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HIGHLIGHTS ABSTRACT
 

● Parallel TCN-Transformer model captures
multi-scale battery degradation patterns for
robust SOH estimation.

● Four health features (K, b, σΔQ, σδΔQ) show >
0.95 correlation with actual SOH.

● Attention-gated fusion dynamically weights
features, enhancing robustness and
interpretability.

● Cross-dataset validation achieves RMSE < 1%,
outperforming existing benchmarks
significantly.
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With the rapid development of electric vehicles and energy storage systems (ESSs),
accurate  state-of-health  (SOH)  estimation  for  lithium-ion  batteries  has  become
crucial  for  ensuring  safety  and optimizing performance.  However,  SOH estimation
under dynamic operating conditions remains challenging, as non-monotonic voltage
profiles  and  irregular  current  patterns  reduce  the  effectiveness  of  conventional
measurement  methods.  This  paper  proposes  a  comprehensive  approach  that  com-
bines  health  feature  extraction  with  a  parallel  deep  learning  architecture  for  robust
SOH estimation. First, the method extracts four highly correlated health features (K,
b, σΔQ,  and σδΔQ)  from  dynamic  measurement  data  collected  by  sensors,  with
correlation coefficients  between these features and the actual  SOH exceeding 0.95.
These  extracted  features  are  then  processed  through  a  novel  parallel  Temporal
Convolutional Networks (TCN)-Transformer hybrid architecture: the TCN captures
multi-scale  local  temporal  patterns,  while  the  Transformer  models  global  depen-
dencies.  An  attention-gated  fusion  module  dynamically  integrates  complementary
feature representations from the two branches and adaptively weights different paths
based on degradation features. Experimental validation on three standardized battery
datasets  (MIT,  CALCE,  Oxford)  shows  that  the  method  achieves  an  estimation
accuracy  with  a  root  mean  square  error  (RMSE)  below  1% under  all  operating
conditions,  representing  an  8%–70% improvement  over  conventional  methods.
Attention  weight  analysis  reveals  correlations  with  aging  mechanisms,  providing
interpretability for model decisions. The proposed method enables practical real-time
battery health assessment in dynamic environments.
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 1    Introduction

With  the  acceleration  of  the  global  green  energy
transition,  lithium-ion  batteries  have  emerged  as  key
carriers  for  clean  energy  storage  and  conversion  due  to
their high energy density, high output power, long service

life, and low self-discharge rate, playing a crucial role in
electric  transportation,  portable  electronic  devices,  and
distributed energy storage systems (ESSs) [1].  However,
as  electrochemical  ESSs,  lithium-ion  batteries  inevitably
undergo  aging  during  service,  manifesting  as  capacity
loss,  reduced  power  supply  capability,  and  ultimately 
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performance degradation and potential safety risks [2].
State-of-health (SOH) estimation represents one of the

most  challenging  tasks  in  modern  battery  management
systems  (BMSs),  requiring  precise  quantification  of
battery  capacity  degradation  through  sophisticated
analysis  of  measured  voltage,  current,  and  temperature
data  [3].  The  key  challenge  lies  in  extracting  reliable
health  features  from  measured  signals  and  developing
robust  estimation  algorithms  that  can  handle  varying
operational  conditions  [4].  This  estimation  problem  has
attracted  significant  attention  due  to  its  critical  impor-
tance for electric vehicle safety and ESS reliability [5].

Traditional  battery  health  estimation  methods  rely  on
controlled  laboratory  conditions  with  constant  current
discharge  profiles,  where  voltage  and  capacity  vary
monotonically,  enabling  the  use  of  conventional  feature
extraction  techniques  such  as  incremental  capacity
analysis  (ICA)  [6,7].  Specifically,  ICA  and  differential
voltage  analysis  (DVA)  necessitate  monotonically
varying voltage profiles,  typically achievable only under
constant-current  laboratory  measurement  conditions  [8].
Due  to  the  complexity  and  noise  of  actual  measurement
signals,  these  methods  are  ineffective  in  dynamic
operating conditions [9,10].

Electrochemical  impedance  spectroscopy  (EIS),  as  a
crucial non-destructive analytical technique, provides key
insights into battery health through systematic analysis of
impedance spectra  [11–13].  Nevertheless,  its  reliance on
specialized measurement  instruments,  strict  environmen-
tal control, and extended measurement durations severely
limits  its  real-time  application  in  dynamic  operating
scenarios.  Equivalent  circuit  models  (ECMs)  and
electrochemical  models  attempt  to  estimate  SOH  based
on  measured  electrical  responses;  however,  they  face
parameter uncertainty and high computational complexity
under dynamic measurement conditions [14,15].

Data-driven methods have revolutionized SOH estima-
tion  [16,17].  By  directly  extracting  health  information
from measured  data  and  bypassing  the  need  for  detailed
physicochemical  models,  these  techniques  have  gained
prominence  [18–20].  Machine  learning  algorithms,
including support vector regression [21], neural networks
[22],  and  deep  learning  architectures  [23],  have  been
extensively  explored.  For  example,  Lin  et  al.  [24]
developed  multimodal  feature  fusion  techniques,  while
He et al. [25] improved Gaussian process regression, both
enhancing feature-based SOH estimation.

In  data-driven  methods,  health  feature  extraction  is
critical.  Researchers  have  developed  advanced
frameworks  for  health  feature  extraction  from  battery
measurements  [26,27].  Cui  et  al.  [28]  employed  long
short-term memory (LSTM) networks to handle capacity
regeneration  features,  while  Xue  et  al.  [29]  proposed

hybrid  methods  combining  particle  filters  and  LSTM
learning,  both  highlighting  the  importance  of  advanced
feature extraction in dynamic environments.

Recent  studies  have  focused  on  adapting  these
techniques  to  dynamic  scenarios.  Feng  et  al.  [30]
introduced  multi-feature  strategies  for  high-capacity
battery health prediction, Xia et al. [31] developed online
filtering  for  anti-interference  feature  extraction  from
noisy  data,  and  Marri  et  al.  [32]  compared  machine
learning  strategies  using  extracted  features.  However,
existing  methods  struggle  in  noisy,  dynamic  conditions,
invalidating  traditional  assumptions  and  highlighting  the
need for new methodologies.

