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Abstract—Electrochemical impedance spectroscopy
(EIS) holds significant potential for evaluating battery
degradation. However, EIS readings are not only affected
by battery degradation but also by the state of charge
(SOC). Traditional models for estimating battery capacity
rely on impedances measured at specific SOC points,
and thus can suffer from substantial inaccuracies when
SOC estimation errors occur. To tackle this challenge,
we propose a novel partial-range SOC-insensitive model
for precise battery capacity estimation using transformer
neural networks complemented by an EIS change pattern
model based on the k-nearest neighbors (KNN) algorithm.
To the best of our knowledge, this is the first study
to develop an EIS-based battery capacity model that
considers incorrect SOC scenarios. Test results show
that our partial-range SOC-insensitive model can estimate
battery capacity with a root-mean-square percentage
error of 2.69%, even with a 30% SOC error, within the
SOC range of 20% to 50%. Adding the EIS change pattern
recognition model further improves the performance of
the partial-range SOC-insensitive model, reducing the
maximum absolute percentage error from 19% to less than
3% in scenarios involving 50% to 70% SOC error during
battery cell testing.

Index Terms—Capacity estimation, electrochemical
impedance spectroscopy (EIS) change pattern recognition,
k-nearest neighbor (KNN), li-ion battery, state of charge
(SOC)-insensitive, transformer.
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I. INTRODUCTION

L
ITHIUM-ION batteries play an important role in the elec-

trification of transportation. To guarantee the safety of

the battery cell, battery management systems (BMS) are used

with various functions, such as state of health (SOH) estimation

[1], state of charge (SOC) and state of power (SOP) estima-

tion [2], [3], and remaining useful life (RUL) prediction [4].

However, the efficacy of all these fundamental functions of the

BMS hinges on precise battery capacity estimation. Hence, it is

imperative to adopt advanced detection devices to acquire data

reflecting the battery’s internal state.

Next to conventional data derived from voltage, current, and

temperature sensors, onboard electrochemical impedance spec-

troscopy (EIS) devices are regarded as a technology holding

significant promise for enhancing battery degradation estima-

tion. EIS captures impedance across a broad frequency spec-

trum and is recognized for its ability to provide comprehensive

insights into material properties, interfacial phenomena, and

electrochemical reactions [5] corresponding to battery degra-

dation. Onboard EIS can be realized in several ways, such

as through power converters such as the dc-dc converter in

onboard chargers [6], the inverter within motor drivers [7],

through dedicated smart integrated circuits [8], or by predicting

EIS from pulse tests [9]. Whilst these methods are not yet fully

applicable to vehicles, offline EIS remains a valuable reference

and foundation for ongoing research.

Data-driven methods hold promise for battery capacity and

aging estimation as they enable nonlinear mapping between

measurement data and battery capacity without relying on an

accurate physical or equivalent circuit model (ECM). Various

methods can be used for this task: Gaussian process regression

(GPR) and support vector machines (SVM) are easy to imple-

ment but struggle with large datasets [10], [11]. Convolutional

neural networks (CNN) can automatically extract features and

estimate battery capacity but are less suited for capacity predic-

tion [12]. Long short-term memory (LSTM) networks can per-

form both battery capacity estimation and prediction, but they

suffer from limitations such as long-term dependency issues

and lack of parallel training [13]. In contrast, transformers are

very promising for battery capacity estimation and prediction,

as they address long-term dependency challenges and improve
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Fig. 1. Architecture of the proposed method. First, if the estimated SOC falls within the 20% to 50% range during the current cycle, Zt is obtained
and used as input for the EIS change pattern model. Otherwise, continue real-time monitoring of the estimated SOC in subsequent cycles until it
falls within the 20% to 50% range, after which the EIS spectrum is measured and considered as Zt. Second, if the change in Zt is caused by the
battery aging compared with Zt−1, then Zt is used as input for the partial-range SOC-insensitive model. Otherwise, the change in Zt is influenced
by an incorrect estimated SOC when compared with Zt−1, and Zt cannot be used as input for partial-range SOC-insensitive model. The model
should then wait until the change in Zt is caused solely by battery aging, relative to Zt−1. Finally, obtain the estimated battery capacity.

training speed via their multihead attention architecture. The in-

put to data-driven methods for battery capacity estimation con-

sists of features that are highly related to battery aging [14].

This can be EIS features such as fixed frequency impedance,

which utilizes impedance at specific frequencies such as 2.16

and 17.80 Hz [10] or broadband frequency, which employs

impedance ranging from 0.02 to 20 kHz [15]. An alternative

is the ECM approach, where EIS-based parameters from the

fractional-order ECM serve as features [16].

The aforementioned features serve as inputs to machine

learning models for battery capacity estimation. However, most

of these features are extracted, and models are trained at

a single SOC. For example, GPR models have been devel-

oped based on impedance measured at 0% SOC, and 100%

SOC, respectively [17]. In [18], two generative adversarial

network (GAN) models are developed based on impedance

measured at 33% SOC and 100% SOC, respectively. A CNN

model is developed based on impedance measured at 100%

SOC [19]. All these models rely on impedances measured

at specific SOC, making them dependent on accurate SOC

determination.

