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Abstract 

Accurate electrochemical impedance spectroscopy (EIS) characterization of low-imped-

ance (<1 mΩ) lithium-ion battery cells used in electric vehicles is challenging because re-

sistance and inductance in the measurement pathway can be comparable to the intrinsic 

cell impedance. This study investigates an EV-grade, large-format commercial lithium-

ion pouch cell using a four-terminal EIS configuration and a custom connection fixture 

designed to maintain low and consistent contact resistance and reduce measurement-

pathway effects. The EIS measurements shows good repeatability, and their linearity was con-

firmed using the Kramers–Kronig validity test. Impedance spectra acquired under selected 

state-of-charge (SOC) and temperature conditions were interpreted using an equivalent 

circuit model comprising an effective series inductance, an ohmic resistance, a constant 

phase element, a charge-transfer resistance, and a generalized Warburg element. Bayesian 

optimization followed by Nelder–Mead refinement was applied for parameter identifica-

tion. The selected model represents the measured inductive, interfacial, and diffusion-re-

lated features as effective lumped responses rather than as a unique mechanistic decom-

position. Across the SOC conditions investigated, the fitted ohmic resistance and charge-

transfer resistance generally decreased as the temperature increased from 25 °C to 40 °C. 

By reducing the measurement errors related to the connection method rather than relying 

solely on instrument-side accuracy improvements, this work provides a practical ap-

proach for EIS measurements of milliohm-scale battery cells. These results establish a 

foundation for future temperature-compensated impedance diagnostics and further in-

vestigation of interfacial and transport behavior in EV battery cells. 

Keywords: electrochemical impedance spectroscopy; lithium-ion battery; low impedance 

measurement; contact impedance; Kramers–Kronig validity; equivalent circuit model; 

Bayesian optimization 
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1. Introduction 

Lithium-ion batteries (LIBs) have been widely adopted in electric vehicles (EVs) due 

to their high energy density and prolonged cycle life [1,2]. The safe operation of lithium-

ion batteries requires a battery management system (BMS), an electronic control system 

designed to maintain the battery within its optimal operating conditions and prevent crit-

ical issues such as overcharging, over-discharging, and thermal runaway [3,4]. Conven-

tional BMS in EVs primarily rely on measurements of cell voltage, current, and tempera-

ture to estimate the battery’s state of charge (SOC) and state of health (SOH). This ap-

proach provides limited accuracy due to its lack of direct insight into the electrochemical 

processes within the battery cells [5]. In recent years, the integration of EIS into onboard 

BMS has shown significant potential [6–9] for addressing these limitations. 

EIS is a non-destructive testing technique that provides detailed insights into the in-

ternal electrochemical processes within battery cells. By applying a small-amplitude AC 

voltage (or current) signal across a range of frequencies and measuring the resulting cur-

rent (or voltage) response, the battery’s impedance characteristics can be accurately deter-

mined. The impedance spectrum reflects different electrochemical reactions at the elec-

trode–electrolyte interface, including charge transfer, adsorption, desorption, diffusion, 

double-layer effect, solid electrolyte interface (SEI) growth, lithium plating, and other re-

lated phenomena [10,11]. EIS data can be used to estimate the state of charge (SOC) and 

state of health (SOH), characterize performance degradation, and predict potential battery 

failure [12–14]. An equivalent circuit model (ECM) is used to interpret the impedance 

spectrum, where each circuit component corresponds to a specific electrochemical process 

occurring within the battery [15,16]. EIS enables more accurate diagnosis of SOC and SOH, 

since it is directly related to the electrochemical processes [17]. 

The classical EIS technique typically employs a three-electrode system [18,19], which 

remains widely used for testing electrochemical kinetics in half-cell configurations and for 

measuring commercial battery cells with relatively high impedance (> 10 mΩ) [20–23]. 

However, high-performance LIBs in EVs typically exhibit very low impedance in the 

range of 1 − 10 mΩ [17,24,25]. It has been reported that such low impedance can lead to 

reduced accuracy and repeatability issue in EIS measurements [26]. In such cases, a four-

electrode system, also known as Kelvin sensing, offers higher accuracy and is recom-

mended [27,28]. The four-electrode configuration uses two electrodes for current injection 

and two separate electrodes for voltage measurement, isolating the voltage measurement 

from current-carrying leads. This setup reduces the influence of test leads’ impedance on 

the measurement, as the voltage sensing electrode carries negligible current. Conse-

quently, the measured voltage drop is attributed solely to the measured electrochemical 

system. This approach is necessary for accurately characterizing low-impedance cells. 

The impedance of test leads and contact resistance are the major contributors to 

measurement error. For example, a 1 m long 14 American wire gauge (AWG) solid core 

copper wire has a resistance of approximately 8 mΩ, and the resistance of alligator clips 

is around 10 mΩ. Beyond the four-electrode method, the key point to further improve 

measurement accuracy is to reduce the resistance and inductance of the test leads. The 

following methods have been reported in the literature, including the use of coaxial [29] 

or low-resistance conductors [30], shortened or geometrically arranged leads [16], four-

terminal sensing [31], reduced mutual inductance [32], and high-current excitation [33]. 

An equivalent circuit model is commonly used to interpret EIS results by providing 

an electrical circuit representation of the underlying electrochemical processes. The sim-

plest steady-state equivalent circuit model of a battery consists of a voltage source in series 

with an internal resistor (𝑅𝑖). A lower internal resistance is desirable for high-performance 

cells, as it allows more electrical power to be delivered to the external circuit and generat-

ing less heat within the battery. 
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The theoretical foundation for EIS modeling is rooted in linear systems theory, de-

veloped by Oliver Heaviside in the 19th century. This framework enabled the representa-

tion of dynamic systems using linear differential equations and frequency-domain analy-

sis. Later, Warburg extended the concept of impedance to electrochemical systems, intro-

ducing models for electrified interfaces and diffusion processes [29]. With the advance-

ment of potentiostat and frequency response analyzers, EIS has been applied to a broad 

range of systems and phenomena, including ionic and electronic conduction heterogene-

ous reactions, and mass transport processes [30]. The impedance characteristics of com-

mon electrical components used in ECMs are summarized in Table 1. The Randles circuit 

is widely used to model the transient electrochemical behavior of a battery under non-

steady-state conditions; the double-layer capacitance (𝐶dl) is connected in parallel with a 

series combination of the charge-transfer resistance (𝑅ct) and the Warburg impedance (𝑊), 

and this parallel network is placed in series with the solution resistance (𝑅s) [31]. Physi-

cally, 𝑅ct represents the charge-transfer processes at the electrode–electrolyte interface, 

𝐶dl accounts for charge accumulation within the electrochemical double layer, and the 

Warburg element stands for the frequency-dependent diffusion of ions in the electrolyte. 

The advanced equivalent circuit model introduces fractional-order elements, i.e., the con-

stant phase element (𝐶𝑃𝐸) and the generalized Warburg element (𝑊𝐺), in addition to the inte-

ger-order components, 𝐶𝑑𝑙, 𝑅𝑐𝑡, and 𝑅𝑠. The 𝐶𝑃𝐸 can be considered a non-ideal capacitor 

that accounts for surface energy distribution heterogeneity and non-ideal geometric features 

[32,33]. The classic Randles circuit is typically modified by replacing the ideal capacitor with 

a 𝐶𝑃𝐸. The impedance of 𝐶𝑃𝐸 is shown in Table 1, where 𝛼 is the 𝐶𝑃𝐸 exponent and 𝑄 is 

the 𝐶𝑃𝐸 parameter [34], 𝑗 is the imaginary number unit, and 𝜔 is the angular frequency. 

When 𝛼 = 1, the 𝐶𝑃𝐸  is an ideal capacitor. The Warburg element is used to characterize 

mass diffusion phenomena, and it varies depending on diffusion method and boundary con-

ditions. Four types of Warburg elements are frequently used: ideal Warburg, finite-diffusion 

Warburg (finite-length), finite-space Warburg, and generalized diffusion Warburg. The ideal 

Warburg represents a semi-infinite linear diffusion and appears as a straight line with a slope 

of 45° in a Nyquist plot. In contrast, the finite Warburg impedance accounts for diffusion 

over a limited space or length, where the terminus of diffusion is not infinitely far from the 

electrode as in the ideal Warburg. Specifically, finite-length Warburg (𝑊𝑠) corresponds to a 

transmission boundary condition, while finite-space diffusion (𝑊𝑜) corresponds to a reflective 

boundary condition. A generalized Warburg element is applied in anomalous diffusion, 

where deviations from ideal behavior occur [35–38]. 𝛾, used in the generalized Warburg ele-

ment, represents the parameter of mesoporous electrode roughness; when 𝛾 is 1, the elec-

trode is absolutely smooth [36,39,40]. The generalized Warburg element can be expressed as 

the equation in Table 1. 𝑇 is the characteristic diffusion time(s), where 𝑇 = 𝐿2/𝐷, 𝑇 is the 

diffusion length, and 𝐷 is the diffusion coefficient. In the present lumped ECM implementa-

tion, however, 𝑇 is treated as a model-dependent frequency-scaling parameter and is not as-

sumed a priori to represent the solid-state lithium-ion diffusion time directly. 

Table 1. Commonly used electric components in equivalent circuit model. 