Deep  learning  has  gained  traction  in  battery  health
feature processing due to its  superior pattern recognition
capabilities  [33].  Temporal  convolutional  networks
(TCNs)  capture  multi-scale  temporal  patterns  through
dilated  convolutions,  while  Transformer  architectures
model  long-term  dependencies  via  self-attention  mecha-
nisms [34,35].  Researchers  have developed diverse  deep
learning approaches. Zhao et al. [36] integrated attention
and  transfer  learning  for  battery  lifespan  prediction,  and
Akbar et al. [37] proposed robust SOH prediction models
for electric vehicle batteries.

Current  deep learning research on SOH estimation for
lithium-ion batteries has evolved along multiple technical
paths,  focusing  on  feature  extraction  accuracy,  temporal
modeling  capability,  and  multi-task  adaptability.  For
instance,  in  terms  of  the  application  of  attention  mecha-
nisms, He et al. [38] proposed a multi-scale convolutional
attention  mechanism  (MCA),  extracting  multi-scale
information  from  charging  data  through  convolutional
kernels  of  different  sizes  and  dynamically  enhancing
features  strongly  correlated  with  SOH  degradation  by
combining  channel  and  spatial  attention  modules,  effec-
tively solving the feature  extraction challenge caused by
the  diversity  of  fast  charging  strategies.  Regarding  the
multi-task  learning  framework,  Zhang  et  al.  [39]
proposed  a  convolutional  neural  network-multi-gate
mixture  of  gated recurrent  units  (CMMOG) model.  This
model  uses  a  convolutional  neural  network  (CNN)  to
extract  high-dimensional  health features,  adopts  GRU as
the  expert  network  for  task  mapping,  combines  a  multi-
gate  network  to  allocate  weights,  and  introduces  a
homoscedastic  uncertainty  loss  function.  These  designs
alleviate  the  problems  of  parameter  redundancy  and
improving  generalization  of  traditional  single-task
models.  In  terms  of  model-data  fusion,  Chen  et  al.  [40]
proposed  a  method  combining  a  fractional-order  ECM
and  an  improved  Vision  Transformer  (VIT),  identifying
model parameters through an optimization algorithm and
selecting  highly  correlated  parameters  as  health  features
to  exploit  complementary  physical  and  data-driven
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advantages. In terms of Transformer architecture innova-
tion,  Zhao  et  al.  [41]  proposed  a  multi-branch  Vision
Transformer  (MB-ViT),  designing  independent  branches
for  multi-source  data  such  as  voltage,  current,  and
temperature to extract features and fuses global informa-
tion,  significantly  improving  early  lifespan  prediction
accuracy. In terms of LSTM improvement, Bao et al. [42]
developed  a  variant  LSTM  (VLSTM)  with “peephole
connections”,  coupled  the  forget  gate  and  input  gate  to
optimize information screening, and constructed a model
by combining CNN and dimension attention mechanism,
demonstrating excellent cross-dataset generalization.

However,  single-network  methods  have  inherent
limitations:  CNNs  excel  at  local  pattern  recognition  but
struggle  with  long-range  dependencies,  while  Transfor-
mers tend to overlook local details when modeling global
patterns  [43,44].  This  limitation  has  driven  the
development  of  hybrid  architectures  that  integrate
complementary  capabilities  of  different  networks.
Consequently,  current  deep  learning  methods  for  SOH
estimation  are  moving  toward “local-global  feature
collaborative  modeling” and “adaptive  multi-source
information  fusion,” continuously  improving  estimation
accuracy  and  robustness  under  complex  operating
conditions  through  architectural  innovations  and
mechanism optimizations.

Real-world  estimation  presents  three  fundamental
challenges:

Non-monotonic  voltage  and  current  variations:
Dynamic  operating  conditions  produce  irregular  voltage
profiles due to current fluctuations, regenerative braking,
and  polarization  effects,  rendering  conventional
techniques unreliable.

Feature extraction from noisy signals: Dynamic current
variations introduce measurement noise, degrading capa-
city calculation and health feature extraction accuracy.

Real-time  feature  extraction:  Practical  BMSs  require
continuous  battery  health  assessment  from  limited
measurement  data  without  relying  on  complete  charge-
discharge cycles.

This  paper  addresses  these  challenges  by  proposing  a
comprehensive  methodology,  centered  on  a  parallel
TCN-Transformer hybrid architecture for integrating and
analyzing  health  features  from  dynamic  measurements.
This  TCN  module  efficiently  extracts  local  changes  of
health  features  using  causal  and  dilated  convolutions,
accurately capturing short-term battery state variations.

The  Transformer  module  models  long-term  evolution
of  capacity  degradation  through  multi-head  attention,
capturing  overall  SOH trends.  An  attention-gated  fusion
module  dynamically  integrates  the  outputs  from  both
modules,  enhancing  global  temporal  correlations  while
preserving  local  details.  Compared  with  existing  single-

architecture  methods,  this  parallel  structure  reduces
computational  redundancy  through  feature  reuse  while
ensuring  high  estimation  accuracy,  providing  a  novel
approach  for  real-time  SOH  estimation  under  complex
discharging conditions.

The proposed methodology includes four key technical
contributions:

Dynamic  condition  feature  extraction  framework:  A
framework  integrating  established  signal  processing
techniques (dual polarization equivalent circuit modeling
and  voltage  segmentation)  to  derive  four  highly
correlated  health  features  (linear  relationship  parameters
K, b and  statistical  features σΔQ, σδΔQ)  from  dynamic
measurement  signals,  achieving  correlation  coefficients
exceeding  0.95  with  actual  SOH  across  different
operating scenarios.

Parallel TCN-Transformer hybrid architecture: A novel
parallel  deep  learning  framework  synergistically
combining  TCNs  for  multi-scale  local  temporal  pattern
recognition  with  Transformer  mechanisms  for  global
dependency  modeling,  enabling  collaborative  processing
of  complementary  temporal  patterns  within  extracted
health  features  while  maintaining  computational
efficiency for real-time applications.

Attention-gated feature fusion mechanism: An adaptive
fusion module that dynamically weights feature represen-
tations  from  both  TCN  and  Transformer  branches
according to battery aging stages, significantly enhancing
model  robustness  against  measurement  variations  and
providing interpretability for model decisions.