Prior research has investigated how SOC influences EIS,

presenting various polynomial regression models of different

order for ohmic resistance, interface resistance, charge transfer

resistance, and diffusion resistance [20]. For nickel–cobalt–

aluminium (NCA) batteries, ohmic and interface resistances

appear to be minimally impacted by SOC, while charge transfer

resistance and diffusion resistance demonstrate notable SOC

dependence [21]. Similar results in LiFePO4 (LFP) batteries

indicate that the first semicircle in the impedance shows no

significant SOC dependency, but the second semi-circle is

notably affected by SOC [22], [23]. This SOC influence on

EIS impedance commonly used for battery capacity estimation

highlights the necessity of incorporating SOC in the battery

capacity estimation process. Conventional approaches exploit-

ing features from middle and low-frequency impedance have

considerable inaccuracies in battery capacity estimation when

the BMS’s SOC estimation flaws.

The precision of SOC estimation was notably enhanced

through the recent adoption of advanced adaptive filter methods

[24], with SOC errors remaining below 3% in various applica-

tion scenarios. Nevertheless, specific circumstances can still re-

sult in considerable SOC inaccuracies. Hardware malfunctions

in the electrically erasable programmable read-only memory

(EEPROM) may prevent the preservation of SOC values. Upon

BMS reactivation, an incorrect SOC value is utilized, leading

to significant SOC errors. Substantial SOC discrepancies also

occur when the BMS experiences an unexpected power sup-

ply disconnection, preventing the completion of the standard

power-off procedure and the saving of SOC to the EEPROM

[25]. The third scenario pertains to long-term, low-current bat-

tery discharge, where errors in the current sensing circuit can

yield substantial SOC discrepancies [26]. Given the potential

significant impact of these SOC errors, it is imperative to de-

velop battery capacity estimation models that are insensitive to

SOC estimation errors.

To mitigate the influence of SOC errors on battery capacity

estimation accuracy, we first select impedance features that have

a high correlation with battery aging and are insensitive to

the partial SOC range, as determined by feature consistency

analysis across different SOCs, which concluded that there is

minimal difference in impedance within the 20% to 50% SOC

range. This leads to the development of the partial-range SOC-

insensitive model using a transformer neural network. How-

ever, this model cannot handle scenarios where significant SOC

errors occur; in such cases, the impedance measured under

large SOC errors cannot be used as inputs for the partial-range

SOC-insensitive model. To address this limitation, we develop

a model that can recognize whether changes in EIS are caused

by large SOC errors, leading to the development of the EIS

change pattern model using k-nearest neighbors (KNN). This

model can filter out impedance changes caused by incorrect

SOC, ensuring that the partial-range SOC-insensitive model

remains unaffected by large SOC errors. The implementation

process of the proposed models is illustrated in Fig. 1. In this

figure, Zt−1 and Zt represent the partial-range SOC-insensitive

features from the previous measurement and the current cycle’s

measurement, respectively. The interval between the two mea-

surements spans 50 cycles, as battery aging is a gradual process.

After 50 cycles from the Zt−1 measurement, the process of
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Fig. 2. Experimental setup.

obtaining Zt and estimating capacity is carried out. To the best

of our knowledge, this is the first study to realize EIS-based

battery capacity estimation considering the multi-SOC analysis.

The article makes the following contributions:

1) Introduction of a partial-range SOC-insensitive model,

realized through the transformer model and incorporating

a novel projector layer, enables accurate battery capacity

estimation within the 20% to 50% SOC range.

2) Proposal of an EIS change pattern recognition model,

realized through the KNN model, capable of identifying

EIS alterations stemming from aging-based, SOC-based,

and SOC-aging-based patterns.

3) Introduction of a feature extraction methodology that can

extract features strongly correlated with battery aging,

maintains consistent performance across diverse battery

cells, and remains insensitive to partial SOC ranges.

The article is structured as follows: Section II presents the

battery dataset, while Section III elaborates on the feature ex-

traction process. Methodologies for capacity estimation and EIS

change pattern recognition are detailed in Section IV. Section V

presents the outcomes of capacity estimation, and finally, the

article concludes in Section VI.

II. BATTERY DATASETS

The dataset utilized in this study includes EIS and battery

capacity data obtained from four independent institutions, as

referenced [27]. All four institutions use the same battery, EIS

testing procedure, and a similar experimental setup to gener-

ate the dataset, as illustrated in Fig. 2. The battery studied is

the LiNi0.8Co0.1Mn0.1 (NMC 811) cell with a 18650 format

and a nominal capacity of 3000 mAh. EIS measurements are

conducted at six SOC levels: 20%, 35%, 50%, 65%, 80%, and

100%. The tests are performed at a temperature of 23 ◦C, with

a frequency range extending from 0.02 to 20 kHz, covering 61

different frequency points. To ensure the reliability of the EIS

data, a relaxation time of 30 min is maintained before each

measurement. Different aging conditions of battery cells are

used, such as aging temperature and depth of discharge (DoD),

as detailed in Table I. Additionally, the label of batteries and

the measurement equipment used by the four institutions are

different, see the details in Table II. Eight cells from Institution

1, labeled as C05, C06, C09, C10, C11, C13, C17, and C19, are

used for training and testing the models. Six cells from the other

three institutions, labeled as C07, C12, C01, C02, C03, and C04,

are used to verify the generality of the proposed models.

TABLE I
BATTERY AGING CONDITIONS (FROM [27])

Aging
Condition

Cycle
Temperature

DoD
Discharge and
Charge Current

Battery
Label

Condition 1 45◦C 0%-100% 4 A C01-C07
Condition 2 35◦C 0%-100% 4 A C09-C11
Condition 3 45◦C 25%-75% 4 A C13, C17, C19
Condition 4 45◦C 30%-100% 4 A C12

TABLE II
DIFFERENCES IN DATASET FROM FOUR INSTITUTIONS

Name of Institutions
Item PTB CMI LNE METAS

Location Germany Czech France Switzerland

Cycling
equipment

Modulab
MACCOR

BaSyTec
XCTS

BioLogic
MPG-205

MACCOR

EIS
equipment

Modulab
MACCOR

Zahner
Zennium

BioLogic
SP-200

BioLogic
MPG-205

Battery
Label

C05, C06, C09-
C13, C17, C19

C07
C12

C01
C02

C03
C04

Purpose Train and test models Verify the generality of the models

Fig. 3. EIS changes of cell C05 due to: (a) Battery aging; (b) SOC
variations.