Name Impedance Representation in Nyquist  Citation 

Solution resistance 𝑍𝑅𝑠
= 𝑅𝑠 Intersection of the real axis  

Charge-transfer resistance 𝑍𝑅𝑐𝑡
= 𝑅𝑐𝑡 Diameter of semicircle  

Double layer capacitor 𝑍𝐶𝑑𝑙
= −

𝑗

𝜔𝐶𝑑𝑙

 
Vertical line goes up as frequency gets 

lower 
[31] 

Solid-electrolyte interface resistance 𝑍𝑅𝑠𝑒𝑖
= 𝑅𝑠𝑒𝑖 

Intersection of the small semicircle to 

the real axis 
 

Solid-electrolyte interface capacitor 𝑍𝐶𝑠𝑒𝑖
= −

𝑗

𝜔𝐶𝑠𝑒𝑖

 
Vertical line goes up as frequency gets 

lower 
[31] 

Constant phase element 𝑍𝐶𝑃𝐸 =
1

𝑄(𝑗𝜔)𝛼
 Line with slope (slope depending on 𝛼) [41] 
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Classic Warburg 𝑍𝑤 =
𝜎

√𝑗𝜔
 45° line in low-frequency region [29] 

Finite-length Warburg 𝑍𝑊𝑠
=

𝑅𝑤

√𝑗𝑇𝜔
tanh√𝑗𝑇𝜔 Transition from 45° line to semicircle [42] 

Finite-space Warburg 𝑍𝑊𝑜
=

𝑅𝑤

√𝑗𝑇𝜔
coth√𝑗𝑇𝜔 Transition from 45° line to vertical line [43] 

Generalized Warburg 𝑍𝑊𝐺
=

𝑅𝑤

(𝑗𝑇𝜔)𝛾 2⁄
coth[(𝑗𝑇𝜔)𝛾 2⁄ ] 

Line with angle between 0° and 90° de-

pending on 𝛾 2⁄  
[43,44] 

Inductance 𝑍𝐿 = 𝑗𝜔𝐿 Move plot downward  

After selecting an ECM model with physical meaning, accurate characterization of 

EIS modeling parameters is critical for correlating with experimental data. Several opti-

mization algorithms have been reported for extracting ECM parameters from EIS results, 

including the Levenberg–Marquardt algorithm (LM) [45], differential evolution algorithm 

(DE) [46], random mutation differential evolution (RMDE) [47], particle swarm optimiza-

tion (PSO) [48], simulate annealing (SA) [49], genetic algorithm (GA) [50] and Monté Carlo 

method [51]. However, these optimizations are not considered data-driven methods. As a 

data-driven approach, Bayesian optimization (BO) constructs a surrogate model based on a 

Gaussian process [52]. This sequential method leverages all historical data. The next sampling 

point is selected by balancing exploration and exploitation through an acquisition function. In 

this study, Bayesian optimization followed by Nelder–Mead refinement was applied to iden-

tify the parameters of the selected ECM for the measured low-impedance EV-cell spectra. 

The primary objective of this work is to characterize commercial LIBs with impedance 

values around 1 𝑚𝛺. EIS measurements were performed on an EV cell placed inside a ther-

mal chamber, under varying states of charge and temperatures, using an EIS analyzer together 

with a battery cycler. A customized connection fixture was employed to connect the test leads 

to the battery cell. The Bode and Nyquist plots were generated with an excitation signal of 

1 𝑚𝑉. An equivalent circuit model was developed to interpret the EIS results, including the 

solution resistance 𝑅𝑠, charge transfer resistance 𝑅𝑐𝑡, constant phase element 𝐶𝑃𝐸 and gen-

eralized Warburg diffusion element 𝑊𝐺. Bayesian optimization was used for ECM parameter 

characterization. This data-driven optimization framework is proposed as an effective method 

for identifying ECM parameters for EV battery characterization. Our results provide a com-

prehensive view of the impedance spectrum and ECM characterization for a high-perfor-

mance commercial lithium-ion battery cell. The work is illustrated in Figure 1. 

 

Figure 1. Schematic workflow of fixture-assisted four-terminal EIS characterization and ECM anal-

ysis for a low-impedance EV pouch cell, including controlled EIS measurement, KK−based 

data−quality validation, and BO−NM parameter identification with an LM benchmark. 
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2. Methodology 

2.1. EIS Test Setup 

A large-format commercial lithium-ion pouch cell was obtained from a battery pack 

disassembled from an electric vehicle. [53]. Each cell weighs approximately 

1.07 kg (2.35 lbs. ) and measures 52 cm in length, 9.5 cm in width, and 1 cm in thick-

ness, as shown in Figure 2. The EV cell has a nominal capacity of 78 Ah  with a fully 

charged voltage of 4.15 V and a discharge cut-off voltage of 3.15 V. Cells were placed in 

a thermal chamber to maintain temperature stability during measurements. Thermocou-

ples were used to measure the air and the cell temperature to ensure consistent tempera-

ture throughout the test. The state of charge, temperature, and number of repeated tests 

are summarized in Table 2. 

 

Figure 2. NCM712 cell is connected to EIS analyzer with 4-terminal sensing method. 

EIS tests were performed using a Gamry 5000P potentiostat/galvanostat (Gamry In-

struments, Inc., Warminster, PA, USA) in conjunction with an Arbin battery cycler (500A, 

5V) [54], as seen in Figure 3. EIS data were collected over a frequency range of 0.01 Hz to 

10 kHz, with an amplitude of 1 mV. 

 

Figure 3. Gamry 5000P potentiostat/galvanostat interface with Arbin battery cycle (left). 

Measurements were conducted using a four-terminal (Kelvin) configuration. Two 

leads were used to supply the current, and two separate leads were used to measure the 

voltage, as illustrated in Figure 2. The typical fixture designs are stated here: 
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(a) A coaxial cable can be used as the test lead. Compared to solid core wires, coaxial 

cables exhibit lower inductance per unit length and maintain a consistent character-

istic impedance. Their inherent shielding capability suppresses external electromag-

netic interference while preserving signal integrity during measurements [29]. How-

ever, they generally have higher capacitance per unit length due to the closer prox-

imity of the inner and outer conductors and the dielectric material within the cable, 

which should be considered in the design of the EIS analyzer. 

(b) Using thick solid core copper wire can reduce internal resistance and inductance [30]. 

(c) Twisting the test lead can be used to cancel out inductance effects [16]. However, this 

approach can introduce repeatability issues, as maintaining a consistent twisting con-

figuration across different tests is challenging. If the test lead is a coaxial cable, twist-

ing can damage the cable’s shielding layer and add noise to the signal. 

(d) Shortening the test lead can also help, but it is generally unsuitable for coaxial cables, 

as shortening them may cause early signal reflections and introduce additional noise. 

(e) Minimizing the inductive effect of nearby metallic objects can further improve EIS 

measurement accuracy. A non-conductive test table, such as wood or plastic, is rec-

ommended [31]. The test leads also need to be as far apart as possible to minimize 

their mutual inductance effects [32]. 

(f) Current-controlled (galvanostatic) mode is commonly recommended for a more ac-

curate EIS measurement [32]. However, we observed that the galvanostatic mode can 

sometimes introduce additional errors in some EIS analyzers, likely arising from lim-

itations in the feedback control accuracy to maintain a constant current. For low im-

pedance measurement, the voltage-control (potentiostatic) mode can sometimes be 

more accurate. 

(g) A large excitation current can be used to enhance the magnitude of the response sig-

nal. This is achievable with an integrated or supplementary module of the EIS ana-

lyzer. However, using a large current may alter the cell configuration and violate the 

linearity assumption in classic EIS theory [33]. 

(h) Minimizing the contact resistance between the battery and test leads is also critical, 

as the contact resistance is often the dominant source of EIS measurement errors. An 

alligator clip is not suitable for connecting the test subject to the EIS analyzer. The 

typical contact resistance between an alligator clip and the cell terminal is around 10 

mΩ, which is an order of magnitude higher than the cell impedance of 1 mΩ. The 

contact resistance of an alligator clip can vary each time it is attached depending on 

the position where it is placed and the number of teeth in contact with the battery 

terminals. A specialized fixture is therefore required to connect the test leads to the 

battery for EIS measurement of ultra-low-impedance cells. 

In the research, both the current injection and voltage measurement were connected 

to the battery’s positive and negative terminals with a custom fixture. In the original bat-

tery module, the cell terminals were laser-welded to a copper plate for electric connection. 

To disassemble cells from the module, the copper plate was cut, and the remaining sec-

tions attached to the cell were mechanically polished to obtain a flat surface in contact 

with the test fixture. The cell remained intact with its pouch unopened during the test. A 

regular open/short calibration was performed to remove parasitic contributions from the 

wiring and fixture: (1) Open calibration was conducted with no load attached, capturing 

the parasitic capacitance and inductance of the test leads and fixture. (2) Short calibration 

was performed by directly shorting the fixture terminals using a copper bar, allowing 

quantification of residual series resistance and inductance. The analyzer applies fre-

quency-dependent compensation based on the open/short calibration to reduce residual 

contributions from the wiring and fixture. This procedure is particularly important for 

low-impedance measurements, where uncompensated series resistance and inductive 
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contributions can be comparable to the measured cell response. This calibration procedure 

is particularly critical for low-impedance systems, where wiring and contact effects can 

otherwise exceed the intrinsic cell impedance. The custom connection fixture was de-

signed as an adaptable four-terminal contact architecture for large-format pouch cells ra-

ther than as a standardized holder with fixed dimensions. In the present configuration, 

the testing leads in contact with be battery terminals were made from solid copper bar to 

improve surface contact using a screw-fastened clamping arrangement. The current-car-

rying leads and voltage-sensing leads were connected separately at the clamped terminal 

region to preserve the Kelvin sensing configuration and reduce the influence of lead and 

contact resistance on the measured impedance. The fixture was mounted on an electrically 

insulating base, and shims were used to maintain a stable and level contact geometry. 