Comprehensive  multi-dataset  validation:  Extensive
testing  on  three  representative  measurement  scenarios
(constant-current,  periodic  pulse,  complex  dynamic)
using  MIT,  CALCE,  Oxford  datasets,  demonstrating
superior  estimation  accuracy  and  practical  applicability,
including  cross-battery-type  transfer  learning  analysis
and  attention  weight  correlation  studies  that  provide
insights  into  the  relationship  between  model  decisions
and battery aging mechanisms.

 

2    Overall methodology framework

Figure 1 presents  the  complete  methodology framework,
illustrating  the  systematic  approach  from  dynamic
measurement  challenges  to  robust  SOH  estimation.  The
framework consists of three main stages: dynamic feature
extraction  that  transforms  irregular  discharge  data  into
reliable  health  indicators  through  OCV  estimation  and
standardized voltage segmentation, parallel deep learning
processing where the TCN captures multi-scale temporal
patterns  while  the  Transformer  module  models  global
dependencies,  and  attention-gated  fusion  that  dynamic-
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ally  integrates  complementary  information  for  accurate
SOH prediction.

 

3    Data set description and dynamic
feature extraction

 3.1    Data set description

Three  representative  datasets  covering  different  mea-
surement  scenarios  are  utilized:  the  MIT  Dataset
(controlled  CC  discharge,  124  LFP  cells)  [45],  the
CALCE  Dataset  (periodic  pulse  discharge,  CX2-3
prismatic  LCO  cell)  [10],  and  the  Oxford  Dataset
(complex  dynamic  profiles,  6  LCO  pouch  cells)  [46].
Detailed  specifications  and  experimental  configurations
for  each  dataset  are  provided  in  Electronic  Supplement-
ary Material (SEM) S1.

 3.2    Health feature extraction for dynamic conditions

 3.2.1    Challenges in dynamic feature extraction

Feature  extraction  from  dynamic  battery  measurements
faces  three  critical  challenges:  non-monotonic  voltage
behavior  that  violates  fundamental  ICA/DVA  assump-
tions,  measurement  noise  that  degrades  signal-to-noise

ratio  of  capacity  calculations,  and  ensuring  feature
consistency  across  cycles  with  entirely  different  current
profiles.

 3.2.2    Open circuit voltage estimation for stable analysis

Under dynamic discharge conditions, significant terminal
voltage  fluctuations  cause  conventional Q(V)  curves  to
lose  their  smooth  monotonicity.  To  address  this,  the
present study constructs Q(OCV) curves using the open-
circuit  voltage,  which  is  mainly  determined  by  the  state
of  charge  and  electrode  capacity  loss,  and  is  strongly
correlated with battery capacity degradation process.

To  achieve  this,  the  dual-polarization  (DP)  model
within the ECM is utilized, as shown in Fig. 2(a). The DP
model is widely recognized for accurately describing the
external  characteristics  of  a  battery  and  is  extensively
applied  in  SOC  estimation.  The  dual-polarization  ECM
provides accurate OCV estimation [47]:
 

UOC = U −U1−U2− IR0, (1)
where U is  terminal  voltage, U1 and U2 are  polarization
voltages, I is  the  discharge  current,  and R0 is  the  ohmic
internal  resistance.  Parameters  are  identified  using
forgetting factor recursive least squares (FFRLS) for real-
time parameter identification.

Figure 2(b)  illustrates  a  comparison  between  the

  

 
Fig. 1    Overall  methodology  framework  for  robust  SOH  estimation  under  dynamic  operating  conditions.  (The  framework  integrates
dynamic  feature  extraction  with  parallel  deep  learning  architecture  to  address  the  challenges  of  non-monotonic  voltage  profiles  and
measurement noise in practical BMSs.)
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identified UOC obtained  using  FFRLS  and  the  measured
OCV  under  dynamic  operating  conditions.  The  results
validate  the  accuracy  and  robustness  of  the  FFRLS
method  in  estimating UOC.  Subsequently,  the  identified
UOC is  used  to  construct  the Q(OCV)  curve,  shown  in
Fig. 2(c).  Unlike  the  fluctuating Q(V)  curve  under
dynamic  conditions,  the Q(OCV)  curve  is  monotonic,
providing  a  smooth  and  reliable  basis  for  feature
extraction.  This  demonstrates  the  effectiveness  of  the
proposed  voltage-smoothing  strategy  in  addressing
challenges posed by dynamic operating conditions.

 3.2.3    Standardized voltage segmentation for consistent
feature extraction

Figures 2(d)  and 2(e)  illustrates  a  periodic  pulse
discharge  and  standstill  process.  After  each  pulse,  the
voltage experiences a  short  rise  during the standstill  due
to  relaxation.  However,  this  voltage  rise  remains  below
the  voltage  of  the  previous  stage  (e.g.,  points  A,  B,  and
C),  maintaining  a  principle  of  monotonic  decline.  The
repetition  period  of  discharge  and  rest  stages  is  denoted
as Nm,  but  voltage  drops  across  adjacent  intervals  are

  

 
Fig. 2    Comprehensive dynamic feature extraction method.

(a) DP ECM of lithium-ion battery; (b) OCV identification results with error distribution; (c) monotonically decreasing Q(OCV) curve;
Standardized  voltage  segmentation  strategy  for  consistent  feature  extraction:  (d)  differential  capacity  corresponding  to  the  average
segmented voltage point and average segmented voltage point selection; (e) sequential distribution of differential capacity and sequential
distribution  of  discharge  capacity;  (f)  linear  model  fitting  results  for  CX2-3;  (g)  linear  model  fitting  results  for  MIT;  (h)  linear  model
fitting results for Oxford; (i) variation of dQ/dV for different cycling processes. Correlation coefficient matrices between four features and
SOH for different datasets: (j) MIT dataset; (k) CX2-3 dataset; (l) Oxford dataset.
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unequal. For example, assuming the voltage drop in equal
intervals is ΔV,  segment AB spans two periods, whereas
BC spans three. To ensure consistency and comparability
of  the characteristics  between different  discharge cycles,
a standardized voltage interval approach is applied which
uniformly divides the analysis voltage range:
 

∆V =
Vhigh−V low

Np
,Np < Nm, (2)

where Vhigh and Vlow are  the  start  and  end  discharge
voltages,  respectively, Np represents  the  number  of
voltage intervals. For each voltage interval [Vi, Vi+1], the
corresponding  discharge  capacity  is  calculated  by
ampere-time integration:
 

∆Q(Vi) =
w t(Vi+1)

t(Vi)
I(t)dt, (3)

where t(Vi)  indicates  the  time  when  the  voltage  reaches
Vi, and I(t) is the discharge current.