Fig. 3(a) and 3(b) portrays the EIS curves of battery cell C05

showing the impedance changes due to both battery aging and

SOC variations. The figures demonstrate that EIS curves are

influenced by both battery aging and SOC. With battery aging,

the impedance at all frequencies escalates. As SOC increases,

particularly within the middle and high SOC range, the middle

and low-frequency components of impedance also increase.

However, there is minimal disparity in impedance across dif-

ferent SOC levels in the high-frequency segment.

III. EXTRACTING FEATURES FROM EIS DATA

The primary aim of feature extraction is to pinpoint the crit-

ical frequency components of EIS impedance that contain the

best information regarding battery aging. According to Fig. 4,

three steps are involved in extracting useful features. First,

correlation analysis is conducted to identify features strongly

correlated with battery aging. Next, feature consistency analysis

is performed across different battery cells to ensure that the

extracted feature values maintain high consistency at the same
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Fig. 4. Feature extraction methodology consists of three steps:
first, correlation analysis; second, assessing feature consistency
across different cells; and third, evaluating feature consistency across
different SOCs.

(a) (b) (c) (d) (e) (f)

(g) (h) (i) (j) (k) (l)

Fig. 5. Correlation analysis (ρ) results of broadband frequency
impedance measured at different SOCs for eight cells. (a)–(f) Correlation
analysis results of imaginary part impedance (ZIm). (g)–(l) Correlation
analysis results of real part impedance (ZRe). Analyses are conducted
at 20% SOC, 35% SOC, 50% SOC, 65% SOC, 80% SOC, and 100%
SOC, respectively.

battery capacity for various battery cells. Finally, a feature

consistency analysis is carried out across different SOC levels

to assess their sensitivity to SOC. High feature consistency

across different SOCs implies minimal impedance variation,

qualifying such features as SOC-insensitive over the range in

SOC considered.

A. Feature Correlation Analysis

The Pearson correlation coefficient (ρ) is utilized to assess

the correlation between impedance at different frequencies and

battery capacity. For feature extraction across various SOCs,

a correlation analysis is conducted on broadband frequency

impedance at specific SOC levels—20%, 35%, 50%, 65%,

80%, and 100%. Moreover, correlation analysis encompasses

both the imaginary and real parts of the impedance.

Fig. 5(a) shows that the EIS measurement at 20% SOC

reveals a strong positive correlation between the low and

(a) (b)

Fig. 6. Feature consistency (FC) analysis of broadband frequency
impedance for all cells as a function of SOC level. (a) ZIm. (b) ZRe.

middle-frequency portions of the imaginary impedance and

battery capacity across all eight battery cells. As the SOC

increases, as illustrated in Fig. 5(b)–5(f), it is evident that

only the middle-frequency section of the imaginary impedance

maintains a robust correlation with battery capacity. Con-

versely, Fig. 5(g)–5(l) depict a significant negative correlation

between the battery capacity and the low-, middle-, and very

high-frequency segments of real impedance across the eight

battery cells.

B. Feature Consistency Analysis for Different

Battery Cells

Feature consistency analysis is another important indicator

to assess feature quality [15]. A large value of the feature

consistency coefficient (FC) indicates good similarity of feature

values at the same battery capacity for different battery cells.

For the given kth feature, the FC is given by

FCk =

∑N−1

j=1

∑N−j

i=1

2σfki,fki+j

(f̄ki
− f̄ki+j

)2 + σ2
fki

+ σ2
fki+j

C2
N

(1)

where N is the total number of cells, i the ith cell, C2
N the total

number of N batteries arranged in pairs, fk the kth cell feature,

fki the kth feature of the ith cell with f̄ki
its average value, σ2

fki

the standard deviation of fki
, and σ2

fki+j
the covariance of fki

and fki+j
.

Referring to Fig. 6(a) and 6(b), it is evident that the middle-

frequency imaginary impedance exhibits higher feature consis-

tency at different SOCs for the eight battery cells compared

with the real impedance. Thus, only the imaginary impedance

will be considered as feature candidates. The high-frequency

impedance primarily reflects the characteristics of cell com-

ponents, including electrolytes, current collectors, separators,

and active material. This serves as the main distinguishing

factor between different cells [5], [20]. On the other hand, the

middle-frequency impedance is influenced by solid-electrolyte-

interphase (SEI) layers and charge transfer process, which are

relatively similar across all cells due to the comparable behavior

of the active material [28]. Consequently, the results of our

consistency analysis can be explained by the underlying elec-

trochemistry mechanisms.
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(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 7. Correlation analysis (FC) results of different features for eight
cells. (a) and (b) FC of ZIm and ZRe among 20% to 50% SOC, re-
spectively. (c) and (d) FC of ZIm and ZRe among 20% to 80% SOC,
respectively. (e) and (f) FC of ZIm and ZRe among 65% to 80% SOC,
respectively. (g) and (h) FC of ZIm and ZRe among 20% to 100% SOC,
respectively.