Thermocouples were positioned to monitor both the cell and surrounding air tempera-

tures during testing. Because commercial pouch cell terminal geometries and packaging 

dimensions vary substantially, the dimensions of the contact bars, screw spacing, and sup-

porting structure can be adjusted to match the specific cell under investigation. The key 

design requirements are a large and stable metal-to-metal contact area, mechanically se-

cure screw-fastened compression, separation of current and voltage-sensing paths, and 

electrical insulation of the terminal assembly. Open/short calibration was performed after 

assembly of the measurement pathway, with a copper bar used for short calibration to 

account for residual resistance and inductive contributions from the leads and the fixture. 

The diagram is shown in Figure 4. Following each SOC adjustment, the cell was rested 

under open-circuit conditions for 60 min before EIS measurement. A 15 min rest period 

was used between consecutive EIS tests with the same SOC and temperature. The open-

circuit voltage (OCV) was recorded before each test, as seen in Table 2. For repeated tests 

at the same condition, the maximum OCV difference (ΔOCV) ranged from 3.2 to 9.9 mV 

across different SOC and temperature combinations. These rest periods were selected to 

balance measurement accuracy and test efficiency. 

Following fixture-assisted EIS acquisition, the measured spectra were first assessed 

using the KK validity test and subsequently interpreted using the ECM shown in Figure 5. 

Table 2. SOC, Temperature, number of repeats, and OCV for each experiment. Unit: volt. 

Temperature SOC 1 2 3 4 ΔOCV 

25 °C 

12% 3.592714 3.594189 3.590987  0.003202 

50% 3.654801 3.652762 3.651086 3.649375 0.005426 

100% 4.064647 4.062187 4.059718 4.054721 0.009926 

40 °C 

12% 3.591765 3.58989 3.588317 3.586346 0.005419 

50% 3.651247 3.649644 3.645976 3.644413 0.006834 

100% 4.076317 4.073689 4.070737 4.068283 0.008034 

https://doi.org/10.3390/coatings16080930


Coatings 2026, 16, 930 8 of 50 
 

https://doi.org/10.3390/coatings16080930 

 

Figure 4. Cell terminal connection fixture. 

 

Figure 5. Equivalent circuit model for EV cells in study. 

2.2. Kramers–Kronig Validation 

For a linear, causal, stable, and time-invariant electrochemical system, the real and 

imaginary parts of the impedance are not independent but are linked by the Kramers–

Kronig (KK) relations. Agreement between the measured and KK-reconstructed spectra 

provides a consistency check for the quality of the EIS data under the assumptions of lin-

earity, causality, stability, and time invariance. The Kramers–Kronig relations are a set of 

integral transforms connecting the real and imaginary parts of any linear, causal, and sta-

ble system’s impedance: 

Re[𝑍(𝜔)] = 𝑍∞ +
2

𝜋
𝒫 ∫

𝜔′ Im[𝑍(𝜔′)]

𝜔′2 − 𝜔2

∞

0

𝑑𝜔′ (1) 

Im[𝑍(𝜔)] = −
2𝜔

𝜋
𝒫 ∫

Re[𝑍(𝜔′)] − 𝑍∞

𝜔′2 − 𝜔2

∞

0

𝑑𝜔′ (2) 

where 𝑍∞  is a real number that corresponds to the ohmic resistance of the system. 𝒫 

denotes the Cauchy principal value. Direct application of these integrals is sensitive to 

noise, frequency truncation, and the number of frequency points used in the EIS measure-

ment. Schönleber et al. proposed a robust linear KK approach, providing a practical vali-

dation method for battery EIS data [55]. The implementation of his method is briefly sum-

marized here: the battery impedance is expressed as a series connection of 𝑁𝑅𝐶  parallel 

RC branches, where each RC branch corresponds to a characteristic time constant, plus a 

series resistance 𝑅∞ and optional inductance 𝐿: 
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𝑍(𝜔) = 𝑅∞ + ∑
𝑅𝑘

1 + 𝑗𝜔𝜏𝑘

𝑁𝑅𝐶

𝑘=1

+ 𝑗𝜔𝐿 (3) 

where 𝑍(𝜔) is the complex impedance of the system with respect to frequency 𝜔. 𝑅𝑘 is 

the resistance of the 𝑘-th RC element, 𝜏𝑘  is the corresponding time constant, and 𝐿 is the 

inductance that is used to capture high-frequency inductive effects. 𝑗 = √−1 is the imag-

inary unit. The capacity value 𝐶𝑘 = 𝜏𝑘/𝑅𝑘 in each RC branch is determined by the time 

constants 𝜏𝑘. Notice 𝜏𝑘 should be logarithmically spaced across the measured frequency 

range. An insufficient number of RC elements (𝑁𝑅𝐶) may leads to underfitting of the im-

pedance data, while an excessive 𝑁𝑅𝐶  may overfit measurement noise, resulting in mis-

leading residuals in both cases. In this work, we adopted 𝑁𝑅𝐶 = 50 as a practical balance. 

It is seen that the KK fit result does not have obvious underfitting or overfitting, as shown 

in Figure 6 and Appendix A. 

𝜏𝑘 = 𝜏min ⋅ (
𝜏max

𝜏min
)

𝑘−1
𝑁−1

 (4) 

𝜏min = 1/𝜔max and 𝜏max = 1/𝜔min (5) 

Let 𝑍exp = Re(𝑍exp) + 𝑗Im(𝑍exp)  be the measured impedance in experiment. 

𝑍𝑒𝑥𝑝,1, 𝑍𝑒𝑥𝑝,1, ⋯𝑍𝑒𝑥𝑝,𝑁𝑒𝑥𝑝
 denotes the total 𝑁𝑒𝑥𝑝 sampled frequency in the test data. 

Define a linear system: 

𝐛 = 𝐀 ⋅ 𝐱 (6) 

With: 

𝐛 = [Re(𝑍𝑒𝑥𝑝,1), Im(𝑍𝑒𝑥𝑝,1) , ⋯  Re(𝑍𝑒𝑥𝑝,𝑁), Im (𝑍𝑒𝑥𝑝,𝑁)]
𝑇
 (7) 

𝐱 = [𝑅∞, 𝐿, 𝑅1, … , 𝑅𝑁]𝑇 (8) 

𝐀 =

[
 
 
 
 
1 0 𝜙1

′ (𝜔1) ⋯ 𝜙𝑁
′ (𝜔1)

0 𝜔1 𝜙1
′′(𝜔1) ⋯ 𝜙𝑁

′′(𝜔1)

⋮ ⋮ ⋮ ⋮
1 0 𝜙1

′ (𝜔𝑀) ⋯ 𝜙𝑁
′ (𝜔𝑀)

0 𝜔𝑀 𝜙1
′′(𝜔𝑀) ⋯ 𝜙𝑁

′′(𝜔𝑀)]
 
 
 
 

 (9) 

where: 

𝜙′
𝑘
(𝜔𝑖) =  Re[𝜙𝑘(𝜔𝑖)] =

1

1 + (𝜔𝑖𝜏𝑘)
2
 (10) 

𝜙′′
𝑘
(𝜔𝑖) =  Im[𝜙𝑘(𝜔𝑖)] = −

𝜔𝑖𝜏𝑘

1 + (𝜔𝑖𝜏𝑘)
2
 (11) 

The linear system is solved using regularized least squares to find 𝐱: 

𝐱 = argmin
𝐱

∥ 𝐀𝐱 − 𝐛 ∥2 (12) 

And the fitted 𝐱 is used to compute the KK-consistent impedance 𝑍𝐾𝐾. The real and 

imaginary residuals quantify the deviation from KK consistency: 

Δ𝑍′ = Re[𝑍exp] − Re[𝑍KK] (13) 

Δ𝑍′′ = Im[𝑍exp] − Im[𝑍KK] (14) 

Relative residual norm is defined as: 

rel_error =
∥ [Δ𝑍′; Δ𝑍′′] ∥2

∥ [Re[𝑍exp]; Im[𝑍exp]] ∥2

 (15) 

Percentage residuals can also be calculated: 
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𝑍%
′ = 100 ⋅

Δ𝑍′

Re[𝑍exp]
, Δ𝑍%

′′ = 100 ⋅
Δ𝑍′′

Im[𝑍exp]
 (16) 

This allows the assessment of EIS data quality. 

 

 

Figure 6. Typical linear Kramers–Kronig validation of experimental EIS at 12% SOC and 25 °C: (a) 

Nyquist plot with an enlarged view; (b) frequency-dependent relative residuals of the real and im-

aginary impedance components; and (c) overall relative error as a function of the number of parallel 

RC elements. 

2.3. EIS Equivalent Circuit Parameter Identification 

Accurate identification of equivalent circuit model parameters with clear physical 

meaning is essential for interpreting EIS data. To maintain model simplicity and interpret-

ability, ECM parameters were kept constant across different states of charge and temper-

atures whenever feasible. 

