantitative performance evaluation of the SFJE and baseline models on the source domain (RMSE, %).

Source LSTM CNN Transformer LSTM+Transformer(Ours)
SOC SOH SOC SOH SOC SOH SOC SOH SOC SOH
D1 0.2982 0.2437 0.3535 1.1532 0.3355 0.4879 0.2427 0.3244 0.1625 0.2090
D2 0.3738 0.3802 0.3821 0.6322 0.4320 0.2847 0.4161 0.5216 0.2066 0.2820
D3 0.3573 0.3336 0.4025 0.4541 0.3531 0.3857 0.3983 0.5621 0.3457 0.4107
D4 0.2182 0.2994 0.2787 1.1988 0.2334 0.3017 0.2582 0.2973 0.2272 0.3353
AVG 0.3119 0.3142 0.3542 0.8596 0.3385 0.3650 0.3288 0.4263 0.2355 0.3093

Comparison of Current Profiles for Different Policies
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Figure 8. Detailed comparison of charging current profiles generated by different charging policies.
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4.4.2. Cross-domain transfer performance comparison

To comprehensively evaluate the effectiveness of the SFJE
framework for cross-domain transfer tasks, we systematically
compared it against several recent state-of-the-art (SOTA)
approaches published in top-tier journals, which represent
mainstream domain adaptation algorithms. First, we employed
Source-Only as a non-adaptive baseline. Second, we selected
DANN [43] and MMD [35] to represent classic Unsupervised
Domain Adaptation (UDA) methods. Finally, we included
SHOT [44], which is a state-of-the-art Source-Free UDA
method. Table 6 shows comparison of these methods’
characteristics.

Table 7 and Table 8 illustrate the RMSE and MAE results
for all methods, which are evaluated on the complete set of 12
cross-domain transfer tasks in Table 2, covering all possible
source-target combinations to fully verify the adaptability
across different operating conditions.

Source-Only: This baseline applies the source-trained
model directly to the target domain. It serves as a lower bound
to quantify the initial domain shift.

DANN: This adversarial method employs a domain
discriminator to align feature distributions. It enables the model
to learn domain-invariant representations by confusing the
discriminator.

MMD: This statistical method aligns global distributions by
minimizing the distance between the sample means of the
source and target domains in a kernel space.

SHOT: We adapted this source-free method for regression

tasks. It fine-tunes the model using pseudo-labels and

consistency regularization derived from feature space clustering.

Table 6. Comprehensive comparison of methodological

characteristics between SFJE and existing approaches.

Feature Source- DANN SHOT MMD SFJE(Ours)
Only

Target N X X \ N

Labels

Source y Y X v X

Data

Through an in-depth horizontal and vertical comparison of
the performance metrics across these 12 transfer tasks, we
derive the following core conclusions focusing on three

dimensions: comprehensive model accuracy, the necessity of

transfer learning, and task balance.

First of all, the SFJE method achieves the best performance
in terms of both accuracy and balance. As shown in Table 7 and
Table 8, SFJE yields the lowest average errors among all
methods, with an RMSE of 0.2818% for SOC, 0.4394% for
SOH, and an MAE of 0.2105% for SOC, 0.4277% for SOH.
These results validate the effectiveness of our Supervised
Selective Fine-tuning Strategy. They demonstrate that SFJE
maintains robust estimation capabilities even when facing
significant domain shifts. Fig. 9 displays the prediction curves
for the D1 to D2 task, visually confirming the superiority of our
method.

Secondly, the results further substantiate the importance of
domain adaptation and the advantages of SFJE methods. The
high average errors observed in the Source-Only baseline
clearly reveal the existence of significant domain shifts within
cross-condition battery data. Although traditional unsupervised
adaptation methods, such as DANN, MMD and SHOT,
mitigated this issue to a certain extent, they often exhibited
a distinct performance imbalance between SOC and SOH tasks.
In contrast, SFJE achieved simultaneous improvements in both
metrics, yielding average errors significantly lower than all
unsupervised baselines. This demonstrates that when labeled
samples are available, supervised fine-tuning offers substantial
advantages for feature alignment and synergistic task
optimization.