TABLE III
RESULTS OF FEATURES EXTRACTION ANALYSIS FROM THE EIS DATA FOR

BATTERY CAPACITY ESTIMATION

Diff Imaginary Part of Impedance (Ohm)
-erent

SOCs

Correlation
Analysis

Consistency
Analysis (for
Differ. Cells)

Consistency
Analysis (for
Differ. SOCs)

Result

20% Z(4-126 Hz) Z(5-20 Hz)
Z(5-20 Hz)

Z(5-20 Hz)
35% Z(5-159 Hz) Z(1-32 Hz) Z(5-20 Hz)
50% Z(5-126 Hz) Z(0.8-32 Hz) Z(5-20 Hz)
65% Z(5-159 Hz) Z(0.8-32 Hz)

Z(5-20 Hz)
Z(5-20 Hz)

80% Z(4-159 Hz) Z(0.8-20 Hz) Z(5-20 Hz)

100%
Z(0.1-0.4 Hz)
Z(40-80 Hz)

Z(1.6-3.2 Hz)
Z(3981-

10000 Hz)
/

C. Feature Consistency Analysis for Different SOCs

To identify the frequency of impedance that is insensitive

to SOC, feature consistency analysis for different SOCs is

conducted, considering four SOC clusters: feature consistency

among 20%, 35%, and 50% SOC; among 20% to 80% SOC;

among 20% to 100% SOC; and among 65% to 80% SOC.

Analysis results, as depicted in Fig. 7(a) and 7(b), reveal that

both middle and high-frequency parts of imaginary and real

impedance exhibit high consistency among 20%, 35%, and

50% SOC, designating them as SOC-insensitive features within

this range. However, with increasing SOC, Fig. 7(c) and 7(d)

indicate decreasing consistency in the middle-frequency parts

from 0.9 to 0.8. Meanwhile, Fig. 7(g) and 7(h) show that only

high-frequency parts maintain consistent behavior from 20%

SOC to 100% SOC.

D. Feature Extraction Results for Battery Capacity

Estimation

Table III shows the features extracted through correlation

analysis, consistency analysis for different battery cells, and

consistency analysis for different SOCs, with e.g. Z(5-20 Hz)

the imaginary impedance in the extracted features ranging from

5 to 20 Hz. Thus, the middle-frequency parts of impedance from

the imaginary are most promising: high correlation with battery

capacity, consistency across different cells, and insensitivity to

SOC within a specified range. Z(5–20 Hz) is thus considered

extracted features for the transformer neural network model of

battery capacity estimation.

E. Feature Analysis for EIS Change Pattern

Recognition

To distinguish between EIS changes caused by battery aging

and those caused by SOC changes, it is essential to identify

specific frequency parts of impedance as features to reflect

these two patterns. As shown in Fig. 3, it is evident that all

frequency parts of impedance are influenced by battery aging,

whereas only the middle and low-frequency parts of impedance

are affected by SOC. The different frequency ranges reflect the

electrochemical mechanisms behind the influence of SOC on

the EIS curve.

1) High-Frequency Parts: represent the sum of the ohmic

resistance of the current collector, active material, and

electrolyte. The influence of SOC on the ohmic resistance

of the battery is small [20].

2) First Semicircle Part: relates to the SEI layer, the inter-

face resistance varies slightly with SOC. This is because

the composition and performance of the SEI membrane

are highly dependent on the electrolyte composition. For

a fresh cell at a constant temperature, the SEI remains

relatively stable during the discharge process [20].

3) Second Semicircle Part: relates to the charge transfer

process, with the relationship between charge transfer

resistance (Rct) and potential given by [29]

Rct =
1

fFkoAC
0.5
O C0.5

R

(2)

CT = CO + CR (3)

where CO is the unoccupied intercalation sites, CR is the

concentration of Li ions, CT is the total concentration of

available intercalation sites. When CO approaches CT , or

when CR approaches CT , this results in a rapid change of

Rct. Hence, the second semi-circle part of impedance is

sensitive to SOC [30].

4) Low-Frequency Parts: relate to the diffusion resistance.

At high SOC, the diffusion resistance increases signif-

icantly, likely because the concentration gradient of re-

actants diminishes as the battery approaches the end of

charging. According to Fick’s first law, a decrease in

concentration gradient leads to a reduction in diffusion

velocity, which is observed as an increase in diffusion

resistance [20].

Based on this analysis, both the high and very low-frequency

parts of impedance, specifically from the real parts, are selected

as features for developing the EIS change pattern recognition

model. The low-frequency range of features spans from 0.020 to

0.040 Hz, while the high-frequency range is from 1995 to 3981

Hz. Since the above electrochemical mechanisms are universal

across different battery materials and are not related to battery
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Fig. 8. Transformer neural network architecture for capacity estimation.

capacity, the extracted features have the potential to be used for

batteries with various capacities and material systems.

IV. PROPOSED METHODOLOGY

The features extracted are utilized as inputs for data-driven

methods aimed at achieving battery capacity estimation and EIS

change pattern recognition. Typically, regression algorithms

are employed for estimation tasks, whereas classification algo-

rithms are utilized for pattern recognition tasks. In this study, we

employ the transformer neural network and the KNN algorithm

to accomplish these objectives.

A. Transformer Neural Network

The transformer neural network, widely used in natural lan-

guage processing and computer vision, tackles the long-term

dependency problem and additionally enhances training speed

through parallel processing, unlike conventional methods such

as LSTM, owing to its multihead attention architecture [31].

As a result, the transformer neural network can be utilized for

battery capacity estimation, as illustrated in Fig. 8.

