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Abstract— Lithium-ion batteries (LiBs) have become the 

leading energy storage technology for electric vehicle 

applications due to their high energy density and compact size. 

To improve operational efficiency and ensure safe operation, 

battery management systems (BMSs) monitor battery health. 

However, accurately diagnosing and predicting the State of 

Health (SOH) remains a significant challenge. Although purely 

data-driven methods have shown high predictive accuracy, they 

often lack physical interpretability and fail to explain 

underlying electrochemical degradation mechanisms. This 

study introduces a long short-term memory (LSTM) framework 

integrated with electrochemical impedance spectroscopy (EIS) 

data to achieve both high prediction accuracy and deeper 

mechanistic understanding. Nyquist plots obtained from EIS 

were fitted using an equivalent circuit model (ECM) to extract 

physical parameters, including ohmic resistance, electrolyte 

resistance, charge-transfer resistance, and the Warburg 

coefficient. These features, along with capacity, were used as 

inputs for the LSTM model. The model was trained and 

validated using SOH labels derived from capacity 

measurements of four commercial pouch cell NMC lithium-ion 

batteries with a nominal reversible capacity of 2 Ah. Validation 

was conducted on an additional cell over 100 aggressive 

continuous charge–discharge cycles at 2.5 C and 100% Depth of 

Discharge. Analytical results using Pearson correlation and 

feature-importance algorithms identified the Warburg 

impedance (Rw) as the key parameter for early capacity fade, 

reflecting obstructed solid-state diffusion due to severe 

structural strain. Conversely, charge-transfer resistance (Rct) 

showed a positive correlation indicative of a temporary cell 

activation and deep electrolyte wetting phase. The proposed 

EIS-driven framework effectively bridges the gap between 

predictive accuracy and physical interpretability, offering a 

practical and reliable approach for next-generation BMS 

applications.  

Keywords—Lithium-ion battery, State-of-Health Estimation, 

Electrochemical Impedance Spectroscopy, Equivalent Circuit 
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I. INTRODUCTION

The electrification of the transportation sector is a critical 
strategy for mitigating global carbon emissions, with the 
Electric Vehicle (EV) emerging as a primary solution. The 
core component of an EV powertrain system is the lithium-ion 
battery (LIB), whose performance, longevity, and safety are 
regulated by a Battery Management System (BMS). A crucial 
function of BMS is to estimate the State-of-Health (SOH), a 
metric that represents the battery’s remaining useful capacity 
relative to its initial state. For automotive applications, LIBs 
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are generally considered to have reached the end of life (EOL) 
when SOH degrades to 70-80% [1]. 

Battery degradation is a complex phenomenon driven by 
various electrochemical mechanisms, including low-
temperature operation, high C-rate cycling, electrolyte 
decomposition, and mechanical stress. In Nickel Manganese 
Cobalt (NMC) LIBs, the capacity fade is primarily attributed 
to the growth of solid electrolyte interfaces (SEIs), lithium 
plating, electrode decomposition, and active material 
fracturing. Collectively, these mechanisms lead to an increase 
in internal resistance and a corresponding fade in capacity ]2[. 

Currently, there are three main approaches to diagnosing 

battery health and predicting SOH. First, state-of-the-art 

spectroscopic techniques, such as X-ray absorption 

spectroscopy (XAS), utilize synchrotron radiation to probe 

local atomic structures and element-specific oxidation state 

[3, 5]. Furthermore, imaging techniques such as 2D-XAS 

Imaging and Computed Tomography XAS enable 

visualization of the temporal and spatial distribution and 

morphological changes within electrode materials [7]. While 

these methods provide exceptional localized diagnostic 

precision for phenomena such as particle cracking and 

heterogeneous state-of-charge distributions, they require 

large-scale facilities and complex offline analysis. 

Consequently, they remain impractical for real-time onboard 

implementation in commercial BMS applications. 

Secondly, model-based methods typically use 

electrochemical impedance spectroscopy (EIS) to estimate 

the parameters of equivalent circuit models (ECMs). These 

models extract parameters such as charge-transfer resistance 

(Rct) and double-layer capacitance (Cdl) to reflect internal 

physicochemical states [8, 9]. While ECMs offer excellent 

physical interpretability, they struggle to accurately replicate 

the highly non-linear dynamic behavior of LIBs under 

aggressive load profiles without incurring high 

computational cost [10-12]. Conversely, simplified models, 

such as the Single Particle Model [13], reduce the 

computational burden but often sacrifice predictive accuracy. 