Crucially, SFJE achieves a highly balanced and robust
performance across joint estimation tasks. In multi-task coupled
scenarios, traditional transfer methods often struggle with
performance biases arising from task conflicts. For instance,
DANN and MMD show SOC degradation in specific transfer
scenarios, while SHOT tends to improve SOH estimation at the
cost of SOC accuracy.

In contrast, SFJE simultaneously improves the estimation
efficacy of both tasks across the majority of transfer
combinations, exhibiting exceptional task coordination
capabilities. Although it may not achieve the absolute optimal
performance in isolated scenarios, such as RMSE and MAE for
SOC in D3 to D2 and D4 to DI, SFJE maintains a leading
position among all methods with minimal error variance and

slight performance fluctuations, as illustrated in Fig. 10.
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Table 7. Estimation performance of the proposed and compared methods on the target domains (RMSE, %).

Source Tareet Source-Only DANN MMD SHOT SFJE(Ours)
& SOC SOH SOC SOH SOC SOH SOC SOH SOC SOH
D2 0.4459 0.3391 0.3819 0.3584 0.3815 0.3562 1.4506 0.4105 0.2989 0.3259
D3 1.3869 8.0153 1.2662 7.3117 1.2664 7.3118 1.3779 0.6787 0.3958 0.4410
D1 D4 0.2419 0.5417 0.2110 0.4403 0.2107 0.4403 1.5881 0.7415 0.1579 0.4256
D1 0.2715 0.4485 0.2741 0.4745 0.2741 0.4763 1.6015 0.5835 0.2101 0.4336
D2 D2 1.2948 5.5438 1.2337 4.9079 1.2338 49110 1.6079 0.8370 0.3615 0.5641
D3 0.3807 0.7856 0.3787 0.8042 0.3791 0.8052 1.6321 0.6626 0.2115 0.3881
D1 0.3277 0.9025 0.3487 0.9684 0.3489 0.9689 1.8535 0.8919 0.2673 06216
D3 D2 0.2784 0.4366 0.2621 0.4795 0.2622 0.4812 1.7264 0.5214 0.3038 0.2726
D4 0.2977 1.1315 0.3167 1.2355 0.3168 1.2342 1.9008 1.0206 0.2721 0.6043
D1 0.3860 0.2324 0.340 1.3427 0.3441 1.3444 1.8318 0.5660 0.2560 0.3157
D4 D2 0.4274 0.5649 0.3645 0.4949 0.3644 0.4958 2.1796 0.5358 0.2932 0.4819
D3 1.1239 3.0154 0.9471 2.6475 0.9476 2.6515 2.1295 0.7238 0.3536 0.3985
AVG 0.5719 1.9131 0.5274 1.7889 0.5275 1.7897 1.7400 0.6811 0.2818 0.4394
Table 8. Estimation performance of the proposed and compared methods on the target domains (MAE, %).
Source-Only DANN MMD SHOT SFJE(Ours)
Source Target
SOC SOH SOC SOH SOC SOH SOC SOH SOC SOH
D2 0.3609 0.3257 0.3058 0.3474 0.3054 0.3453 0.8816 0.4019 0.2237 03197
D1 D3 0.8362 8.0061 0.7607 7.3030 0.7609 7.3030 0.8701 0.6687 0.2730 0.4320
D4 0.1740 0.5304 0.1531 0.4322 0.1529 0.4323 0.9488 0.7326 0.1144 0.4171
bl 0.2124 0.4350 0.2103 0.4631 0.2103 0.4640 0.9916 0.5678 0.1546 0.4219
D2 D2 0.9527 5.5308 0.9046 4.8960 0.9044 4.8990 1.0208 0.8218 0.2559 0.5542
D3 0.2698 0.7726 0.2589 0.7925 0.2592 0.7936 0.9997 0.6528 0.1562 0.3683
bl 0.2278 0.8821 0.2422 0.9438 0.2424 0.9446 1.2015 0.8546 0.2068 0.6129
D3 D2 0.2123 0.4305 0.2015 0.4710 0.2017 0.4728 1.0720 0.5088 0.2458 0.2572
D4 0.2176 1.1259 0.2317 1.2298 0.2317 1.2285 1.2234 1.0096 0.2126 0.5886
b1 02386 1.1814 02314 12915 02314 12932  1.0489 05437 02565  0.3852
D4 D2 0.3533 0.5573 0.3001 0.4862 0.2999 0.4871 1.3084 0.5232 0.2319 0.4752
D3 0.8819 2.9978 0.7307 2.6330 0.7312 2.6371 1.3303 0.7058 0.1943 0.3006
AVG 04131 18980 0.3776 1.7741 0.3776 1.7750 1.0748 0.6659 0.2105 0.4277
SOC Estimation Comparison from D1 (o D2 This phenomenon highlights the structural resilience of the
= SOC Truth —sl
Los Source-only SFJE framework in complex transfer scenarios. Rather than
B —— DANN
e prioritizing one task at the expense of the other, our approach
= 100 preserves the integrity of the shared feature representation. This
]
s % implies that the model successfully harmonizes the competing
demands of joint estimation, ensuring consistent and reliable
0.90
T e 10 performance despite substantial distributional divergence in the
0 20 40 60 80 100 120 taroet domai
Sample Index arget domain.
SOH Bstimation Comparison from D to D2 Mechanistically, this enhanced performance is driven by the
ES e synergy between the TIA mechanism and the Fine-tuning
103 strategy. The mechanism explicitly captures intrinsic
z correlations between SOC and SOH at the feature level, while
Z 1o 1.08
3 I the fine-tuning strategy facilitates a precise calibration of the