The detailed transformer neural network implementation pro-

cess consists of six main steps. First, the input embedding

layer incorporates the extracted features as input. Second, the

positional encoding layer introduces positional encoding into

the output. Third, the encoder layer is realized through the mul-

tihead self-attention layer and the feed-forward layer. Fourth,

in comparison with traditional architectures, a novel projector

layer has been added, which integrates SOC information as

input to the decoder layer. Additionally, the decoder layer en-

compasses the masked multihead self-attention layer and cross-

attention layer. Finally, the ultimate output layer is capable of

furnishing the estimated battery capacity.

B. k-Nearest Neighbors

KNN is a supervised learning algorithm employed for clas-

sification. It determines the correct class for the test data by

computing the distance between the test data and all training

points [32]. The detailed implementation is as follows.

1) Set the parameter k, representing the number of neigh-

bors. In this article, k is set to 3 to balance the model’s

bias and variance.

2) Calculate the Euclidean distance between the test data

point and each training point.

3) Select the k neighbors to the test data point.

4) Predict the category of the test data point based on the

majority category of the neighbors.

V. RESULTS AND DISCUSSIONS

The estimation accuracy is quantified using root-mean-

square percentage error (RMSPE), maximum absolute error

(MAXE), and maximum absolute percentage error (MAXPE)

for each method.

A. Effectiveness of Extracted Features

The single SOC-based model is employed to assess the ef-

fectiveness of the extracted features. This model is constructed

based on features measured at a specific SOC point, such as

the 20% SOC-based model. In this model, the training input

comprises the extracted features Z(5–20 Hz) measured at the

20% SOC. Notably, the projector element of the Transformer

neural network architecture is not utilized for the single SOC-

based model, resulting in input features without SOC labels.

A total of five single SOC-based models are developed,

namely the 20% SOC-based model, 35% SOC-based model,

50% SOC-based model, 65% SOC-based model, and 80%

SOC-based model. Due to significant differences in impedance

between 100% SOC and other SOC levels, the 100% SOC-

based model is not studied. These models are constructed us-

ing extracted features Z(5–20 Hz) measured at the respective

SOC points: 20%, 35%, 50%, 65%, and 80%. The training is

conducted using data from four battery cells (C05, C06, C09,

and C10), and testing is performed on four other battery cells

(C11, C13, C17, and C19). To examine the influence of SOC

on these models, testing inputs include features measured at

various SOCs. For instance, a 20% SOC-based model is tested

with features from 20%, 35%, 50%, 65%, 80%, and 100% SOC.

Similar testing conditions are applied to the other models, with

results presented in Table IV.

For the 20% SOC-based model, when the input features are

measured at 20% SOC, the maximum RMSPE among C11,

C13, C17, and C19 is 2.17%. This indicates that the 20% SOC-

based model accurately estimates battery capacity when the

SOC of the testing battery cells is also 20%. Furthermore, when

the input features are measured at 35% SOC and 50% SOC,

the maximum RMSPE among the four testing battery cells is

2.18%. These findings demonstrate that the 20% SOC-based

model achieves accurate battery capacity estimation even when

the SOC of the testing battery cells differs from that of the
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TABLE IV
CAPACITY ESTIMATION RMSPE FOR DIFFERENT SINGLE SOC-BASED

TRANSFORMER MODELS

Inputs Single SOC-based Transformer Model

Features
at diff.

SOCs (Ohm)

Test
Cells

20%
SOC-
Based
Model

35%
SOC-
Based
Model

50%
SOC-
Based
Model

65%
SOC-
Based
Model

80%
SOC-
Based
Model

Z(5-20 Hz)
(20% SOC)

C11 2.17% 3.49% 2.81% 4.59% 5.39%
C13 1.60% 1.55% 1.80% 1.93% 3.37%
C17 1.58% 2.07% 2.15% 2.31% 0.67%
C19 1.02% 0.46% 0.41% 0.56% 2.12%

Z(5-20 Hz)
(35% SOC)

C11 2.11% 2.44% 2.52% 5.17% 5.17%
C13 1.14% 1.06% 1.36% 1.52% 3.15%
C17 1.08% 1.56% 1.68% 1.86% 0.41%
C19 1.51% 0.92% 0.73% 0.33% 2.39%

Z(5-20 Hz)
(50% SOC)

C11 2.18% 1.87% 1.96% 4.39% 4.36%
C13 0.46% 0.57% 0.97% 1.18% 2.73%
C17 1.65% 2.01% 1.97% 2.06% 0.26%
C19 0.74% 0.28% 0.15% 0.39% 1.86%

Z(5-20 Hz)
(65% SOC)

C11 2.99% 3.09% 2.75% 3.44% 3.63%
C13 0.28% 0.50% 0.71% 1.00% 2.46%
C17 1.82% 2.25% 2.06% 1.67% 0.40%
C19 1.14% 0.66% 0.61% 0.53% 1.64%

Z(5-20 Hz)
(80% SOC)

C11 5.28% 5.00% 4.78% 3.19% 2.15%
C13 2.26% 2.11% 1.53% 1.51% 1.32%
C17 3.46% 3.68% 3.33% 3.38% 1.46%
C19 1.68% 2.01% 1.62% 1.85% 0.34%

Z(5-20 Hz)
(100% SOC)

C11 11.27% 14.00% 15.30% 8.89% 9.15%
C13 11.67% 13.27% 17.34% 8.16% 7.24%
C17 12.93% 12.48% 14.60% 9.13% 7.99%
C19 12.62% 11.92% 14.07% 8.80% 7.72%

training battery cells. Similar results are observed for the 35%

SOC-based model and the 50% SOC-based model. Therefore,

the extracted features Z (5–20 Hz) exhibit SOC insensitivity

within the SOC range from 20% to 50%.