Finally, data-driven methods have rapidly become the 

leading approach to battery health estimation, propelled by 

advances in artificial intelligence and computational power. 

Deep learning models, particularly Recurrent Neural 

Networks (RNNs) and Long Short-Term Memory (LSTM) 

networks, are highly effective at capturing complex, 

nonlinear electrochemical behaviors without requiring 

explicitly defined physical parameters. However, these 
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models suffer from the black box problem. By translating 

inputs into outputs via hidden layers that lack physical 

meaning, purely data-driven models often fail to reveal the 

root causes of degradation, raising reliability concerns for 

safety-critical BMS applications [14-16] 
To address the trade-off between physical interpretability 

and predictive accuracy, this study proposes a Hybrid ECM-
integrated LSTM framework. This approach utilizes an EIS-
based ECM to extract physics-informed features, i.e., changes 
in internal resistance that correlate with physical degradation 
mechanisms. These extracted features serve as inputs for the 
LSTM network, which is inherently designed to capture long-
term dependencies in time-series data [17-19]. Unlike 
previous hybrid studies [20-22] that prioritized computational 
efficiency, this framework integrates the mechanistic 
diagnostic capabilities of ECMs with the non-linear predictive 
power of deep learning, offering a robust and interpretable 
solution for real-time SOH estimation.  

II. METHODOLOGY

A. Experimental setup

This study used five commercial pouch-cell-type NMC-
based LIBs, each with a measured nominal capacity of 
approximately 2 Ah. To accelerate degradation mechanisms, 
the cells were subjected to 100 aggressive charge-discharge 
cycles using a potentiostat/galvanostat (BioLogic VSP-3e) 
with a current booster (BioLogic VMP3B-5). The cycling 
protocol applied a continuous current of 5 A, corresponding to 
a 2.5 C-rate, over the voltage range of 3.0-4.2V. Specifically, 
the discharge phase utilized a Constant Current-Constant 
Voltage (CC-CV) profile, discharging the cell to 3.0 V and 
holding at this voltage until the current tapered below 1 mA, 
ensuring a strict 100% Depth of Discharge (DOD). At the end 
of charging and discharging processes, EIS was employed as 
detailed in Table 1. The continuous capacity fade observed 
across the 100 cycles served as the primary indicator of 
degradation, which was subsequently quantified to determine 
the SOH of the cells as expressed in (1)

����%� =  	
	�  × 100 (1) 

where 	
  is the remaining capacity, and 	�  is the initial
capacity.  

TABLE I. EXPERIMENTAL CONDITION SETTINGS 

State 
Experimental condition setting 

Procedure limits T (℃) 

1 Rest time 5 min 

25℃
2 EIS 10 mV from 10kHz to 10mHz 15 min 

3 Rest time 5 min 

4 
CC-CV charge(I= 5 A, Cut-off voltage 
=4.2V, I_limit=1 mA)

3V to 4.2V 

5 Rest time 30 min 

6 EIS 10 mV from 10kHz to 10mHz 15 min 

7 Rest time 30 min 

8 
CC-CV discharge (I=5 A,Cut-off 

Voltage=3.0 V, I_limit = 1 mA) 
4.2V to 3V 

B. Equivalent Circuit model

To extract the internal resistance value, the Nyquist plots
obtained from EIS measurement were fitted to an equivalent 
circuit model (ECM) as shown in Fig. 1. The curve fitting 
process extracted physical parameters, including ohmic 
resistance (��), solid electrolyte interphase resistance (��),
charge-transfer resistance (��� ) and Warburg resistance for
Li-ion diffusion ( �� ). The impedance of the battery,���� ���, is represented as a function of frequency ��� by the
equation (2) 

Fig. 1. The equivalent circuit model in this study 

����  ��� = �� + ��1 + ����������+ ���1 + ��������� �� + �!"#$ℎ&��'&��'
(2) 

where ��, ��  represents the pseudo-capacitance of
electrolyte interphase and electrode surface, respectively, * is
the degree of non-ideality in the electrical response, and ' is
the Warburg coefficient.  

C. ECM Validation

To evaluate the predictive performance of ECM curve
fitting, the coefficient of determination (�+) and the root mean
square error (RMSE) were calculated as expressed in (3) and 
(4), respectively. 