=
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Figure 9. Comparison of the joint SOC and SOH prediction

curves across different models of Transfer Task D1 to D2.

shared feature space. Together, these components allow the
model to simultaneously refine its representations for both tasks
during transfer, thereby achieving an optimal equilibrium for
joint estimation.

In conclusion, SFJE not only achieves high average
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accuracy but, more critically, maintains exceptional robustness
and task equilibrium in multi-task transfer scenarios. The
framework effectively addresses the challenges of negative
transfer and task bias often observed in traditional cross-domain
methods. These results validate SFJE as a precise and unified
framework, capable of providing stable estimation even under

complex, conflicting transfer conditions.
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Figure 10. Statistical distribution of the average RMSE for

SOC and SOH estimation across all transfer tasks.
4.5. Ablation studies

To thoroughly investigate the specific contributions of the
individual core components within the proposed framework, we
conducted a comprehensive series of ablation studies. Taking
the complete architecture as the baseline, we constructed
degraded variants by selectively removing or bypassing specific
key modules. All variants were evaluated under identical
experimental settings.

We devised the following model variants, with the
experimental design detailed in Table 9.

onlyShared: Excludes both the task-specific Adapter
modules and the TIA module, retaining only the shared feature
extractor

noAdapter: Removes the task-specific Adapter modules;
the shared features are fed directly into the TIA module.

noTIA: Removes the TIA module; the features processed by

the Adapters are directly forwarded to their respective
estimators.

selfAtten: Replaces the proposed TIA with a standard self-
attention fusion mechanism to serve as an attention variant
baseline.

Table 9. Configuration details of the ablation model variants.

Module onlyShared  noAdapter  noTIA  selfAtten  SFJE
Adapter X X N

TIA module X \ X X N
Self- X x X N x
Attention

Using the transfer task with D4 as the source domain and D1,
D2, and D3 as target domains, we evaluated the performance of
these variants. The results are detailed in Table 10, and Fig. 11
illustrates the comparative performance across different
variants. The following observations can be drawn from the
results:

SFJE Achieves Optimal Performance: The SFJE model
delivers the lowest average RMSE for both SOC (0.3009%) and
SOH (0.3987%). Unlike ablated variants, it maintains robust
precision across all target domains. This validates that
integrating task interaction with selective fine-tuning is
essential for establishing a robust architecture capable of
handling complex domain shifts.

TIA mechanism is Central to Balance: The interaction
module is pivotal for equilibrium. Removing it (noTIA)
provides a quantitative measure of task interference, causing
a severe performance skew: SOH error rises from 0.3987% to
0.5431% while SOC degrades from 0.3009% to 0.3179%. This
confirms the mechanism's ability to suppress these conflicts and
the seesaw effect, ensuring that one task is not optimized at the
expense of the other.