The selected ECM, consisting of a series inductance and solution resistance followed 

by a CPE in parallel with a charge-transfer resistance/generalized Warburg branch, was 

chosen according to the characteristic features of the measured spectra, shown in Figure 

5. A classical Randles-type model with an ideal double-layer capacitor and ideal semi-

infinite Warburg element would not explicitly represent the depressed semicircular re-

sponse and the approximately 60° low-frequency diffusion-related tail observed in the 
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present spectra. Therefore, the ideal capacitor was replaced with a CPE to represent non-

ideal interfacial behavior, while a generalized Warburg element was adopted to describe 

the non-ideal diffusion response. A series inductance was retained to account for the high-

frequency inductive contribution associated with the low-impedance cell measurement 

configuration. In addition, no separate SEI-related RC branch was introduced because no 

clearly distinguishable second semicircle was resolved in the measured spectra. Never-

theless, the selected ECM should be interpreted as an effective lumped representation ra-

ther than a unique mechanistic decomposition, since different circuit topologies may pro-

duce similar fitting quality over a limited frequency range. The impedance equation and 

ECM diagram are shown in Table 3 and Figure 5. 

Table 3. Electric components in equivalent circuit model. 

Name Symbol Impedance 

Inductance 𝐿 𝑍𝐿 = 𝑗𝜔𝐿 

Solution resistance 𝑅𝑠 𝑍𝑅𝑠
= 𝑅𝑠 

Charge-transfer resistance 𝑅𝑐𝑡 𝑍𝑅𝑐𝑡
= 𝑅𝑐𝑡 

Constant phase element 𝐶𝑃𝐸 𝑍𝐶𝑃𝐸 = 1/𝑄(𝑗𝜔)𝛼 

Generalized Warburg 𝑊1 𝑍𝑊𝐺
=

𝑅𝑤

(𝑗𝑇𝜔)𝛾 2⁄
coth[(𝑗𝑇𝜔)𝛾 2⁄ ] 

Battery ECM 𝑍𝐸𝐶𝑀 
𝑍𝐸𝐶𝑀 = 𝑍𝐿 + 𝑍𝑅𝑠

+
1

(
1

𝑍𝐶𝑃𝐸
+

1
𝑍𝑅𝑐𝑡

+ 𝑍𝑊𝐺

)
 

The data used for ECM fitting covered a frequency range from 0.01 Hz to 251 Hz. 

Notice that the effective series inductance 𝐿 need to be included in ECM of low-imped-

ance EV-cell. This is because the inductive contributions from the cell terminals, large me-

tallic current collectors, fixture–cell interconnections, and measurement leads can be com-

parable in magnitude to the milliohm-scale impedance response of the cell. This inductive 

segment is not interpreted as an electrode–electrolyte interfacial process. 

Bayesian optimization was employed to identify the global optimum of the ECM pa-

rameters [56]. Once the global solution was obtained, it was further refined using Nelder–

Mead simplex method [57], a local optimization technique. Bayesian optimization was 

implemented using an open-source library [58], while the Nelder–Mead simplex method 

was executed via the SciPy [59] package. 

The Gaussian process used in BO is defined as: 

𝑓(𝛉)~𝑁(𝑚(𝛉), 𝑘(𝛉, 𝛉′)) (17) 

where 𝑚(𝛉) is the prior mean function, and 𝑘(𝛉, 𝛉′) is the covariance between 𝛉 and 

𝛉′. In this work, the prior mean is set to zero, which is a common and practical assumption 

when the true mean is unknown. The corresponding covariance matrix is given in Equa-

tion (18). The covariance matrix is constructed using Matérn kernel, which is embedded 

in the open-source implementation. In this work, θ is a vector of model parameter, for 

example [𝐿, 𝑅𝑠, 𝑅𝑐𝑡 , 𝑄, 𝛼, 𝑅𝑤, 𝑇, 𝛾/2] 

Since the prior meaning is not known, then we simply assume the prior mean is zero, 

which is a practical procedure [60]. The Gaussian process exhibits the useful property that 

any new point 𝛉𝑡+1 is joint Gaussian with 𝑓𝑡+1 = 𝑓(𝛉𝑡+1), which implies: 

[
𝒇1:𝑡

𝑓𝑡+1
] ~ N (0, [

𝐾 𝑘
𝑘𝑇 𝑘(𝛉𝑡+1, 𝛉𝑡+1)

]) (18) 

where: 

𝐾 = [
𝑘(𝛉1, 𝛉1) … 𝑘(𝛉1, 𝛉𝑡)

⋮ ⋱ ⋮
𝑘(𝛉𝑡 , 𝛉1) … 𝑘(𝛉𝑡 , 𝛉𝑡)

] (19) 
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and: 

𝑘 = [𝑘(𝛉𝑡+1, 𝛉1) 𝑘(𝛉𝑡+1, 𝛉2) ⋯  𝑘(𝛉𝑡+1, 𝛉𝑡)]
𝑇 (20) 

For Gaussian processes (GPs), the predictive probabilistic surrogate distribution at 

unexplored locations in the domain is given. Following the procedure of Rasmussen et al. 

[61], the probabilistic surrogate distribution for unexplored locations is given by: 

P (𝑓𝑡+1 | 𝔻𝑡+1, 𝛉𝑡+1) ~ N (u(𝛉𝑡+1), 𝜎2(𝛉𝑡+1)) (21) 

where: 

u(𝛉𝑡+1) = 𝒌𝑻 𝑲−𝟏 𝒇𝟏:𝒕 (22) 

And: 

𝜎2(𝛉𝑡+1) = 𝑘(𝛉𝑡+1, 𝛉𝑡+1) − 𝒌𝑻 𝑲−𝟏 k. (23) 

To find the next sampling point 𝛉𝑡+1, the lower confidence bounds (LCBs) are opti-

mized by Equation (24), where 𝞳 is the hyperparameter to balance the exploration and 

exploitation: 

𝛼𝐿𝐶𝐵 = u(𝛉𝑡+1) − 𝞳 σ(𝛉𝑡+1) (24) 

Root mean squared error (RMSE) is used as the residual metric to quantify the differ-

ence between theorical model and the experimental data. The detailed Bayesian and 

Nelder–Mead optimization implementation follows the procedure documented in the lit-

erature [62]. 

3. Result 

3.1. EIS Experimental Data Kramers–Kronig Validity 

The linear Kramers–Kronig (KK) validity test is performed for all experimental data 

[55]. As seen in Figure 6 and in Appendix A, KK-reconstructed impedance closely matches 

the measured data in the Nyquist plot. The overall relative error for the KK result is 

around 0.15% . The maximum residual over the measured frequency range remains 

within ±0.5% for both the real and imaginary components. These results indicate that 

the measured spectra are consistent with the KK requirements over the entire frequency 

range (0.1 Hz −  10 kHz). Minor biased trends are observed in the mid-frequency range 

(0.1 Hz −  10 Hz ); However, the relative error associated with KK compliance remains 

very small. Considering the low impedance magnitude of the cell (on the order of 1 mΩ), 

the observed deviations are considered acceptable. The Nyquist overlays in this subsec-

tion are provided only to visualize the agreement between the measured and KK-recon-

structed impedance spectra. KK compliance is assessed quantitatively using the real and 

imaginary residuals and the overall relative error; no geometric interpretation of the 

Nyquist response is made from these validation plots. 

3.2. EIS Experimental Data and Fitting Result 

EV cells were tested under the following SOC and temperature conditions, as sum-

marized in Table 2: 12% SOC at 25 °C, 50% SOC at 25 °C, 100% SOC at 25 °C, 50% SOC at 

40 °C, and 100% SOC at 40 °C. The corresponding impedance spectrum is shown in Fig-

ures 7–12, respectively. The numbers in the figure refer to the number of repeated tests 

conducted on the same cell under identical test conditions. To evaluate the test repeata-

bility, at each frequency point 𝑗, the standard deviation (SD) of magnitude and phase an-

gle are calculated as: 
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𝑆𝐷∣𝑍∣(𝑗) = √
1

𝑛
∑[|𝑍𝑖(𝑗)| − |𝑍̅𝑖(𝑗)|]

2

𝑛

𝑖=1

,   where |𝑍̅𝑖(𝑗)| ≡
1

𝑛
∑|𝑍𝑖(𝑗)|

𝑛

𝑖=1

 (25) 

𝑆𝐷𝜃(𝑗) = √
1

𝑛
∑[𝜃𝑖(𝑗) − 𝜃̄(𝑗)]2
𝑛

𝑖=1

,   where 𝜃̄(𝑗) ≡
1

𝑛
∑|𝜃𝑖(𝑗)|

𝑛

𝑖=1

 (26) 

where |𝑍𝑖(𝑗)| and 𝜃𝑖(𝑗) are the impedance magnitude and phase angle values from the 

𝑖-th repeated test at frequency point 𝑗, |𝑍|‾ (𝑗) and 𝜃̄(𝑗) are the mean values at frequency 

point 𝑗, and 𝑛 = 4 is the number of repeated tests. The standard deviation at each fre-

quency is shown in Figures 7–12. The maximum standard deviation for the phase angle 

and magnitude is below 0.1° and 0.05 mΩ, respectively, across all frequencies. We ob-

serve that the part of the test data at higher frequencies (251 Hz–10 kHz) still has very 

good repeatability. 