�+ = 1 − ∑ �./ − . 0 �+1/23∑ �./ − .4�+1/23 (3) 

�5�6 =  718 9�./ − . 0 �+1
/23 (4) 

where n is the number of parameters, ./  are the actual values,. 0  are the predicted values, and .4 is the mean of the actual
values.  

Furthermore, a Pearson correlation analysis was employed 
to quantify the relationship between extracted resistance 
parameters and SOH over 100 cycles. The Pearson correlation 
coefficient (:� is :calculated as (5).

: = ∑�;/ − ;̅��./ − .4�&∑�;/ − ;̅�+ ∑�./ − .4�+ (5)
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where ;/ is fitting resistance, ./  is SOH, ;̅ is the average of 

fitting resistance, and .4 is the average of SOH. To determine 

the confidence interval (CI) for r, Fisher’s transformation was 

applied to address the asymmetry of the probability 

distribution as r is bounded between -1 and 1. The 

transformation (F) and standard error (SE) are defined as (6), 

and (7), respectively. 

 
 = =  12 ln �1 + :1 − :� (6) 

 �6 = 1√8 − 3 (7) 

 

The 95% CI is then calculated using the Z-score for the 95% 

confidence interval, as given in (8). 

 
 	C = = ± � × �6 (8) 

D. Long Short-Term Memory (LSTM) Model Design  

For the LSTM model development, the key resistance 
parameters (�� , �� , ��� ,�!) extracted from the ECM were 
selected as input features. Based on the hypothesis that these 
resistance parameters are inversely related to electrochemical 
characteristics, battery capacity (C) was incorporated as an 
additional input feature to maintain balance in the LSTM 
model, with SOH designated as the target output. The dataset 
was divided into two subsets: data from four cells (cells 1-4) 
were used for training, and data from the fifth cell (Cell 5) 
were reserved for testing. 

 

Fig. 2. LSTM architecture 

The LSTM architecture processes data through three 
distinct gates, i.e., the forget gate (E�), the input gate (F�), and 
the output gate (#�) as shown in Fig. 2. The gate operations are 
defined by (9)-(11). 

   E�  = '�GH ∗ Jℎ�K3, ;�L + MH (9) 

 F�  = '�G/ ∗ Jℎ�K3, ;�L + M/  (10) 

 #�  = '�GN ∗ Jℎ�K3, ;�L + MN (11) 

where '  represents the sigmoid activation function, which 
outputs values between 0 and 1. GH, G/ , and GN denote the 

weight matrices for the forget, input, and output gates, 
respectively, while MH , M/ , and MNare the corresponding bias 

vectors for each gate. The term Jℎ�K3, ;�L represents the 
concatenation of the previous hidden state and the current 
input feature vector. 

The forget gate determines which information from the 
previous cell state to discard, the input gate decides which new 
information to store, and the output gate determines the next 
hidden state based on the updated cell state. To avoid the 
vanishing gradient problem, the model employed a Rectified 
Linear Unit (ReLU) activation function for the cell state 
updates as expressed in (12)-(14). 

 	�O  = �PQR�G� ∗ Jℎ�K3, ;�L + M�� (12) 

 	�  = E� ∗ 	�K3 + F� ∗ 	�O  (13) 

  ℎ�   = #� ∗ �PQR�	�� (14) 

where 	�O  is the candidate cell state containing new 
information, 	� and 	�K3  are the current and previously cell 
states,  ℎ� is the hidden cell state of the current input. 

 

 

Fig. 3. Many-to-one structure of LSTM 

The model was designed with a many-to-one architecture, 
as illustrated in Fig 3. It consists of a single LSTM hidden 
layer containing 50 hidden units. To prevent overfitting during 
training, a dropout layer with a rate of 0.5 (50%) is applied 
immediately after the LSTM layer. The signal is then passed 
to a dense layer with a single output node to predict battery 
capacity, which is subsequently converted to SOH. The model 
is optimized using the Adaptive Moment Estimation (Adam) 
optimizer with a learning rate of 0.0005, processing the input 
time-series data through a time-step window of 30 cycles 
(sequence length = 30). 

 

 
Fig. 4. Overall framework of LSTM modeling and feature importance. 
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E.  Model Evaluation and Feature Importance 

The predictive performance of the LSTM model was 
quantitatively evaluated using RMSE, as (4), and mean 
absolute error (MAE) as expressed in (15) 

 

To interpret the model’s decision-making process, a 
feature-importance algorithm was developed to identify the 
most impactful resistance feature for Cell 5. The algorithm 
consists of the following steps: 

1. Calculate RMSE baseline: the RMSE derived from the 

prediction validation is established as the reference 

baseline. 