Fig. 9(a) illustrates the performance of a 50% SOC-based

model when input features are measured at 20% SOC, 35%

SOC, and 50% SOC, all the battery cells can achieve accurate

battery capacity estimation. However, for the 20% SOC-based

model, the 35% SOC-based model, and the 50% SOC-based

model, when input features are measured at 65% SOC, 80%

SOC, and 100% SOC, the maximum RMSPEs are 3.09%,

5.28%, and 15.30%, respectively. Thus, significant differences

in SOC between the input features of testing battery cells and

training battery cells result in substantial battery capacity errors,

especially when the SOC of the testing battery cells is 100%

(which supports our choice of not studying the 100% SOC-

based model). These results are depicted in Fig. 10(a) and 10(b).

For the 65% SOC-based model and the 80% SOC-based

model, when input features are measured at 65% SOC and 80%

SOC, the maximum RMSPE is 3.63%. These results indicate

that both models can accurately estimate battery capacity when

the input features are measured within the range of 65% SOC

to 80% SOC. However, when input features are measured at

20% SOC, 35% SOC, 50% SOC, and 100% SOC, the maximum

RMSPE for the four battery cells is 5.39%, 5.17%, 4.39%, and

9.15%, respectively. Consequently, when the input features are

measured at low and high SOCs, a larger SOC error occurs

[Fig. 10(c) and 10(d)].

Next to the impact of different SOC ranges on the proposed

models, the influence of various aging conditions on the pro-

posed models is also discussed. The above capacity estima-

tion results indicate that even though the testing battery cells

experience different aging conditions from the training cells,

the models still demonstrate accurate estimation capabilities.

This suggests that aging factors, such as temperature and DoD,

do not significantly impact the relationship between battery

impedance and aging status. Additionally, as highlighted [16],

the aging current profile does not substantially impact this re-

lationship. Consequently, the proposed models can be applied

to battery cells subjected to various aging conditions, as long

as their EIS measurement conditions are consistent.

In summary, the effectiveness of using Z(5–20 Hz) for ca-

pacity estimation in batteries under various aging conditions is

evident. Notably, it accurately estimates battery capacity even

when the SOC of the testing battery cells differs from that of

the training battery cells, especially within the SOC range of

20% to 50%.

B. Effectiveness of Partial-Range SOC-Insensitive

Model

In the training of a single SOC-based transformer model, the

input features are measured at a specific SOC point. However, it

is expected that a hybrid SOC-based transformer model, trained

by input features from various SOC points, will perform even

better. Consequently, the projector element of the transformer

neural network architecture is required, resulting in input fea-

tures with SOC labels.

The hybrid SOC-based model is trained using data from four

battery cells: C05, C06, C09, and C10. The input variables

for training include extracted features and SOC labels, consid-

ering three SOC levels—20%, 35%, and 50%. Subsequently,

the model is tested on four battery cells: C11, C13, C17, and

C19. The input variables for testing battery cells also include

extracted features and SOC. Table V outlines different testing

cases. In the first testing case, the input features are measured at

20% SOC, denoted as Z(5–20 Hz) (20% SOC), while the SOC

label encompasses all three levels (20%, 35%, and 50%). This

case aims to evaluate the model’s accuracy in estimating battery

capacity when the SOC label does not precisely match the

input features. The second and third testing cases involve input

features measured at 35% SOC and 50% SOC, respectively,

with SOC labels covering the three levels.

The hybrid SOC-based model consistently achieves accurate

battery capacity estimation across all testing cases. When the

input features match the SOC label, the maximum RMSPE is

2.29%, while mismatched input features and SOC labels result

in a maximum RMSPE of 2.69%. Fig. 9(b) displays the capacity

estimation results for the second testing case. In summary, the

hybrid SOC-based model demonstrates robust capacity estima-

tion and insensitivity to partial SOC variations.

C. Evaluation of the EIS Change Pattern Recognition

Model

To train the model capable of recognizing the three pat-

terns of EIS change, namely, aging-based, SOC-based, and
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(a) (c)(b)

Fig. 9. Battery capacity estimation results of C11, C13, C17, and C19. (a) Results of 50% SOC-based model when input features are measured at
20%, 35%, and 50% SOC. (b) Results of hybrid SOC-based model, the input features are measured at 35% SOC, denoted as Z (35% SOC), while
the SOC label includes all three levels (20%, 35%, and 50%). (c) Battery capacity estimation results are based on two methods: the first uses only
the partial-range SOC-insensitive model without a pattern recognition (PR) model, while the second includes the PR model.

(a) (b)

(c) (d)

Fig. 10. RMSPE distributions of the battery capacity estimation (cell
C11, C13, C17, and C19) for different single SOC-based transformer
models using Z(5-20 Hz). Specifically, Z(20), Z(35), Z(50), Z(65), Z(80),
and Z(100) denote the impedance features measured at 20% SOC, 35%
SOC, 50% SOC, 65% SOC, 80% SOC, and 100% SOC, respectively.