Based on these calculations, two important distribution
curves  are  constructed:  the  differential  capacity  distri-
bution ΔQ(V),  reflecting capacity change rate over equal
voltage  intervals,  and  the  cumulative  discharge  capacity
Q(V), indicating total capacity from discharge start:
 

Q(Vi) =
i∑

j+1

Q(V j). (4)

This  segmentation  approach  provides  robust  perfor-
mance under  irregular  discharge patterns  by maintaining
fixed  voltage  references  regardless  of  current  profile
variations.

 3.2.4    Multi-scale health feature extraction

From the processed voltage and capacity data, four health
features highly correlated with battery SOH are extracted:

Trend  feature  extraction: A  linear  relationship  exists
between  differential  capacity  distribution ΔQ(V)  and  the
square of discharge capacity distribution Q(V)2 [48]:
 

∆Q(Vi) = −K[(Q(Vi)]2+b+ε, (5)
where K and b are slope and intercept parameters, and ε
is  Gaussian  white  noise.  The  voltage  interval  near  the
ΔQ(V)  peak to  low-voltage region is  selected for  fitting,
characterized  by  relatively  slow  capacity  changes  and
high data resolution. The model was applied to the CX2-
3  dataset  at  the  100th,  1000th,  and  2000th  cycles.
Parameter  values  (K and b)  were  computed  for  each
cycle, and the corresponding fitting results are illustrated
in Fig. 2(f),  demonstrating  that  as  the  battery  ages,  the
slope K and intercept b change systematically,  reflecting
the degradation of the battery.

Statistical  feature  extraction: To  capture  subtle

variations in capacity distribution, the standard deviation
of  the  differential  capacity  for  a  single  cycle  (σΔQ)  is
calculated:
 

σ∆Q =

√√
1
Np

Np∑
i=1

(∆Q(Vi)−∆Q)2. (6)

As shown in Fig. 2(i), considering that the ΔQ(V) peak
shifts toward low-voltage regions during battery aging, a
hysteresis  parameter k is  introduced  to  align  peak
positions across different cycles:
 

k =
⌈
(∆Qcur(V)peak−∆Qref(V)peak/∆V

⌉
, (7)

⌈· · · ⌉ ∆Qcur(V)peak
∆Qref(V)peak
where  denotes  upward  rounding.  and

denote  the  differential  capacities  of  the
current cycle and the reference cycle, respectively.

The interleaved differential capacity sequence accounts
for peak shifts:
 

δ∆Q(Vi) = ∆Qcur(Vi+k)−∆Qref(Vi). (8)
The  standard  deviation  of  this  staggered  differential

capacity  sequence  (σδΔQ)  is  calculated  as  the  second
statistical feature:
 

σδ∆Q =

√√
1

N − k

N−k∑
i=1

(δ∆Q(Vi)− δ∆Q)2. (9)

 3.3    Health feature correlation analysis

Quantitative  correlation  assessment:  Pearson  correlation
analysis  demonstrates  strong  relationships  between  the
extracted  features  and  actual  SOH  measurements.  The
segmentation  parameter Np =  30  was  determined  based
on  the  actual  operational  characteristics  of  the  CX2-3
dataset,  where  periodic  pulse  discharge  and  rest
conditions  produce  45‒80  effective  cycles  across  the
battery’s  lifespan  from  fresh  to  aged  states.  This  para-
meter  selection  ensures  adequate  capture  of  voltage-
capacity  relationship  variations  across  different  aging
stages while avoiding information loss or excessive noise
introduction.  Excessive  segmentation  (Np >>  30)  intro-
duces  unnecessary  measurement  noise  from  current
fluctuations,  while  insufficient  segmentation  (Np <<  30)
risks  losing  critical  electrochemical  signatures,  such  as
dQ/dV peak  shifts  indicative  of  capacity  fade  mecha-
nisms.  A  comprehensive  parameter  sensitivity  analysis
(ESM  S2)  using  the  MIT  dataset  as  a  representative
example, validates that Np = 30 achieves optimal feature-
SOH correlation (> 0.95).

To  ensure  methodological  consistency  and  enable  fair
performance  comparisons,  the  same Np =  30  configura-
tion was uniformly applied across all three datasets (MIT,
CALCE, Oxford), eliminating potential systematic biases
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from  data  set-specific  parameter  variations. Figures 2(g)
and  2(h)  demonstrate  linear  model  fitting  results  for  the
MIT  and  Oxford  datasets  at  selected  cycles.  As  the
battery  ages,  the K and b values  change  systematically,
reflecting the declining trend of battery capacity.

Figures 2(j)‒2(l) show feature correlation results across
the  three  datasets.  All  extracted  features  achieve
correlation coefficients exceeding 0.95 with actual SOH,
demonstrating  that  the  proposed  feature  extraction
methodology  effectively  preserves  the  physical
degradation  characteristics  of  battery  degradation  while
maintaining statistical robustness.

 

4    Methodology

 4.1    Overall architecture design

As  shown  in Fig. 3,  the  proposed  estimation  system
integrates advanced health feature extraction with parallel
deep  learning  architectures  to  achieve  robust  SOH
estimation  under  dynamic  operating  conditions.  The
parallel  architecture  synergistically  leverages  the
complementary  strengths  of  two  distinct  deep  learning
paradigms:
 

HTCN = FTCN(X;θTCN)
HTrans = FTrans(X;θTrans)
Hfused = Ffusion(HTCN,HTrans;θfusion)
ŷ = Foutput(Hfused;θoutput)

, (10)

where X are the input health features, HTCN and HTran are
the  output  features  from  the  TCN  and  Transformer
branches  respectively, Hfused is  the  fused  feature

ŷrepresentation,  is  the  predicted  SOH  values  and θ
denotes the trainable parameters of each module.