2. Model Shuffle: the sequence of each resistance 

parameter is randomly shuffled one at a time with 50 

iterations per parameter, and RMSE is recalculated for 

each instance. 

3. Confidence interval of RMSE: The recalculated 50 

RMSE values for each parameter are used to calculate 

the 95% CI (16). 

 

 	C = �5�644444444 ± � × �S√8 (16) 

 

where �5�644444444 is the average of RMSE, Z is the Z-score for CI 

95%, i.e., a constant value of 1.96 in this case, SD is the 

standard deviation of RMSE, and n is the number of random 

shuffles (n = 50). 

4. Determine the Logic Direction: The model is evaluated 

by slightly increasing a feature’s value to observe 

whether the predicted SOH responds positively or 

negatively. 
The overall framework of the proposed SOH estimation 

system is illustrated in Fig. 4. 

III. RESULTS AND DISCUSSION 

A. Pearson Correlation Analysis 

The Pearson correlation method was utilized to establish 
the relationship between the extracted ECM’s resistance 
parameters and SOH over 100 cycles, evaluated at a 95% CI, 
95% as shown in Fig. 5. The results, represented by a 
combination bar chart and error bars, indicate distinct positive 
(red bar) and negative (green bar) correlations across two 
axes. As anticipated, the battery capacity exhibited a positive 
correlation with SOH, consistent with capacity decreasing 
with SOH per cycle. Among the internal resistance 
parameters, the charge-transfer resistance ( ��� ) uniquely 
demonstrated a positive correlation. Conversely, the Warburg 
diffusion resistance ( �! ), solid electrolyte interphase 
resistance ( �� ), and ohmic resistance ( �� ) all exhibited 
negative correlations. 

When evaluating parameter importance using the average 
Pearson correlation coefficient (r), the strongest negative 
correlation interval was identified as [-0.668 ± 0.119]. This 
was followed by �� at [-0.454 ± 0.1725] and �� at [-0.366 ± 

0.189]. The positive correlation for ��� was measured at 
[0.379 ± 0.187]. 

 

 
Fig. 5. Pearson correlation of each resistance obtained from ECM at 95% 

Confidence Interval. 

B.  LSTM Model Prediction Performance 

The predictive performance of the LSTM was assessed by 
comparing predicted SOH with actual SOH across the tested 
cycles. The red dashed line showed that the predicted values 
closely followed the actual SOH trend (blue scatter dot), 
effectively capturing the gradual degradation as the cycle 
count increased, as illustrated in Fig. 6. The overall prediction 
accuracy of the model was quantitatively validated, achieving 
an RMSE of 1.151% and an MAE of 0.875%. This established 
RMSE was subsequently used as the baseline reference for the 
feature-importance processing algorithm. 

 

Fig. 6. LSTM predicted SOH vs. actual SOH. 

  

Fig. 7. Important resistance parameter and its correlation with the SOH 

prediction of cell 5 at 95% confidence interval. 

 5T6 =  18 9|./ − . 0 |1
/23  (15) 
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C. Feature Importance of Impedance Parameters 

A feature importance algorithm was implemented to 
identify the specific impact of each resistance parameter on 
the model’s predictive accuracy, using the 95% RMSE CI. 
Fig. 7 shows the importance and correlation of each resistance 
parameter on SOH prediction. The red and green bars 
represent the positive and negative correlation, respectively. 
The error bar on each bar chart indicates the average RMSE 
and the 95% CI bounds. It is shown that parameters that result 
in RMSE above the baseline of 1.151% are considered highly 
impactful, whereas those below the baseline indicate a weaker 
influence on the model’s decision-making. The feature 
importance analysis aligned with the directional relationship 
identified in the Pearson correlation, confirming that capacity 
and ���  maintained positive correlations, while �! , �� , and ��  exhibited negative correlations. In terms of predictive 
importance, capacity proved to be the most critical feature, 
yielding an RMSE [ 1.153 ± 0.0006]. Among the impedance 
parameters, �! was the most impactful, yielding an RMSE of 
[1.152 ± 0.0004]. The ���  parameter sat squarely at the 
baseline with an RMSE of [1.151±0.0006]. In contrast,  �� 
they ��  fell below the baseline, recording RMSE values of 
[1.15±0.0001] and [1.143 ±0.0004], respectively. Ultimately, 
the LSTM-derived feature importance successfully mirrored 
the Pearson correlation results, mutually validating �! as the 
most significant parameter.  