TIA Outperforms Standard Self-Attention: Compared to
SFJE, the selfAtten variant suffers a severe SOC accuracy drop
to 0.4547%. This confirms that standard self-attention causes
"over-fusion" by mixing features indiscriminately, whereas our
TIA avoids this by selectively extracting complementary
context while preserving task-specific identities.

Adapters are Crucial for Single-Task Precision: Adapters
are key to specific feature alignment. The noAdapter variant
suffers a simultaneous accuracy drop in both tasks, with average
SOH error rising to 0.5735%. This indicates that shared features
alone are insufficient, and Adapters are critical for fine-tuning

representations to match distinct target domain distributions.
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Table 10. Quantitative ablation study results for SOC and SOH estimation across target domains (RMSE, %).

Source Target onlyShared noAdapter noTIA selfAtten SFJE(Ours)
" g SOC SOH SOC SOH SOC SOH SOC SOH SOC SOH
D1 0.3280 0.4939 0.2704 0.4257 0.2602 0.4616 0.4950  0.3950 0.2560 0.3157
D4 D2 0.3081 0.6659 0.2942 0.6349 0.3068 0.6615 0.3797  0.5243 0.2932 0.4819
D3 0.4627 1.0506 0.4037 0.6599 0.3867 0.5063 0.4893  0.4123 0.3536 0.3985
AVG 0.3663 0.7368 0.3228 0.5735 0.3179 0.5431 0.4547  0.4439 0.3009 0.3987
onlyShered [ selfatten Likewise, for the SOH trajectory, the model accurately captures
0 noAdapter =R SFJE (Ours) . . . .
0 — rotin the degradation trend with tight confidence intervals across
most cycles. This indicates that the model has effectively
- 041 B learned the underlying long-term aging mechanisms.
=
031 In summary, the model simultaneously achieves high
wu
Z 0.2 precision and confidence at both microscopic and macroscopic
o scales. The consistently low uncertainty highlights the
framework's robustness and generalization capabilities,
00 D1 D2 D3 establishing it as a reliable tool for battery state estimation.
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Figure 11. Bar chart comparison of SOC and SOH estimation

D3

accuracy in ablation studies.
4.6. Uncertainty analysis

To assess the reliability of the model's predictions, we
incorporated an uncertainty analysis framework [45]. By
enabling the Dropout layers during the inference phase a
technique known as Monte Carlo Dropout [46] we perform
multiple stochastic forward passes for a given input sample to
generate a predictive distribution. The mean of this distribution
serves as the final prediction, while its standard deviation
functions as a quantitative metric for model uncertainty.

Fig. 12 illustrates the test results and corresponding 95%
confidence intervals for the D1 to D2 transfer scenario. The data
confirms that the model maintains high stability and confidence
for both short-term SOC and long-term SOH predictions. For
the SOC sequence, the mean prediction closely tracks the

ground truth with consistently narrow uncertainty bounds.

0.925

0.900

0.875

0 20 40 60 80 100 120
Timestep

—— Ground Truth
—— Mean Prediction
Uncertainty

1.075

1.050

1.025

1.000

SOH (Ah)

0.975

0.950

0.925

0 100 200 300 400 500 600
Cycle Number

Figure 12. Visualization of the uncertainty quantification for

SOC and SOH joint predictions on Transfer Task D1 to D2.
4.7. Parameter sensitivity analysis

To ensure the robustness, efficiency, and reliability of the
proposed multi-task framework, comprehensive sensitivity
analyses were conducted to determine the optimal settings for
three critical hyperparameters: the bottleneck dimension (d,,)
of the Task-Specific Adapter, the dropout rate (p), and the

number of Monte Carlo forward passes (T).

4.7.1. Bottleneck dimension (dm) of the task-specific
adapter

The Adapter aims to balance parameter efficiency with feature
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representation capability. As shown in Fig. 13, the joint
estimation errors exhibited a distinct U-shaped trajectory when
evaluated across d m € {10, 30, 50, 80, 100}.