 4.2    TCN branch for multi-scale local pattern recognition

The TCN branch employs a cascaded structure of residual
temporal  convolutional  blocks,  designed  to  capture
battery  degradation  patterns  across  multiple  temporal
scales. Each TCN block utilizes dilated convolutions with
exponentially  increasing  dilation  rates.  Specifically,  the
dilation rate for block i is defined as di = 2i–1, enabling a
large  receptive  field  while  maintaining  linear  parameter
growth in the number of parameters.

 4.3    Transformer branch for global dependencies

The Transformer branch captures long-term dependencies
and  global  degradation  trends  through  multi-head  self-
attention mechanisms. Input features are first projected to
higher-dimensional space and augmented with positional
encodings. The multi-head self-attention mechanism then
computes  relationships  between  all  feature  positions
simultaneously:
 

Attention(Q,K,V) = softmax
(
QKT

√
dk

)
V, (11)

Input  features  are  augmented with positional  encoding
to preserve temporal order information.

 4.4    Attention-gated feature fusion

The  attention-gated  fusion  module  represents  a  key
innovation  for  integrating  complementary  information

  

 
Fig. 3    Architecture diagram of parallel TCN-Transformer hybrid network with attention-gated fusion.
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from  both  branches.  This  mechanism  addresses  the
critical challenge of optimally combining local and global
feature  representations  while  preserving  essential
degradation information.

The  fusion  module  computes  adaptive  importance
weights for each branch based on current input features:
 {

GTCN = σ(Conv1D(ReLU(Conv1D(HTCN⊕HTrans))))
GTrans = σ(Conv1D(ReLU(Conv1D(HTrans⊕HTCN))))

,

(12)
⊕where  denotes concatenation, σ is  sigmoid activation.

The  gating  mechanism  allows  dynamic  emphasis  of
different pathways based on degradation patterns.

To  enhance  information  exchange  between  branches,
bidirectional cross-attention is applied:
 {

F = Attention(Hg
TCN,H

g
Trans,H

g
Trans)

F = Attention(Hg
Trans,H

g
TCN,H

g
TCN)
, (13)

Model  training  uses  mean  squared  error  loss  with
L1/L2 regularization:
 

LReg =
1
B

B∑
i=1

(yi− ŷi)2+λ1

∑
i

|θi|+λ2

∑
i

θ2
i . (14)

Detailed  network  architectures,  mathematical  formula-
tions, and hyperparameter configurations are provided in
ESM S3.

 

5    Experimental validation

 5.1    Validation experimental setup

These  three  datasets,  varying  in  sizes,  each  requires
distinct  division  strategies.  The  MIT  dataset  comprises
five  cells  (Cell_91,  Cell_94,  Cell_100,  Cell_119,  and
Cell_124)  with  different  fast-charging  protocols.  Health
features  and  capacity  data  were  extracted  separately  for
each  cell.  Specifically,  Cell_91,  Cell_94,  Cell_100,  and
Cell_119 (6483 samples  in  total)  were  designated as  the
training set, while Cell_124 (1800 samples) served as the
test  set,  yielding  a  78.2%/21.8% training-test  split.  For
the cyclic dynamic discharge and stationary process, data
from a single cell (CX2-3, 1264 samples) was used, with
50% randomly  selected  for  training  and  the  remaining
50% for  testing.  The  Oxford  dataset,  under  dynamic
discharge  conditions,  includes  six  cells
(Cell_1/2/3/6/7/8), totaling 360 samples.

To  validate  the  effectiveness  of  the  proposed  method,
comparative  experiments  were  conducted  using classical
deep learning methods, including CNN-LSTM [42], ViT
[41],  TCN  [35],  and  Transformer  [17],  as  benchmarks.
Additionally, a tandem fusion model combining TCN and
Transformer  was  introduced  to  illustrate  the  advantages

of  the  parallel  framework.  To  ensure  fairness,  all
benchmark methods utilized the same feature  inputs  and
the same dataset partitioning strategies:
 

RMSE =

√
1
n

n∑
i=1

(yi− ŷi)
2
，

MAPE = 1
n

n∑
i=1

∣∣∣yi− ŷi

∣∣∣/yi×100%，

R2 = 1−
n∑

i=1

(yi− ŷi)
2
/

n∑
i=1

(yi− y)2
，

(15)

where yi represents  the  ground  truth  SOH  of  the ith
sample.

 5.2    Performance comparison results

Quantitative  results  are  presented  in Table 1,  and
qualitative performance (SOH prediction curves and error
distributions)  is  visualized  in Fig. 4.  The  proposed
parallel  TCN-Transformer  hybrid  architecture  consis-
tently  outperforms  all  benchmark  methods,  including
ViT, across diverse dynamic operating conditions.
  
Table 1    Performance comparison across datasets

Dataset Method MAE/% RMSE/% R2

MIT CNN-LSTM 0.82 0.88 0.954

ViT 0.69 0.75 0.966

TCN 0.62 0.67 0.973

Transformer 0.63 0.70 0.971

TCN-Trans (Serial) 0.79 1.03 0.937

Proposed 0.47 0.55 0.982
CALCE CNN-LSTM 1.48 1.70 0.969

ViT 0.87 1.17 0.985

TCN 0.53 0.75 0.994

Transformer 0.66 0.94 0.990

TCN-Trans (Serial) 0.64 0.83 0.992

Proposed 0.44 0.68 0.995
Oxford CNN-LSTM 0.95 1.27 0.958

ViT 0.79 0.93 0.977

TCN 1.05 1.29 0.957

Transformer 0.53 0.66 0.988

TCN-Trans (Serial) 0.52 0.66 0.988

Proposed 0.48 0.61 0.991

 

 5.2.1    CC discharge (MIT Dataset)

The  proposed  method  precisely  tracks  capacity
degradation  trends,  with  prediction  errors  concentrated
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within  ±1% (Figs. 4(a)–4(c)).  Compared  with  the  best
single-model  TCN,  it  reduces  MAE  from  0.62% to
0.47% (a reduction of 24.2%) and RMSE from 0.67% to
0.55% (a  reduction  of  17.9%),  while R2 increases  from
0.973 to 0.982, indicating higher model fitting accuracy.
The  TCN-Transformer  serial  model  performs  worst,
with  a  MAE  of  0.79% and  an  RMSE  of  1.03%,
confirming  that  sequential  feature  fusion  fails  to  fully

leverage  TCN’s  local  pattern  capture  and  Transformer’s
global  dependency  modeling.  ViT  and  Transformer
achieve  intermediate  performance  (ViT:  MAE  =  0.69%,
RMSE = 0.75%;  Transformer:  MAE = 0.63%,  RMSE =
0.70%),  but  both  lack  the  synergistic  multi-scale
feature  modeling  capability  of  the  proposed  parallel
architecture, as reflected in their wider error distributions
in Fig. 4(b).