The average standard deviation for magnitude and phase angle across all frequency 

points is: 

𝑆𝐷̅̅ ̅̅
∣𝑍∣ =

1

𝑚
∑ 𝑠∣𝑍∣

𝑚

𝑗=1

(𝑗) (27) 

𝑆𝐷̅̅ ̅̅
𝜃 =

1

𝑚
∑ 𝑠𝜃

𝑚

𝑗=1

(𝑗) (28) 

where 𝑚 = 61 is the total number of frequency sampling points, 𝑆𝐷̅̅ ̅̅
∣𝑍∣ represents the av-

erage standard deviation of impedance magnitude (in mΩ), and 𝑆𝐷̅̅ ̅̅
𝜃 represents the aver-

age standard deviation of phase angle (in degrees). These values are summarized in Table 

4. The small standard deviation of phase angle and magnitude among repeated tests 

demonstrated excellent repeatability of the test data, as shown in Figures 7–12. 

Table 4. Average standard deviation for repeated tests on the same condition for “Cell 7”. 

 12% SOC 25 °C 50% SOC 25 °C 100% SOC 25 °C 12% SOC 40 °C 50% SOC 40 °C 100% SOC 40 °C 

Repeated tests 3 4 4 4 4 4 

𝑆𝐷̅̅ ̅̅
∣𝑍∣(𝑚𝛺) 3.1130 × 10−3 3.7829 × 10−3 6.1336 × 10−3 5.5275 × 10−3 2.9744 × 10−3 2.8596 × 10−3 

𝑆𝐷̅̅ ̅̅
𝜃 (𝐷𝑒𝑔𝑟𝑒𝑒) 8.9629 × 10−2 8.8745 × 10−2 1.0895 × 10−1 1.1894 × 10−1 9.5011 × 10−2 1.0643 × 10−1 

In a Nyquist plot, the positive of the y-axis typically represents the negative imagi-

nary component of the impedance. Therefore, the upper half of the Nyquist plot corre-

sponds to capacitive behavior, while the lower half indicates inductive behavior. Part (b) 

and (c) display the Bode plots, where the phase angle and magnitude are plotted as func-

tions of frequency, respectively. The fitted spectra include the response from 0.01 Hz up 

to 251 Hz. In this range, the measured impedance has entered the negative imaginary re-

gion, allowing the series inductance term in the ECM to be identified. Because the imped-

ance magnitude of the tested EV pouch cell is in the sub-milliohm to milliohm range, this 

inductive contribution is non-negligible for accurate representation of the measured spec-

trum. Nevertheless, the inductive segment is treated as an effective high-frequency elec-

trical contribution and is not used to infer charge-transfer or diffusion-related electro-

chemical behavior. 

For the 12% SOC at 25 °C case, the tested frequency range spans from 0.01 Hz to 

10 kHz, as shown in the Bode plots in Figure 7. In the Nyquist plots, the imaginary axis 

begins at approximately 0.2 mΩ . The Nyquist curve intersects the real axis at around 

125 Hz , marking the beginning of a semicircular arc. The peak of the semicircle corre-

sponds to a frequency between 20 Hz and 30 Hz, and the arc terminates near 1 Hz. Be-

yond this point, the curve transitions into a straight line, representing the Warburg diffu-

sion element. Due to the presence of inductance in our model, the entire diagram is shifted 
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downward, placing the center of the semicircle below the real axis. In Nyquist plots, the 

battery response progresses from high to low frequency as the data points move from the 

lower left to the upper right along the curve. Approximately, the intersection of the sem-

icircle to the real axis represents the solution resistance, while the diameter for the semi-

circle corresponds to the charge-transfer resistance. The fitted values of 𝑇 are substan-

tially larger than the characteristic times normally associated with solid-state lithium-ion 

diffusion. In the generalized Warburg expression used here, 𝑇 determines the frequency 

scale through the product 𝜔𝑇. For the fitted values reported in Table 5, the corresponding 

finite-length transition lies far below the measured frequency range. Consequently, the 

generalized Warburg element remains close to its fractional power-law regime over the 

available data. The linear segment in the upper right indicates the generalized Warburg 

diffusion process at low frequencies. The classical semi-infinite Warburg diffusion is rep-

resented by a line at 45° at lower frequency. However, in our case, the line is approxi-

mately 60°. This phenomenon is believed to be caused by diffusion in the porous elec-

trodes [35]; similar behavior has also been reported in high-capacity commercial lithium-

ion batteries [63]. Further investigation is needed to fully explain this phenomenon. 

The Bode and Nyquist plots of other SOC and temperature conditions show similar 

trends. In general, higher SOC and temperature result in a smaller semi-circle on the 

Nyquist plot. The simple cell-to-cell variability comparison is presented in Appendix B. A 

preliminary quantitative inter-cell dispersion study based on ECM parameters is pre-

sented in Appendix C. The effective ohmic resistance 𝑅𝑠 exhibited relatively limited dis-

persion across the evaluated conditions, with CV values below 7%. In contrast, the relative 

dispersion of 𝑅𝑐𝑡 increased markedly at 40 °C, where the fitted resistance became very 

small, suggesting that both inter-cell differences and relative fitting uncertainty may be-

come more influential in resolving the weak charge-transfer feature. The diffusion-related 

parameters 𝑅𝑤 and 𝑇 showed substantial dispersion and are therefore interpreted cau-

tiously in inter-cell comparisons. Measurements at 12% SOC and 40 °C were available 

only for Cell 7 and Cell 9; this condition was excluded from the quantitative four-cell sum-

mary and is presented descriptively only. Because the cells were obtained from a disas-

sembled EV battery pack and their prior operating histories and storage conditions were 

not independently controlled, these statistics describe observed inter-cell dispersion in the 

as-is condition rather than intrinsic manufacturing uniformity. 

Table 5. ECM parameters fit by BO + Nelder–Mead. 

ECM Parameter Fit 

by BO (Unit) 
12% SOC 25 °C 50% SOC 25 °C 

100% SOC 

25 °C 
12% SOC 40 °C 50% SOC 40 °C 

100% SOC 

40 °C 

𝐿(𝐻) 2.0454 × 10−7 

𝑅𝑠(𝛺) 1.0186 × 10−3 9.9411 × 10−4 9.9609 × 10−4 9.4680 × 10−4 9.8900 × 10−4 9.6912 × 10−4 

𝑅𝑐𝑡(𝛺) 3.3843 × 10−4 2.1081 × 10−4 2.1467 × 10−4 1.2492 × 10−4 5.3384 × 10−5 3.2149 × 10−5 

𝑄(𝛺−1𝑠𝛼) 22.506 

𝛼 0.76824 

𝑅𝑤(𝛺) 25.307 34.773 21.545 20.518 34.973 21.767 

𝑇(𝑠) 7.9847 × 108 2.1592 × 109 3.7968 × 109 3.5104 × 109 1.9761 × 1010 3.3041 × 1010 

𝛾 2⁄  0.63246 0.61313 0.56478 0.57707 0.55369 0.51469 

Residual 2.14 × 10−3 2.73 × 10−3 2.89 × 10−3 2.77 × 10−3 2.43 × 10−3 2.54 × 10−3 
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Figure 7. Nyquist plot and ECM fitting results (a) and Bode plots (b,c) for three repeated EIS tests 

of an EV cell at 12% SOC and 25 °C. Standard deviation (SD) is calculated from 3 repeated tests at 

each frequency point. 
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Figure 8. Nyquist plot and ECM fitting results (a) and Bode plots (b,c) for 4 repeated EIS tests of an 

EV cell at 50% SOC and 25 °C. Standard deviation (SD) is calculated from 4 repeated tests at each 

frequency point. 
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Figure 9. Nyquist plot and ECM fitting results (a) and Bode plots (b,c) for 4 repeated EIS tests of an 

EV cell at 100% SOC and 25 °C. Standard deviation (SD) is calculated from 4 repeated tests at each 

frequency point. 
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Figure 10. Nyquist plot and ECM fitting results (a) and Bode plots (b,c) for 4 repeated EIS tests of 

an EV cell at 12% SOC and 40 °C. Standard deviation (SD) is calculated from 4 repeated tests at each 

frequency point. 
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Figure 11. Nyquist plot and ECM fitting results (a) and Bode plots (b,c) for 4 repeated EIS tests of 

an EV cell at 50% SOC and 40 °C. Standard deviation (SD) is calculated from 4 repeated tests at each 

frequency point. 
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Figure 12. Nyquist plot and ECM fitting results (a) and Bode plots (b,c) for 4 repeated EIS tests of 

an EV cell at 100% SOC and 40 °C. Standard deviation (SD) is calculated from 4 repeated tests at 

each frequency point. 
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3.3. ECM Model Parameters and Sensitivity Study 

Section 3.2 demonstrates strong agreement between battery EIS measurements and 

analytical solutions. As we can see from these figures, diffusion effects modeled with a 

generalized Warburg element closely approximate the experimental data. The fits are par-

ticularly accurate at high frequencies (10 − 50 Hz), with most data points aligning well 

with the fitted curves. Although some noise is present at mid-range frequencies (0.2 −

10 Hz), the curve still effectively represents the signals. It is important to note that the 

median value of the test data was used for fitting rather than the mean. This method is 

best used to account for slight variations in testing conditions across repeated experiments. 

According to robust statistics, the median provides a more reliable estimate of central ten-

dency than the mean in such scenarios [64]. 