D. Degradation mechanism diagnosis 

To interpret these data-driven findings physically, a 
diagnosis of the degradation mechanism was conducted. This 
approach maps the relationship between resistance parameters 
and specific electrochemical degradation pathways, as 
established in the literature (Fig. 8), providing critical insights 
into the degradation behavior of Cell 5 during its initial 100 
cycles. 

Starting with the ��  parameter, it exhibited the weakest 
negative correlation and the lowest predictive importance in 
the LSTM model. This suggests that severe macroscopic 
degradation, such as extensive active material isolation 
(contact loss) or massive electrolyte dry-out, has not yet 
predominantly manifested at this early stage of battery 
cycling, during the first 100 cycles. The ��  parameter 
demonstrated a slightly higher, yet still moderate impact 
compared to ��. This indicates that while standard SEI layer 
thickening and potentially mild lithium plating were occurring 
due to the aggressively high C-rate, they are not the primary 
drivers of capacity fade. 

Significantly, �!emerged as the most critical degradation 
factor, demonstrating both the strongest negative correlation 
and the highest feature importance. This highlights the severe 
impact of the 100% DOD and 2.5 C-rate cycling conditions. 
Such aggressive lithium-ion extraction and insertion could 
induce structural strain and a drastic phase transition in the 
active electrode materials. Consequently, solid-state diffusion 
of lithium ions was strongly hindered, confirming �! as the 
primary mechanism behind early capacity loss [2, 8]. 

Finally, ���  showed an anomalous positive correlation, 
indicating that charge-transfer resistance decreased with 
declining SOH. While elevated temperatures can 
exponentially increase reaction kinetics, heat accumulation 
was confidently ruled out because the EIS measurements were 

consistently conducted at a controlled 25°C following a 
sufficient 30-minute rest period. Therefore, the phenomenon 
is best explained by cell activation and the deep electrolyte 
wetting phase. The continuous, extreme volume expansion 
and contraction – often referred to as electrode breathing - 
caused by 100% DOD cycling forces the electrolyte to 
penetrate deeper into the porous electrode structure. This deep 
penetration could expose fresh micro-cracks and previously 
inactive sites, temporarily increasing the electrochemically 
active surface area and resulting in a lowering ��� during the 
initial 100 cycles [8, 12]. 

 

 
 

Fig. 8. The degradation mechanism is affected by resistance 

CONCLUSION 

 This study presents a comprehensive diagnostic 

framework integrating Electrochemical Impedance 

Spectroscopy (EIS), Pearson correlation, and a Long Short-

Term Memory (LSTM) network to evaluate early-stage 

degradation in commercial NMC lithium-ion batteries under 

aggressive cycling conditions. By bridging the gap between 

data-driven models and electrochemical behavior, the results 

identify Warburg impedance (�!) as the dominant parameter 

governing early capacity fade (r = −0.668 ± 0.119), 

confirming that severe structural strain impedes solid-state 

lithium diffusion. In contrast, the charge transfer resistance 

(��� ) exhibits a positive correlation (r = 0.379 ± 0.187), 

attributed to an activation phase in which electrode volume 

expansion enhances electrolyte penetration and interfacial 

kinetics. The minimal predictive contribution of �N and �� indicates that macroscopic material isolation and severe 

electrolyte dry-out have not yet developed at this stage. 
While this explainable AI framework offers a solid 

foundation for advanced Battery Management Systems 
(BMS), implementing real-time EIS- and ECM-based curve 
fitting in electric vehicles (EVs) entails practical hurdles, 
including high computational demands and inverter-induced 
signal noise. These challenges could be addressed by 
performing scheduling analysis during idle charging times or 
by using pre-computed lookup tables. Additionally, since 
validation in this study relies on continuous cycling data with 
SoH values around 92.5%, the diagnostic reliability may vary 
in real-world scenarios with intermittent data collection. As 
degradation mechanisms are expected to change as the battery 
approaches its automotive End of Life (EOL) threshold (70–
80% SoH), future work will expand experimental protocols to 
track these transitions and assess the framework's robustness 
up to EOL.  
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