  

 
Fig. 4    Comparison of SOH prediction performance of different models on three data sets.

(a)–(c)  MIT  dataset;  (d)–(f)  CX2-3  dataset;  (g)–(i)  Oxford  dataset  (MAE/RMSE  (with  percentage  dimension)  are  normalized  to  a
dimensionless 0–1 scale (higher score = better performance) to resolve dimension inconsistency and clarify differences between closely
clustered values; R2 (dimensionless) is displayed as the original value.)
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 5.2.2    Periodic measurement scenarios (CALCE Dataset)

Under  complex  cyclic  discharge  patterns,  the  proposed
method  maintains  high  stability,  with  prediction  curves
closely  matching  the  ground  truth  (Figs. 4(d)–4(f)).
Compared to TCN, MAE decreases from 0.53% to 0.44%
(a reduction of 9.4%), RMSE from 0.75% to 0.68%, and
R2 increases  to  0.995,  approaching  perfect  fitting.
Transformer performs slightly worse than TCN (MAE =
0.66%)  but  outperforms  CNN-LSTM  (MAE  =  1.48%),
due  to  its  ability  to  capture  long-term  periodic  depen-
dencies.  The  TCN-Transformer  serial  model  performs
poorly  (MAE  =  0.64%,  RMSE  =  0.83%)  from  insuffi-
cient  sequential  feature  interaction.  ViT  improves  over
CNN-LSTM  (MAE  =  0.87%,  RMSE  =  1.17%)  but  still
lags  behind  the  proposed  method  due  to  its  limited
adaptation  to  irregular  feature  fluctuations,  resulting
in  a  wider  error  distribution  than  the  proposed  method
(Fig. 4(e)).

 5.2.3    Complex dynamic measurement (Oxford Dataset)

The  proposed  method  demonstrates  strong  anti-
interference  capability,  producing  the  narrowest  error
distribution,  as  is  evident  in Figs. 4(g)–4(i).  Relative  to
the Transformer baseline, MAE decreases from 0.53% to
0.48% (a  reduction  of  9.4%),  RMSE  from  0.66% to
0.61% (a  reduction of  7.5%),  and R2 increases  to  0.991.
TCN  performs  poorly  on  this  small-sample,  complex
dynamic  dataset  (MAE  =  1.05%,  RMSE  =  1.29%),
because  dilated  convolutions  fail  to  capture  long-range
dependencies  with  limited  data.  The  serial  TCN-
Transformer  model  shows  no  fusion  advantage  (MAE =
0.52%),  confirming  sequential  fusion  inefficiency.  ViT
outperforms  CNN-LSTM  (MAE:  0.79% versus  0.95%)
and  TCN  but  remains  inferior  to  the  proposed  method
and  Transformer  due  to  its  reliance  on  global  visual
feature  mapping,  which limits  its  ability  to  capture  local

temporal  fluctuations  in  dynamic  discharge,  leading  to
higher RMSE (0.93%).

In  summary,  across  all  three  data  sets,  the  proposed
parallel  TCN-Transformer  architecture  achieves  optimal
performance,  with average MAE ranging from 0.47% to
0.52% and  RMSE  constantly  below  1%.  It  significantly
outperforms  serial  fusion  models  and  single-network
models,  including  ViT.  Its  core  advantage  lies  in  the
parallel structure that synergizes TCN’s multi-scale local
feature  capture  capability  with  Transformer’s  global
dependency modeling. The attention-gated fusion module
further enables adaptive feature weighting, resulting in a
highly  precise  and  robust  estimation  method  for  battery
SOH under dynamic operating conditions.

 5.3    Ablation study

 5.3.1    Feature combination impact

Table 2 systematically  presents  the  effects  of  different
feature  combinations  on  SOH  prediction  performance,
with  all  evaluations  conducted  using  the  complete
parallel  TCN-Transformer  hybrid  network.  Correspond-
ing  prediction  results  and  performance  metrics  are
visualized in Fig. 5 (CX2-3 and Oxford Datasets).

The  experimental  results  show  that  the  full  feature
combination  achieves  the  best  performance  across  all
evaluation  metrics,  delivering  the  lowest  MAE  and
RMSE and the highest coefficient of determination (R2).
This  confirms  the  critical  role  of  using  the  complete
feature set in improving prediction accuracy.

When  comparing  individual  features,  combining  trend
features  (K + b)  with  statistical  features  (σΔQ + σδΔQ)
significantly  improves  prediction  performance,  with  the
trend  feature  pair  demonstrating  the  strongest  individual
contribution.  This  highlights  a  complementary  relation-
ship  among  features  with  similar  characteristics.  More-
over,  integrating  three  feature  types  together  further

  

Table 2    Impact of different feature combinations on prediction performance

Feature combination
MIT CX2-3 Oxford

MAE/% RMSE/% R2 MAE/% RMSE/% R2 MAE/% RMSE/% R2

K 1.79 2.05 0.7535 1.35 2.3 0.9451 0.94 1.12 0.9681

b 1.61 2.35 0.6758 1.86 2.45 0.938 0.89 1.06 0.9711

σΔQ 0.83 1.03 0.938 1.41 1.79 0.967 1.14 1.39 0.9508

σδΔQ 0.68 0.88 0.9541 2.18 2.57 0.9316 0.95 1.11 0.9687

K+b 0.61 0.66 0.9741 0.97 1.82 0.9659 0.78 0.99 0.9749

σΔQ +σδΔQ 0.63 0.87 0.9554 1.11 1.48 0.9772 1.21 1.56 0.9381

K + b + σΔQ 0.56 0.66 0.9744 0.79 0.96 0.9905 0.82 0.96 0.9764

K + b + σδΔQ 0.58 0.67 0.9739 1.15 1.7 0.9703 0.79 0.93 0.978

All features 0.47 0.55 0.982 0.44 0.7 0.995 0.48 0.61 0.991
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enhances  model  performance,  approaching  the  results
achieved  by  the  full  feature  set.  This  indicates  that  this
feature  subset  could  serve  as  an  effective  option  for
designing  lightweight  models  without  substantial
accuracy loss.