SOC-aging-based, the training datasets must be prepared. For

the Aging-based category, the training dataset is generated

based on the delta impedance between two impedance measure-

ment points taken at 50% SOC and a measurement interval of

50 cycles. Similarly, for the SOC-based category, the training

dataset is created based on the delta impedance between the

impedance measured at 100% SOC and the impedance mea-

sured at 50% SOC, where the impedance of two different SOCs

is measured at the same battery aging level. The training dataset

for the SOC-Aging-based category is again based on the delta

impedance between the impedance measured at 100% SOC and

the impedance measured at 50% SOC, but now at different

TABLE V
CAPACITY ESTIMATION RMSPE FOR HYBRID SOC-BASED

TRANSFORMER MODEL

Test Conditions Test Cells

Features (Ohm) SOC Label C11 C13 C17 C19

Z(5-20 Hz)
(20% SOC)

20% 2.00% 0.95% 2.29% 0.74%
35% 2.14% 1.23% 2.69% 0.61%
50% 2.52% 1.65% 2.24% 0.50%

Z(5-20 Hz)
(35% SOC)

20% 1.83% 0.41% 1.80% 1.23%
35% 1.91% 0.70% 2.25% 0.67%
50% 2.27% 1.16% 1.78% 0.75%

Z(5-20 Hz)
(50% SOC)

20% 2.23% 0.50% 2.41% 0.72%
35% 2.02% 0.66% 2.62% 0.71%
50% 1.90% 0.73% 2.07% 0.31%

aging levels, 50 cycles apart. Four battery cells—C05, C06,

C09, and C10—are utilized for creating the training dataset,

while another four battery cells—C11, C13, C17, and C19—

are employed for creating the testing dataset.

The extracted features for the EIS change pattern recognition

model comprise real impedance values measured at both high

and low frequencies, specifically ranging from 0.020 to 0.040

Hz and from 1995 to 3981 Hz. To visualize the distribution

of the three patterns, a scatter diagram is presented based on

one low-frequency impedance value and one high-frequency

impedance value, as depicted in Fig. 11(a). It is evident that

both the high and low-frequency impedance values increase

with battery aging for the aging-based pattern. However, in

the SOC-based pattern, the low-frequency impedance value ex-

hibits a noticeable increase compared with the higher frequency.

Consequently, the extracted features facilitate the recognition of

the Aging-based and SOC-based patterns. While there are dis-

cernible differences between the SOC-based and SOC-aging-

based patterns, some points pose a challenge for the features to

entirely distinguish between the SOC-based and SOC-aging-

based categories. Nevertheless, this challenge does not affect

the distinction between SOC-based and aging-based patterns.
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(a) (b)

Fig. 11. (a) Scatter diagram of three EIS change patterns based on the
low-frequency (LF) and high-frequency impedance (HF). (b) Results of
EIS change pattern recognition model for cells C11, C13, C17, and C19.

(a) (b)

Fig. 12. Results of EIS change pattern recognition model for cell C11.
Eight impedance points measured at 100% SOC are introduced into the
impedances measured at 50% SOC. (a) True class. (b) Predicted class.

Fig. 11(b) presents the results of the EIS change pattern

recognition model. The number in the figure represents the

number of samples. The class accuracy for the Aging-based

category is 100%. For the SOC-aging-based and SOC-based

patterns, the class accuracy is 83.1% and 93.3%, respectively.

Hence, the model effectively accomplishes EIS change pattern

recognition.

D. Effectiveness of EIS Change Pattern Recognition

Model in Capacity Estimation

The partial-range SOC-insensitive model demonstrates effec-

tiveness within the SOC ranges of 20% to 50%. Furthermore,

it maintains acceptable battery capacity estimation error within

the SOC range of 65% to 80%. However, when the SOC reaches

100%, the partial-range SOC-insensitive model may yield a

significant estimation error. Therefore, to mitigate this issue, the

EIS change pattern recognition model should be employed. To

evaluate the effectiveness of the EIS change pattern recognition

model, eight impedance points measured at 100% SOC are

introduced into the impedances measured at 50% SOC for the

four testing battery cells (C11, C13, C17, and C19). Fig. 12

showcases the recognition results for cell C11, where the model

successfully identifies the seven impedances belonging to the

SOC-aging-based pattern. It is noteworthy that one impedance

is classified as SOC-based, but this does not impact battery

TABLE VI
COMPARISON OF CAPACITY ESTIMATION ACCURACY OF

TWO METHODS

Test
Without Pattern

Recognition Model
With Pattern

Recognition Model
Cells MAXE MAXPE MAXE MAXPE

C11 565 mAh 18.9% 85.3 mAh 2.84%
C13 443 mAh 15.2% 44.1 mAh 1.47%
C17 456 mAh 15.2% 83.5 mAh 2.78%
C19 429 mAh 14.3% 16.6 mAh 0.55%

capacity estimation, as only impedances belonging to the aging-

based pattern are utilized as input for the partial-range SOC-

insensitive model.

Fig. 9(c) displays the results of battery capacity estimation

for four battery cells using two methods. The first method solely

relies on the partial-range SOC-insensitive model without inte-

grating the EIS change pattern recognition model. Notably, the

impedances measured at 100% SOC lead to a significant battery

estimation error. Conversely, in the second method, the partial-

range SOC-insensitive model is combined with the EIS change

pattern recognition model, effectively mitigating the substantial

battery estimation error caused by the impedances measured at

100% SOC.

Table VI presents the comparison results of the two methods,

revealing that the maximum MAXE and MAXPE for the first

method are 565 mAh and 18.9%, respectively, compared with

respectively 85.3 mAh and 2.84% for the second method, in-

dicating a reduction in MAXPE by 16%. This underscores the

effectiveness of the proposed EIS change recognition model in

enhancing battery capacity estimation.

E. Comparative Analysis With Different Methods Based

on an Additional Dataset

To demonstrate the generality and superiority of the proposed

methods, a comparative analysis with various existing methods

is conducted using an additional dataset. The existing methods

include the GPR-based model [10], the SVM-based model [11],

the CNN-based model [12], and the LSTM-based model [13].