Table 5 summarizes the ECM parameters, and residuals of the fitting results relative 

to the test data, fitted by Bayesian optimization. EV cells were tested under five conditions: 

12% SOC at 25 °C, 50% SOC at 25 °C, 100% SOC at 25 °C, 50% SOC at 40 °C, and 100% 

SOC at 40 °C. The solution resistance 𝑅𝑠  and charge-transfer resistance 𝑅𝑐𝑡  decrease 

with increasing temperature. This phenomenon is consistent with common understand-

ing, since resistivity typically decreases with increasing temperature due to enhanced 

ionic mobility in the electrolyte. The inductor 𝐿 is independent of state of charge and 

temperature. The inductance is believed to be caused by the large amount of metal foil 

used in the battery. The constant phase element (CPE) shows minimal sensitivity to tem-

perature and SOC variations within the tested range, which is similar to the literature 

findings [65]. Similarly, the inductive effects arising from the metal foils inside the pouch 

cell are also largely unaffected by temperature and SOC. 

The residual value convergence histories showed similar qualitative behaviors, as 

shown in Figure 13. The solid line is the Bayesian optimization history, which represents 

the best value in the optimization history. It significantly reduces the residual value and 

provides a good starting point for local optimization to refine the parameters. The Nelder–

Mead method, a local optimization technique, is indicated by the dash line. The global 

optimization was configured to run for 2000 iterations to generate a suitable starting point 

for local optimization, which allows the Nelder–Mead method to converge more effi-

ciently. 
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Figure 13. Bayesian optimization (BO) and Nelder–Mead (NM) simplex optimization convergence 

history. 

Figure 14 presents the typical frequency-dependent relative sensitivities of the model 

impedance to each circuit parameter, evaluated by: 
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 (29) 

where 𝑆 is the sensitivity function, 𝜃𝑖 is the analyzed parameter, and 𝑍 is impedance. 

The function comes from [66]. The solution resistance exhibits a large and nearly fre-

quency-independent sensitivity, indicating strong identifiability and dominant control of 

the real part of impedance. The charge-transfer resistance shows moderate sensitivity pri-

marily in the mid-frequency range, consistent with its role in determining the diameter of 

the Nyquist semicircle. In contrast, CPE parameters display weaker and strongly fre-

quency-dependent sensitivities, reflecting their influence on impedance dispersion. Diffu-

sion-related parameters exhibit localized sensitivity at low frequencies, with the fractional 

diffusion exponent showing the largest sensitivity among all parameters. Sensitivity anal-

yses were conducted for all investigated SOC and temperature conditions, and similar 

qualitative parameter-response trends were observed, as shown in Appendix E. 
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Figure 14. ECM parameter sensitivity study based on 1% perturbation on 12% SOC at 25 °C. (a) 

The real part sensitivity, (b) The imaginary part sensitivity. 
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chosen to interpret the EIS results. Bayesian optimization was used to fit the ECM param-
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cance of EIS findings in relation to experimental observations and model parameters. 

4.1. EIS Experiment 

The tested EV cells exhibit one of the lowest impedances reported for lithium-ion 

batteries in the EIS literature. It is interesting to see that some low impedance cell EIS data 

has no semicircles representing SEI [67–71], while others shows a second semi-circle at-

tributed to the SEI [72,73]. In the present case, no distinct second semicircle attributable to 

an SEI-related contribution was resolved in the measured spectra. This may reflect either 
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element when testing frequency reached the 0.001 Hz range [69]. In our case, the lowest 

frequency is 0.01 Hz. 

Our results show a significant inductive effect on EIS data, as evidenced by the entire 

semicircle shifting toward the negative imaginary axis in the Nyquist plot. This behavior 

is likely caused by the large amount of metal foil used in the battery’s current collectors, 

which is substantially greater than in typical cylindrical batteries of smaller capacity. The 

observed high-frequency inductive response is attributed to the effective current pathway 

of the large-format pouch cell and the measurement connection, including contributions 

from current collectors, terminals, fixture contacts, and leads. This interpretation is further 

supported by observation that the inductance element in ECM model is largely unaffected 

by temperature variations. 

Our EIS results show good repeatability and consistency, as seen in Figure 15. We 

found that to achieve accurate measurements for cells with impedance in the 1 mΩ range, 

the contact resistance between the battery terminals and test leads must be both small and 

stable from test to test. This is achieved by a custom-designed battery fixture that connects 

the terminals to the testing leads. The importance of the low-impedance battery fixture is 

demonstrated in Appendix D. EIS measurements were conducted on a precision resistor 

both with and without the fixture for comparison. Battery EIS data obtained using alliga-

tor clips are also presented. It is important to note that we did not use galvanostatic mode 

or high-current measurements. A potentiostatic perturbation amplitude of 1 mV was se-

lected to limit disturbance to the low-impedance cell while maintaining a measurable re-

sponse. The KK analysis supports the consistency of the spectra obtained under this con-

dition. However, because a separate amplitude-dependence or harmonic distortion anal-

ysis was not performed, the present study does not independently establish the linear 

response range of the tested cell in the EIS theory. We do not find the potentiostatic mode 

has inferior accuracy compared to the galvanostatic mode for our equipment, contrary to 

the findings reported in the literature [74]. In theory, if current control is facilitated via a 

PID controller, the accuracy of the controller may also influence the precision of the meas-

urement, which may offset many advantages associated with the current control mode. In 

fact, we observed that potentiostatic mode yielded enough accuracy for our GAMRY 

5000P(Gamry Instruments, Inc., Warminster, PA, USA). Compared to previously reported 

EIS experiments, our experimental design did not require the application of high current 

to the system. This aspect is particularly important because one of the fundamental as-

sumptions of EIS is that the system under investigation remains linear, stable, and time-

invariant during the measurement. Applying high currents can lead to nonlinear re-

sponses, such as electrode polarization, heating effects, or electrochemical side reactions, 

which violate the linearity assumption and compromise the validity of the impedance 

data. 

https://doi.org/10.3390/coatings16080930


Coatings 2026, 16, 930 25 of 50 
 

https://doi.org/10.3390/coatings16080930 

 

Figure 15. Nyquist plots of EIS test data and ECM fitting results for “Cell 7” at 25 °C (a) and 40 °C 

(b). The percentage in each label denotes the state of charge, and the number at the end denotes the 

repeated test number of the same testing condition. 
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4.2. EIS Model 
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frequency response. The CPE and generalized Warburg terms should therefore be inter-

preted as effective elements representing distributed interfacial and transport behavior 

rather than direct measurements of individual microscopic properties. The inductive con-

tribution is retained because it is non-negligible for the milliohm-scale response of the 

tested pouch cell and its measurement pathway. 

The extracted ECM parameters provide potential diagnostic features for future bat-

tery management applications. In the present results, both the solution resistance 𝑅s and 

charge-transfer resistance 𝑅𝑐𝑡 exhibit clear temperature dependence across the investi-

gated SOC conditions, with lower values generally observed at elevated temperature. This 

behavior is relevant to battery management because impedance-based diagnostic features 

must be interpreted with temperature compensation rather than treated as temperature-

independent indicators. In a practical BMS framework, 𝑅s may serve as an effective de-

scriptor of changes in the overall ohmic response, while 𝑅𝑐𝑡 may provide information 

related to interfacial kinetic behavior. When calibrated over broader SOC, temperature, 

aging, and operating-condition ranges, these parameters could potentially contribute to 

SOC/SOH estimation and abnormal-condition detection. 

It is worth emphasizing that the inter-cell discrepancy must be considered in the de-

sign of future battery management applications. As shown in Appendix B, noticeable dif-

ferences in the EIS responses were observed among cells within the same battery module. 

As shown in Figures 7–12, the repeatability tests yielded very small standard deviations. 

Therefore, the discrepancies observed in Appendix B are attributed to intrinsic cell-to-cell 

variability rather than measurement uncertainty. Appendix C quantitatively compares 

the cell-to-cell discrepancy with the fitted ECM models. For example, the coefficient of 

variation for 𝑅𝑐𝑡 increased substantially at 40 °C, as shown in Appendix C. Therefore, 

establishing 𝑅𝑐𝑡 as a quantitatively standalone diagnostic parameter should be carried 

out on each cell, not taking average values. Future research also requires validation using 

a larger number of cells, controlled aging histories, and a more comprehensive uncertainty 

analysis for developing the EIS-based BMS. In addition, the selected ECM provides an 

effective parameterized representation for future investigations of electrode–electrolyte 

interfacial phenomena, particularly through the evolution of 𝑅𝑐𝑡, CPE-related parameters, 

and diffusion-related terms. These parameters should be interpreted as lumped de-

scriptors of the impedance response rather than unique measurements of individual mi-

croscopic processes. 

Notice that the EIS curve in the Nyquist plot has a negative slope when frequency 

goes higher than 499 Hz, as seen in Figure 6. Current ECM models are not suitable to 

model the battery high-frequency behavior (251 Hz to 10 kHz), where the cell largely be-

haves like an inductor. 

The summary of tests and ECM fittings results with different SOC and temperature 

are presented in Figure 15. 

4.3. Optimization 

The BO-NM procedure was used in this study as a global-to-local parameter-identi-

fication strategy for the selected ECM. Bayesian optimization was employed to explore 

the bounded parameter space and identify a suitable candidate solution, which was sub-

sequently refined using the Nelder–Mead method. Future work should focus on the 

method comparison between BO-NM method with other mainstream EIS fitting methods. 