Overall,  these  findings  not  only  validate  the
effectiveness of the extracted features but also underscore
the  importance  of  multi-feature  fusion  strategies  for
improving SOH prediction accuracy.

 5.3.2    Fusion strategy analysis

The  experimental  results  across  the  three  datasets
demonstrate the superiority of dynamic feature weighting
strategies over simple concatenation for SOH prediction.
As  shown  in Table 3,  the  Attention-Gated  fusion
consistently  outperforms  Cross-Attention  and  Simple
Concatenation methods.

On  the  MIT  dataset,  the  Attention-Gated  method

achieves reductions of 42% and 38% in MAE and RMSE
respectively,  while  improving R2 from  0.953  to  0.982.
For  the  CALCE  dataset,  MAE  and  RMSE  decrease  by
51% and  44%,  respectively,  while R2 reaching  0.995,
indicating near-perfect  model fit.  On the Oxford dataset,
Attention-Gated  reduces  MAE  and  RMSE  by  55% and
52% respectively, and increases R2 by 3.3% compared to
Simple  Concatenation.  Corresponding  prediction  curves
error  distributions  are  illustrated  in Fig. 6 (CX2-3  and
Oxford Datasets).

The superior performance stems of the Attention-Gated
mechanism  arise  from  its  dynamically  allocate  weights,
emphasizing critical features while suppressing redundant
or  noisy  signals.  In  contrast,  Cross-Attention  exhibits
comparable R2 values in some cases (e.g., CALCE: 0.993
versus  0.995;  Oxford:  0.96  versus  0.991)  but  shows
higher prediction errors, suggesting less effective feature
selection. Simple Concatenation performs worst due to its
fixed  weighting,  which  fail  to  exploit  feature

  

 
Fig. 5    Impact of different feature combinations on prediction performance.

(a)–(c)  CX2-3  dataset;  (d)–(f)  Oxford  dataset  (MAE/RMSE  (with  percentage  dimension)  are  normalized  to  a  dimensionless  0–1  scale
(higher  score  =  better  performance)  to  resolve  dimension  inconsistency  and  clarify  differences  between  closely  clustered  values; R2

(dimensionless) is displayed as the original value.)
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complementarity (e.g., R2 = 0.984 on CALCE dataset).
These  results  confirm  that  Attention-Gated  fusion

effectively balances inter-feature dependencies and noise
suppression, offering a robust framework for multi-modal
SOH prediction  under  diverse  operating  conditions.  The
consistent  improvements  across  all  datasets  further
demonstrate  the  generalizability  and  reliability  of  this
method  across  different  battery  types  and  measurement
conditions.

 5.3.3    Attention weight distribution analysis

Analysis of attention weight distributions reveals distinct
feature  fusion  strategies  across  the  three  datasets,  as
illustrated in Table 4 and Fig. 7.

The MIT Dataset:  The Transformer branch dominates,
with  an  average  weight  of  93.84% ±  0.20% while  the
TCN  branch  contributes  only  13.05% ±  0.26%,

  

Table 3    Impact of feature weight allocation methods prediction performance

Feature weight allocation
MIT CX2-3 Oxford

MAE/% RMSE/% R2 MAE/% RMSE/% R2 MAE/% RMSE/% R2

Simple concatenation 0.81 0.89 0.953 0.89 1.21 0.984 1.06 1.26 0.959

Cross-attention 0.59 0.69 0.972 0.8 0.8 0.993 0.99 1.24 0.96

Attention-gated 0.47 0.55 0.982 0.44 0.68 0.995 0.48 0.61 0.991

  

 
Fig. 6    Impact of feature weight allocation methods on prediction performance.

(a)–(c)  CX2-3  dataset;  (d)–(f)  Oxford  dataset.  (MAE/RMSE  (with  percentage  dimension)  are  normalized  to  a  dimensionless  0–1  scale
(higher  score  =  better  performance)  to  resolve  dimension  inconsistency  and  clarify  differences  between  closely  clustered  values; R2

(dimensionless) is displayed as the original value.)

  

Table 4    Attention weight distribution analysis
Items MIT CX2-3 Oxford

SOH-range 0.80‒0.97 0.61‒1.00 0.75‒0.97

TCN-weight-mean 13.05% 33.75% 54.79%

Transformer-weight-mean 93.84% 76.81% 61.83%

TCN-weight-std σ = 0.26% σ = 0.40% σ = 0.45%

Transformer-weight-std σ = 0.20% σ = 0.36% σ = 0.43%

TCN-SOH-correlation −0.87 +0.89 +0.91

Transformer-SOH-correlation +0.75 −0.82 −0.94
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demonstrating  a  strong  dependency  on  global  feature
modeling.

The  CALCE  Dataset:  Weight  distribution  becomes
more  balanced,  with  Transformer  weight  decreasing  to
76.81% ± 0.36% and TCN weight increasing to 33.75% ±
0.40%, indicating that the model begins to prioritize local
temporal features.

The  Oxford  Dataset:  TCN  weight  further  rises  to
54.79% ± 0.45%, while Transformer weight decreases to
61.83% ± 0.43%, approaching a near-balanced collabora-
tion  between  local  and  global  feature  extraction.  Across
the  three  datasets,  TCN  weight  increases  by  319.8%,
highlighting  a  clear  evolutionary  pattern  from  Transfor-
mer-dominated  global  modeling  toward  local-global
collaborative modeling.

Correlation  analysis  between  attention  weights  and
SOH  provides  further  insights  into  adaptive  fusion
mechanisms.

In the MIT dataset, TCN weight demonstrates a strong
negative  correlation  with  SOH  (r = −0.87),  while
Transformer  weight  shows  a  strong  positive  correlation
(r =  +0.75),  indicating  increased  emphasis  on  local
feature detection during degradation.

In the CALCE dataset, this pattern reverses, with TCN
weight  positively  correlated  with  SOH  (r =  +0.89)  and
Transformer  weight  negatively  correlated  (r = −0.82),
reflecting  dynamic  weight  redistribution  across  different
lifecycle stages.