Narrower dimensions (dm<<30) caused an excessive
information bottleneck, leading to underfitting and high
estimation errors. Conversely, wider dimensions (dm==80)
introduced parameter redundancy, which disrupted the multi-
task learning equilibrium and increased the risk of overfitting.
Therefore, dn=50 was selected as the optimal trade-off,
maximizing feature representation capability while preserving

a lightweight structure.

9
<
w 0.8 —8— SOC RMSE (%)
‘é’ ——- SOH RMSE (%)
-4

0.6

0.4

s S N S—

10 30 50 80 100
Bottleneck Dimension (d,,)

Figure 13. The sensitivity of d,,.
4.7.2. Hyperparameters of Monte Carlo Dropout

1) Dropout Rate (p): The selection of p involves a critical
trade-off between predictive accuracy (RMSE) and uncertainty
calibration (standard deviation, o). As illustrated in Fig. 14(a),
the empirical results tested across p € {0.01,0.05,0.1, 0.2, 0.3}
showed that ¢ strictly increases with p. Setting p too low (p <
0.05) yielded an overconfident model with excessively narrow
uncertainty bounds. Conversely, excessively high dropout rates
(p = 0.2) severely degraded the SOC estimation accuracy due
to a loss of network representation capacity. Consequently, p =
0.1 was established as the optimal multi-task sweet spot,
preserving robust joint accuracy while maintaining well-
calibrated epistemic uncertainty.

2) Monte Carlo Forward Passes (7): The hyperparameter
T dictates the balance between statistical convergence and
computational overhead. As demonstrated in Fig. 14(b), an
evaluation across T € {10,30,50,100,200} revealed a clear
convergence knee point at T = 50. Below this threshold, the
predicted standard deviations for both SOC and SOH exhibited
instability. Beyond T = 50, further increases yielded

mathematically negligible variations in uncertainty metrics
while linearly inflating the inference time. To ensure reliable
uncertainty quantification without violating the real-time
execution constraints of practical BMS, T = 50 was adopted as

the optimal operational threshold.

0.370 go4
= 0.05
o
0.365 2
¥
i
-
0.360 &
2 0.04
% i 5
30355 5 5
& 27 —— SOC RMSE -
- -
& 0350 St @ SOHRMSE | %
s . —& Avg. std (0) &
>
& 0.345 <

0.340 0.02

0.335

0.330 4

0.01 0.05 0.10 0.20 0.30
Dropout Rate (p)

(a) Dropout rate

0.0500

0.0495

0.0490

0.0485

0.0480

SOH std (0)

SOC std (0)

0.0475

0.0470

=8~ SOC std (0)
0.0465 ~l~ SOH std (0) | 0.006

10 30 50 100 200
Monte Carlo Forward Passes (T)

(b) MC passes
Figure 14. Sensitivity analysis of the dropout rate and MC

passes.
5. Conclusion

This paper introduces the SFJE framework, a multi-task
learning approach designed for the joint estimation of SOC and
SOH under cross-condition scenarios. By incorporating
a shared feature extractor, task-specific adapters, and a TIA
module, the framework enables effective information fusion
while achieving a balanced performance across tasks. Ablation
studies validate the contribution of each component, with the
TIA mechanism playing a particularly critical role in mitigating
task conflicts and enhancing overall accuracy. In addition,
robustness and uncertainty analyses show that SFJE delivers
stable and reliable predictions under diverse operating
conditions, demonstrating its strong generalization capability in

complex multi-task settings.
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Despite the improvements in accuracy and robustness, the

proposed framework still has limitations in terms of
computational complexity and the breadth of validation. Future
work will therefore proceed in three main directions. First, we
will pursue model lightweighting by incorporating knowledge
distillation and pruning techniques to improve deployment

efficiency on embedded BMS. Second, to address the current

reliance on a single public dataset, we are constructing
a proprietary dataset to validate the framework's effectiveness
across diverse battery chemical compositions, and plan to
extend it to support the joint estimation of additional critical
states, such as RUL. Finally, leveraging predictive uncertainty
to enable risk-aware, active battery management constitutes an

important direction for our subsequent research.
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