5. Conclusions 

The major contributions of this paper include the following: (1) A specially designed 

battery fixture that enables accurate EIS measurements for low-impedance cells in the 1 

mΩ range. (2) Bayesian optimization is applied to fit ECM parameters based on EIS data. 
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(3) We present the impedance spectrum and corresponding ECMs for typical Li-ion bat-

tery cells used in EVs, which supports the development of future onboard EIS systems for 

battery diagnostics. (4) We find that charge-transfer resistance, solution resistance, and 

diffusion time are sensitive to both temperature and SOC, offering valuable insights for 

electrochemical battery testing. 

The specially designed fixture is critical for minimizing contact resistance during EIS 

measurements. An adaptable four-terminal fixture architecture was developed to provide 

stable terminal contact, separated current-carrying and voltage-sensing pathways, and a 

measurement configuration compatible with open/short calibration. Because this design 

addresses the practical connection interface between the cell and the measurement system 

rather than relying solely on instrument-side improvements, it offers a potentially trans-

ferable engineering solution for low-impedance EIS measurements using systems capable 

of Kelvin sensing and appropriate calibration. Our results show that the EIS measurement 

for a battery with 1 mΩ internal resistance can be performed without relying solely on 

high-current excitation or instrument-side improvements. 

The selected ECM represents the principal features of the measured spectra through 

an effective series inductance, an ohmic resistance, a CPE/charge-transfer branch, and a 

generalized diffusion-related element. The inductive-response segment retained in the fit-

ting was used to identify the effective series inductance associated with the low-imped-

ance cell measurement pathway and was not interpreted as an electrode–electrolyte inter-

facial process. Across the investigated SOC conditions, the fitted ohmic resistance and 

charge-transfer resistance exhibited clear temperature dependence and generally de-

creased at 40 °C relative to 25 °C. These observations indicate that such parameters may 

serve as temperature-compensated impedance features in future battery diagnostic and 

management applications, although their suitability for quantitative diagnostic applica-

tions depends on parameter identifiability, inter-cell variability, and validation over 

broader operating conditions. 

The BO-NM procedure was applied as a parameter-identification approach for the 

selected ECM. A broader comparison with additional fitting methods remains important 

for future work. The method of using custom-designed fixtures reduces the error in the 

EIS measurement. The effective ECM framework provides a basis for future studies of 

aging, fault-related behavior, and electrode–electrolyte interfacial and transport phenom-

ena in commercial EV cells. Further validation using additional cells with controlled aging 

histories, quantitative repeatability metrics, broader operating conditions, and alternative 

cell formats and chemistry are required before extending this approach to onboard or 

module-level applications. 

6. Further Work 

Future work should focus on building this ECM into a multi-physic finite element 

analysis for battery safety study. Future ECM should also include inductance properties 

on the high-frequency side, where the line in the Nyquist plot is extended to the lower 

right. The physical explanation of high-frequency battery behavior (251 Hz to 10 kHz) 

needs to be investigated. Higher temperature, including the battery thermal runaway tem-

perature, should be studied for its EIS diagram. Non-classical Warburg diffusion theory 

should be investigated to explain the physical meaning of a low-frequency slope greater 

than 45° in the low-frequency region of the Nyquist plot. The BO-NM method needs to be 

quantified for its effectiveness against other EIS fitting methods. 
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Appendix A. The KK Validity Results 

The KK validity result for “Cell 7” at a different state of charge and temperature is 

summarized in Figures A1–A5. In total, 50 parallel RC networks were used in the KK fit. 
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Figure A1. Linear Kramers–Kronig validation of experimental EIS at 50% SOC and 25 °C. Nyquist 

plot (a) and frequency-dependent relative errors of real and imaginary impedance (b). Overall rel-

ative error = 0.15%. 
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Figure A2. Linear Kramers–Kronig validation of experimental EIS at 100% SOC and 25 °C. Nyquist 

plot (a) and frequency-dependent relative errors of real and imaginary impedance (b). Overall rel-

ative error = 0.18%. 
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Figure A3. Linear Kramers–Kronig validation of experimental EIS at 12% SOC and 40 °C. Nyquist 

plot (a) and frequency-dependent relative errors of real and imaginary impedance (b). Overall rel-

ative error = 0.15%. 
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Figure A4. Linear Kramers–Kronig validation of experimental EIS at 50% SOC and 40 °C. Nyquist 

plot (a) and frequency-dependent relative errors of real and imaginary impedance (b). Overall rel-

ative error = 0.13%. 
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Figure A5. Linear Kramers–Kronig validation of experimental EIS at 100% SOC and 40 °C. Nyquist 

plot (a) and frequency-dependent relative errors of real and imaginary impedance (b). Overall rel-

ative error = 0.15%. 
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Appendix B. The Discrepancy Among Different Cells 

This appendix summarizes the differences between different cells within the same 

battery module. Four cells were disassembled from the same battery module and are 

tested under identical conditions. For each cell, multiple tests were conducted following 

the same procedures described in previous sections. The results showed excellent repeat-

ability. Therefore, for simplicity and clarity, only one representative test result per cell 

under each test condition is presented. The results presented in the preceding sections 

were obtained from tests conducted on Cell 7. 
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Figure A6. Nyquist plot (a) and Bode plot (b,c) of 12% SOC, 25 °C. 
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Figure A7. Nyquist plot (a) and Bode plot (b,c) of 12% SOC, 40 °C. 
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Figure A8. Nyquist plot (a) and Bode plot (b,c) of 50% SOC, 25 °C. 
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Figure A9. Nyquist plot (a) and Bode plot (b,c) of 50% SOC, 40 °C. 
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Figure A10. Nyquist plot (a) and Bode plot (b,c) of 100% SOC, 25 °C. 
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Figure A11. Nyquist plot (a) and Bode plot (b,c) of 100% SOC, 40 °C. 
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Appendix C. The Preliminary Cell Discrepancy Evaluation with ECM 

The multi-cell ECM fitting results are presented here as a rough method to evaluate 

the cell-to-cell discrepancy. The average ECM parameter of four cells (“Cell 2”, “Cell 7”, 

“Cell 8” and “Cell 9”) are presented in Table A1. 

𝑥̅ =
1

𝑁
∑𝑥𝑖

𝑁

𝑖=1

  

where 𝑥𝑖 stands for the ECM parameter of 𝑖-th cell, 𝑥̅ represents the mean value of ECM 

parameter, and 𝑁 = 4 stands for the four tested cells. Standard deviation 𝜎 of the ECM 

parameter is shown in Table A2. 

𝜎 = √
1

𝑁
∑(𝑥𝑖 − 𝑥̅)2

𝑁

𝑖=1

  

The coefficient of variation 𝐶𝑉 is shown in Table A3. 

𝐶𝑉 =
𝜎

𝑥̅
× 100%  

Table A1. Mean value of 4 cells’ ECM parameter. 

ECM Parameter Fit by 

BO-NM (Unit) 
12% SOC 25 °C 50% SOC 25 °C 100% SOC 25 °C 50% SOC 40 °C 100% SOC 40 °C 

𝐿(𝐻) 1.8625 × 10−7 

𝑅𝑠(𝛺) 9.5232 × 10−4 9.3010 × 10−4 9.2724 × 10−4 9.4148 × 10−4 9.3535 × 10−4 

𝑅𝑐𝑡(𝛺) 4.2985 × 10−4 2.4859 × 10−4 2.2607 × 10−4 3.3753 × 10−5 1.5879 × 10−5 

𝑄(𝛺−1𝑠𝛼) 26.635 

𝛼 0.72491 

𝑅𝑤(𝛺) 49.468 36.056 24.025 41.731 15.695 

𝑇(𝑠) 1.1493 × 109 4.3384 × 109 7.7941 × 109 1.1586 × 1011 2.6630 × 1010 

𝛾 2⁄  0.66300 0.61113 0.56387 0.54303 0.51249 

Table A2. Standard deviation of 4 cells’ ECM parameter. 

ECM Parameter Fit by 

BO-NM (Unit) 
12% SOC 25 °C 50% SOC 25 °C 100% SOC 25 °C 50% SOC 40 °C 100% SOC 40 °C 

𝐿(𝐻) 2.0907 × 10−8 

𝑅𝑠(𝛺) 6.3373 × 10−5 5.6942 × 10−5 6.1331 × 10−5 3.7002 × 10−5 4.3408 × 10−5 

𝑅𝑐𝑡(𝛺) 7.8502 × 10−5 2.2761 × 10−5 2.2716 × 10−5 2.6587 × 10−5 1.5912 × 10−5 

𝑄(𝛺−1𝑠𝛼) 2.7692 

𝛼 0.025195 

𝑅𝑤(𝛺) 80.961 41.980 28.016 56.851 12.114 

𝑇(𝑠) 1.9927 × 109 7.1293 × 109 1.2752 × 1010 2.1779 × 1011 3.0095 × 1010 

𝛾 2⁄  1.8371 × 10−2 6.8795 × 10−3 5.8654 × 10−3 7.9042 × 10−3 7.2182 × 10−3 

Table A3. Coefficient of variation of 4 cells’ ECM parameter. 