In  the  Oxford  dataset,  the  reversal  intensifies,  with
TCN-SOH  correlation  reaching  +0.91  and  Transformer-
SOH  correlation  strengthening  to −0.94,  displaying  the
most extreme collaborative differentiation.

The  trends  demonstrate  that  the  model  capability
adjusts fusion strategies according to data characteristics,
providing  targeted  local-global  feature  extraction
mechanisms  for  accurate  SOH  prediction  under  diverse
application conditions.

 5.4    Cross-battery transfer learning

To  evaluate  the  generalization  ability  of  the  proposed
SOH  estimation  method  across  battery  chemistries,
transfer  learning  experiments  were  conducted  to
systematically  assess  model  performance  changes  under
cross-battery-domain  training  and  parameter  adaptation,
leveraging  feature  distribution  adaptation  alignment  to
address  inherent  electrochemical  differences  across
battery  chemistries  through  a  hierarchical  transfer
learning strategy.

 5.4.1    Transfer learning methodology

The  proposed  strategy  employs  a  hierarchical  approach
where  low-level  feature  extractors  capture  universal
temporal  patterns,  while  high-level  classifiers  learn
domain-specific  mappings.  The  method  freezes  the  first
N  layers  to  preserve  universal  representations,  and  fine-
tunes subsequent layers using 30% of target domain data.
Optimal  frozen-layer  configurations  are  empirically
determined:  6  layers  for  CX2-3  dataset  and  5  layers  for
the  Oxford  dataset  (Figs. 8(b)  and 8(d)),  reflecting
variations  in  feature  distribution  similarity  between
source and target domains.

 5.4.2    Cross-domain feature distribution analysis

Voltage  feature  space  analysis  reveals  significant
electrochemical differences across datasets: MIT exhibits
a  positive  linear  slope  (K =  0.986),  whereas  CALCE
and  Oxford  show  negative  slopes  (K = −0.958  and
K = −0.985, respectively). These differences produce sign
reversals  in  the ΔQ(V)  versus Q(V)2 relationship
and  distinct  statistical  baselines  for σΔQ and σδΔQ.
Despite  these  variations,  all  four  extracted  features
maintain  strong  correlation  with  SOH  (r >  0.95)  across

  

 
Fig. 7    Attention weight distribution analysis.

(a) MIT dataset; (b) CX2-3 dataset; (c) Oxford dataset.
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datasets,  confirming  their  universal  relevance  as  health
indicators.

 5.4.3    Transfer performance and analysis

Cross-domain  results  demonstrate  the  reasonable  cross-
chemistry  generalization  potential.  For  MIT→CX2-3,
MAE increases from 0.44% to 1.11% (R2 = 0.974), while
MIT→Oxford  exhibits  MAE  increase  from  0.48% to
0.79% (R2 = 0.975). The performance reduction primarily
stems from inherent feature distribution differences rather
than  methodological  limitations,  as  evidenced  by  the
preserved  high  feature-SOH  correlations.  This  approach
offers  material-agnostic  design  applicable  to  scenarios
lacking  detailed  electrochemical  parameters,  although
some  cross-chemistry  performance  degradation  remains

inevitable  due  to  fundamental  material  behavioral
differences (Table 5).
 
 

Table 5    Cross-cell type transfer learning results

Source → Target MAE/% RMSE/% R2

MIT → CX2-3 1.11 1.58 0.974

MIT → Oxford_Cell8 0.79 1.01 0.975
 

 

6    Conclusion and future work

This  paper  presents  a  parallel  TCN-Transformer  hybrid
architecture for lithium-ion battery SOH estimation under
dynamic  operating  conditions.  The  key  contributions
include:

  

 
Fig. 8    Transfer learning results across battery types.

(a)–(b) CX2-3 dataset; (c)–(d) Oxford dataset.
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1) Dynamic feature extraction framework: Four highly
correlated health features (correlation > 0.95) are derived
from irregular  discharge  patterns  using  dual  polarization
modeling  and  standardized  voltage  segmentation,
enabling accurate representation of battery degradation.

2) Parallel  deep learning architecture:  The architecture
synergistically  combines  TCN’s  multi-scale  temporal
pattern  recognition  with  Transformer’s  global
dependency modeling, capturing both local and long-term
degradation patterns.

3) Attention-gated fusion mechanism: Adaptive feature
integration  is  achieved  through  attention-based,  with
systematic  weight  evolution  demonstrating  the  model’s
capability to prioritize targeted features.

Experimental  validation  across  MIT,  CALCE,  and
Oxford datasets confirms the superior performance of the
proposed  method,  achieving  RMSE  below  1% in  all
cases. The maximum MAE is only 0.48% and maximum
RMSE  is  only  0.68%,  representing  substantial  improve-
ments  over  conventional  approaches.  Attention  weight
analysis  reveals  correlations  with  aging  mechanisms,
providing  interpretability  for  model  decisions  through
systematic  transformation  from global  dominance  (MIT:
93.84% Transformer  weight)  toward  local-global
collaborative  modeling  (Oxford:  54.79% TCN  weight),
consistent with battery aging mechanisms.

The  feature  extraction  framework  proposed  herein  is
designed for  direct  integration  into  electric  vehicle  (EV)
battery  management  systems  (BMS).  While  the  four
extracted  health  features  consistently  exhibit  high
correlation  (>  0.95)  with  SOH  across  the  three  studied
datasets  (MIT,  CALCE,  Oxford),  further  validation  is
required to confirm applicability across all EV scenarios.
The  current  study  focuses  on  LFP  and  LCO  battery
chemistries.  Future  work  should  extend  validation  to
NCM  ternary  batteries,  which  dominate  modern  EV
applications  and  exhibit  distinct  aging  mechanisms  that
may  affect  feature  extraction  and  model  performance.
Additionally,  investigation  of  multi-cell  battery  pack
health  assessment  and  extreme-temperature  operation
will  further  enhance  practical  applicability  for  next-
generation ESSs.

Overall,  the  proposed  methodology  provides  a  high-
accuracy,  interpretable  framework  for  battery  health
monitoring  in  dynamic  environments,  offering  a  robust
foundation for intelligent BMS implementation.
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