Both the proposed method and the existing models are trained

on four battery cells: C05, C06, C09, and C10. The additional

dataset, which includes cells C01-C04, C07, and C12, is used

for testing. The first testing is conducted under the correct

SOC scenario, where all impedances are measured at 50%

SOC. Fig. 13(a) showcases the recognition results for cell C07,

where the EIS change recognition model successfully identifies

that all impedance changes belong to the Aging-based pattern.

Table VII presents the battery capacity estimation accuracy

using different methods. Fig. 13(b), derived from Table VII,

shows that both the proposed methods and existing models

can accurately estimate battery capacity under the correct SOC

scenario.

The second testing is conducted under the incorrect SOC

scenario, where eight impedance points measured at 100%

SOC are introduced into the impedance measured at 50% SOC.
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(a) (b)

Fig. 13. Results of battery capacity estimation under the correct SOC
scenario, where all impedance changes belong to the aging-based
pattern. (a) Predicted class of EIS change pattern recognition model for
C07. (b) RMSPE distributions of the battery capacity estimation (cells
C01-C04, C07, C12) for the proposed method compared with different
existing methods.

TABLE VII
CAPACITY ESTIMATION ACCURACY UNDER DIFFERENT METHODS

Methods
The Accuracy of Test Cells (RMSPE)

C01 C02 C03 C04 C07 C12

Proposed 2.24% 2.50% 0.58% 0.83% 2.20% 1.75%
GPR 2.65% 2.69% 1.47% 1.22% 2.55% 2.54%
SVM 2.82% 2.73% 0.49% 0.97% 2.74% 2.49%
CNN 1.90% 3.34% 0.47% 0.73% 2.45% 1.94%

LSTM 2.28% 3.35% 0.34% 0.79% 2.23% 1.23%

(a) (b)

Fig. 14. Results of battery capacity estimation under an incorrect SOC
scenario, where the changes in eight impedances belong to the SOC-
based pattern. (a) Predicted class of EIS change pattern recognition
model for C07. (b) MAXPE distributions of the battery capacity estimation
(cells C01-C04, C07, C12) for the proposed method compared with
different existing methods.

In this scenario, the impedance of two different SOCs is mea-

sured at the same battery aging level. Fig. 14(a) showcases the

recognition results for cell C07, where the model successfully

identifies that the changes in the eight impedance points be-

long to the SOC-based pattern. Using a similar approach as in

Fig. 13(b), we derive Fig. 14(b). Unlike Fig. 13(b), Fig. 14(b)

uses MAXPE as the statistical indicator. As the eight SOC-

based impedance points can cause outliers in incorrect SOC

scenarios. Making MAXPE more appropriate than RMSPE.

Fig. 14(b) demonstrates that our proposed method can still

achieve accurate battery capacity estimation compared with

existing methods, thanks to our EIS change pattern recognition

model, which effectively removes the influence of impedance

measured at incorrect SOC. In contrast, all existing methods

show significant errors in battery capacity estimation, with a

(a) (b)

Fig. 15. Results of battery capacity estimation under the incorrect
SOC scenario, where the changes in eight impedances belong to the
SOC-aging-based pattern. (a) Predicted class of EIS change pattern
recognition model for C07. (b) MAXPE distributions of the battery ca-
pacity estimation (cells C01-C04, C07, C12) for the proposed method
compared with existing methods.

maximum error exceeding 10%, caused by the eight impedance

points measured at 100% SOC.

The third testing is also conducted under the incorrect SOC

scenario, where eight impedance points measured at 100% SOC

are introduced into the impedance measured at 50% SOC. How-

ever, in this case, the impedance of the two different SOCs

is measured at different battery aging levels, 50 cycles apart.

Fig. 15(a) showcases the recognition results for Cell C07, where

the model successfully identifies that the changes in seven

impedance points belong to the SOC-aging-based pattern, while

one impedance point belongs to the SOC-based pattern. As

previously discussed, only the aging-based pattern is used for

battery capacity estimation, so these recognition results do not

affect the accuracy of the battery capacity estimation. Once

again, Fig. 15 demonstrates that our proposed method achieves

a much better accurate battery capacity estimation than existing

methods.

In summary, these results demonstrate the superiority of the

proposed method compared with existing methods, particularly

under incorrect SOC scenarios. Additionally, the results high-

light the generality of the proposed method, showing its capa-

bility to handle additional datasets from different institutions

and measured with different equipment.

VI. CONCLUSION

This article introduces partial-range SOC-insensitive models

designed for accurate battery capacity estimation within the

SOC range of 20% to 50%. Additionally, a novel EIS change

pattern recognition model is proposed to identify EIS changes

resulting from both battery aging and SOC variations. This

recognition model serves as a complement to the partial-range

SOC-insensitive model, aiding in the elimination of errors in

battery capacity estimation, particularly when there are signifi-

cant discrepancies in SOC between testing and training battery

cells. To the best of our knowledge, this is the first study to

present an EIS-based battery capacity model that overcomes

errors due to SOC variations.

In our tests, the proposed hybrid SOC-based transformer

neural network model achieves an RMSPE of less than 2.29%

for all battery cells. Additionally, the EIS change pattern recog-

nition model appears to successfully identify the Aging-based
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pattern with 100% class accuracy. Due to the effectiveness of

the EIS change pattern recognition model in battery capacity

estimation, the MAXPE is less than 3% in cases with significant

SOC errors, compared with a notable 19% when not utilizing

the pattern recognition model. Finally, test results demonstrate

the superiority of the proposed method compared with existing

methods, especially under incorrect SOC scenarios.
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