ECM Parameter Fit by 

BO-NM (Unit) 
12% SOC 25 °C 50% SOC 25 °C 100% SOC 25 °C 50% SOC 40 °C 100% SOC 40 °C 

𝐿(𝐻) 11.2252% 

𝑅𝑠(𝛺) 6.6546% 6.1222% 6.6143% 3.9302% 4.6409% 

𝑅𝑐𝑡(𝛺) 18.2627% 9.1560% 10.0482% 78.7688% 100.2091% 

𝑄(𝛺−1𝑠𝛼) 10.3930% 
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𝛼 3.4756% 

𝑅𝑤(𝛺) 163.6657% 116.4303% 116.6143% 136.2318% 77.1839% 

𝑇(𝑠) 173.3818% 164.3303% 163.6109% 187.9720% 113.0115% 

𝛾 2⁄  2.7710% 1.1257% 1.0402% 1.4556% 1.4085% 

Appendix D. The Influence of Testing Lead Contact Resistance on EIS 

Reducing the contact impedance between battery and analyzer leads is critical for 

accurate EIS measurement in the low-impedance range. To demonstrate this point, a pre-

cision low-value resistor (1 mΩ, ±1% tolerance) was characterized using the same Gamry 

5000P analyzer and the identical measurement configuration in four-electrode potenti-

ostatic mode, as used for the battery tests. Measurements were performed both with and 

without the custom fixture to isolate the effect of the connection method. Across five re-

peated measurements, the custom fixture reduced the standard deviation of the measured 

real impedance by approximately 57% and reduced the absolute measurement error from 

0.25 mΩ (alligator clips) to below 0.05 mΩ, confirming that the fixture enables sub-mil-

liohm resolution under the same analyzer settings. These results demonstrate that the 

low-impedance fixture is essential for achieving accurate and repeatable milliohm-level 

EIS measurements. 

 

 

Figure A12. Nyquist plot for precision resistor tested with and without fixture (a) Magnitude error 

(b) Phase angle error. 

Kramers–Kronig (KK) validation was performed on data acquired using a conven-

tional alligator-clip connection (without the custom fixture). As shown in Appendix B Fig-

ure A7, these measurements exhibit larger KK residuals, reaching approximately ±2%–3% 

across a broad frequency range, with significant frequency-dependent structure. The 
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corresponding Nyquist plot shows noticeable distortion and increased noise in the imag-

inary component, indicating that contact effects significantly impact the measured imped-

ance. Moreover, the test results could not be reliably reproduced due to variations in con-

tact impedance associated with the alligator clip. In contrast, measurements obtained us-

ing the custom fixture exhibit consistently lower KK residuals (as seen in Figure A12) and 

excellent repeatability (as seen in Figures A6–A11). These results underscore the critical 

importance of employing a custom low-impedance fixture to ensure reliable measure-

ments of low-impedance battery cells. 

 

Figure A13. (a) Impedance spectrum (b) KK validation for battery EIS without fixture. 

(b) 

(a) 
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Appendix E. ECM Parameter Sensitivity 

 

Figure A14. ECM model sensitivity analysis for (a) real part (b) imaginary part at 50% SOC, 25 °C. 

 

Figure A15. ECM model sensitivity analysis for (a) real part (b) imaginary part at 100% SOC, 25 °C. 
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Figure A16. ECM model sensitivity analysis for (a) real part (b) imaginary part at 12% SOC, 40 °C. 
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Figure A17. ECM model sensitivity analysis for (a) real part (b) imaginary part at 50% SOC, 40 °C. 

 

Figure A18. ECM model sensitivity analysis for (a) real part (b) imaginary part at 100% SOC, 40 °C. 
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    Z % ′ = 100 ⋅   Δ   Z ′  Re [   Z  exp ] , Δ   Z %  ′ ′ = 100 ⋅   Δ   Z  ′ ′  Im [   Z  exp ]


  L


    Z  L = j 𝜔 L


    R  s


    Z    R  s =   R  s


    R  c t


    Z    R  c t =   R  c t


  C P E


    Z  C P E = 1 / Q    ( j 𝜔 )  𝛼


    W 1


    Z    W  G =     R  w    ( j T 𝜔 )    𝛾 2  coth ⁡    [ ( j T 𝜔 )    𝛾 2 ]


    Z  E C M


    Z  E C M =   Z  L +   Z    R  s +  1   (  1    Z  C P E +  1    Z    R  c t +   Z    W  G )


  0 . 01   Hz


  251   Hz


  L


  f  ( 𝛉 ) ~ N  ( m  ( 𝛉 ) , k  ( 𝛉 , 𝛉 ′ ) )


  m  ( 𝛉 )


  k  ( 𝛉 , 𝛉 ′ )


  𝛉


  𝛉 ′


   [ L ,     R  s ,     R  c t ,   Q , 𝛼 ,   R  w , T , 𝛾 / 2 ]


    𝛉  t + 1


    f  t + 1 = f


    𝛉  t + 1


   [      𝒇  1 : t     f  t + 1 ]


   ( 0 ,      [    K  k     k  T  k (   𝛉  t + 1 ,   𝛉  t + 1 ) ] )


  K =  [    k (   𝛉 1 ,   𝛉 1 )  …  k (   𝛉 1 ,   𝛉  t )   ⋮  ⋱  ⋮   k (   𝛉  t ,   𝛉 1 )  …  k (   𝛉  t ,   𝛉  t ) ]


  k =   [ k  (   𝛉  t + 1 ,   𝛉 1 )   k  (   𝛉  t + 1 ,   𝛉 2 )   ⋯   k (   𝛉  t + 1 ,   𝛉  t ) ]  T


    f  t + 1


    𝔻  t + 1


    𝛉  t + 1


    𝛉  t + 1


    𝜎 2


    𝛉  t + 1


    𝛉  t + 1


    𝒌  𝑻


    𝑲  − 𝟏


    𝒇  𝟏 : 𝒕


    𝜎 2


    𝛉  t + 1


  k (   𝛉  t + 1 ,   𝛉  t + 1


    𝒌  𝑻


    𝑲  − 𝟏


    𝛉  t + 1


    𝛼  L C B


    𝛉  t + 1


    𝛉  t + 1


  0 . 15 %


  ± 0 . 5 %


  0 . 1   Hz   −   10   kHz


  0 . 1   Hz   −   10   Hz


  1   m Ω


  j


    S D  ∣ Z ∣ ( j ) =   1  n   ∑  i = 1  n     [  |   Z  i  ( j ) | −  |     Z -  i  ( j ) | ] 2 ,      where   |     Z -  i  ( j ) | ≡  1  n   ∑  i = 1  n   |   Z  i ( j ) |


    S D  𝜃 ( j ) =   1  n   ∑  i = 1  n     [   𝜃  i ( j ) −   𝜃 ˉ ( j ) ] 2 ,      where    𝜃 ˉ ( j ) ≡  1  n   ∑  i = 1  n   |   𝜃  i ( j ) |


   |   Z  i ( j ) |


    𝜃  i ( j )


  i


  j


     | Z | ‾ ( j )


    𝜃 ˉ ( j )


  j


  n = 4


  °


  0 . 05   m Ω


      S D -  ∣ Z ∣ =  1  m   ∑  j = 1  m    s  ∣ Z ∣ ( j )


      S D -  𝜃 =  1  m   ∑  j = 1  m    s  𝜃  ( j )


  m = 61


      S D -  ∣ Z ∣  


      S D -  𝜃  


      S D -  ∣ Z ∣ ( m 𝛺 )


  3 . 1130 ×  10  − 3


  3 . 7829 ×  10  − 3


  6 . 1336 ×  10  − 3


  5 . 5275 ×  10  − 3


  2 . 9744 ×  10  − 3


  2 . 8596   ×  10  − 3


      S D -  𝜃   ( D e g r e e )


  8 . 9629 ×  10  − 2


  8 . 8745 ×  10  − 2


  1 . 0895 ×  10  − 1


  1 . 1894 ×  10  − 1


  9 . 5011 ×  10  − 2


  1 . 0643 ×  10  − 1


  0 . 01   Hz


  251   Hz


  0 . 01   Hz


  10   kHz


  0 . 2   m Ω


  125   Hz


  20   H


  30   Hz


  1   Hz


  T


  T


  𝜔 T


    R  s


    R  c t


    R  w


  T


  L ( H )


    R  s ( 𝛺 )


    R  c t ( 𝛺 )


  Q (   𝛺  − 1   s  𝛼 )


  𝛼


    R  w ( 𝛺 )


  T ( s )


    𝛾 2


  10 − 50   Hz


  0 . 2 − 10   Hz )


    R  s


    R  c t


  L


    S    𝜃  i  Z =     𝜃  i  Z   𝜕 Z  𝜕   𝜃  i


  S


    𝜃  i


  Z


  0 . 001   Hz


  0 . 01   Hz


  1   m Ω


  10   V


  30   V


    R s


    R  c t


    R s


    R  c t


    R  c t


    R  c t


    R  c t


  1   m Ω


    x - =  1  N   ∑  i = 1  N    x  i


      x  i


  i


    x -


  N = 4


  𝜎


  𝜎 =   1  N   ∑  i = 1  N     (   x  i −   x - ) 2


  C V


  C V =   𝜎    x - × 100 %


  L ( H )


    R  s ( 𝛺 )


    R  c t ( 𝛺 )


  Q (   𝛺  − 1   s  𝛼 )


  𝛼


    R  w ( 𝛺 )


  T ( s )


    𝛾 2


  L ( H )


    R  s ( 𝛺 )


    R  c t ( 𝛺 )


  Q (   𝛺  − 1   s  𝛼 )


  𝛼


    R  w ( 𝛺 )


  T ( s )


    𝛾 2


  L ( H )


    R  s ( 𝛺 )


    R  c t ( 𝛺 )


  Q (   𝛺  − 1   s  𝛼 )


  𝛼


    R  w ( 𝛺 )


  T ( s )


    𝛾 2

