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H I G H L I G H T S G R A P H I C A L  A B S T R A C T

• A machine learning-driven pore 
network approach is proposed.

• Thickness, porosity, and average parti
cle size significantly affect DCIR.

• The equation relating DCIR to electrode 
structure is clarified.
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A B S T R A C T

Direct current internal resistance (DCIR), as a fundamental characteristic of lithium-ion batteries, serves as a 
critical indicator for the accurate estimation and prediction of battery health. The DCIR of a battery is affected by 
the electrode structure. Despite its significance, the relationship between the electrode structure and the DCIR 
during charging and discharging remains unclear. Based on a pore network model of a lithium manganate cell, 
this work focuses on the cathode and quantifies the effects of cathode thickness (L), porosity (ε), connectivity (G), 
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average particle size (d) and specific surface area (S/V) on DCIR. Combined with machine learning, this work 
identify that cathode thickness, porosity and average particle size the primary determinants of the DCIR, and the 
formulas for calculating charging and discharging DCIR are derived, DCIRCharge = 0.168Ld4/ε2.5 and 
DCIRDischarge = 0.072Ld3/ε2. This work proposes a research framework for predicting DCIR from the electrode 
structure, which is applicable to most porous electrode batteries, providing a theoretical basis for calculating the 
DCIR and is of great significance for electrode design.

1. Introduction

Lithium-ion batteries (LIBs), as the preferred energy storage devices 
for portable electronic devices and electric vehicles [1], have received 
much attention for their charging capabilities [2–4], thermal safety 
[5–7] and batteries state of health [8,9], which are closely related to the 
internal resistance of the batteries. Battery internal resistance consists of 
ohmic internal resistance, concentration polarization internal resistance 
and electrochemical polarization internal resistance [10–12].Battery 
resistance estimation techniques mainly include direct current (DC) 
methods and alternating current (AC) methods [13], of which the DC 
method is commonly used because of its simplicity and its ability to 
accurately reflect the ohmic and polarized internal resistance [14]. 
Complex porous electrodes affect the transport of ions and electrons as 
well as the electrochemical reactions inside the battery [15], so the 
electrode structure affects the direct current internal resistance (DCIR) 
[16]. Therefore, studying the relationship between electrode structure 
and DCIR can help us design batteries with high performance.

The effect of electrode structure on the internal resistance of batte
ries have been studied. Donglan Zhou et al. prepared PbO2-P and PbO2-G 
anodes, revealing that the PbO2-G anode, with its more compact surface 
structure, exhibits higher particle connectivity and a lower internal 
resistance compared to the porous PbO2-P anode [17]. Desiree Grieβl 
et al. found that smaller pores in the electrode structure result in 
increased ion diffusion resistance [18]. Yuntao Guo et al. found that the 
smaller the sphericity of the active material in graphite anode, the larger 
the contact resistance, which is predominantly influenced by the re
sistivity of electrode coating and collector, as well as the contact area 
between them [19]. Despite these findings, these studies employed 
simplified structural parameters that do not accurately represent the real 
situation, and it still lacks a quantitative relationship between electrode 
structure and DCIR. The structure-activity relationship of a battery is 
usually explored through electrochemical modeling [20]. The classical 
P2D model assumes homogeneous electrode particle size, which does 
not accurately describe the real porous structure. Moreover, the multi
tude of partial differential equations adds a layer of complexity to the 
calculations [21,22]. The emerging pore network model (PNM) has 
garnered favor among researchers, which accurately extract the inho
mogeneous structure of electrodes and boasts computationally efficient 
[23]. Currently, PNM has been successfully applied to LIB [24–26]. 
Studies have utilized PNM to investigate the effects of tortuosity [27], 
particle size distribution [27], connectivity [28], and porosity [29] on 
performance. The precision of determining the DCIR hinges on the 
judicious choice of calculation methods. Currently, the common DCIR 
test methods are Hybird Pulse Power Characterization (HPPC) [30] and 
Japan Electric Vehicle Standard (JEVS) [31]. The JEVS method uses a 
series of currents from 0 to 10 C, which can avoid the bias of the results 
generated by using a single current a limitation characteristic of the 
HPPC method [32]. Its demonstrated ability to provide more reliable 
and accurate outcomes compared to the HPPC method.

Moreover, machine learning has been widely applied to electrode 
design [33,34]. Yoichi Takagishi et al. used artificial neural network 
(ANN) to forecast the charge and discharge specific resistance of porous 
electrodes and optimized the process parameters to design electrodes 
with excellent performance [35]. Duo Yang et al. developed a Gaussian 
regression model to predict battery SOH using the charging curve as 
input [36]. Among them, Gaussian regression machine learning is 

appropriated for dealing with complex regression problems with high 
dimensionality and small samples [37].Therefore, Gaussian regression 
modeling and combined it with Shapley Additive exPlanations (SHAP) 
interpretation [38–40] can be used to compare the degree of influence of 
different structural parameters on DCIR. To obtain a quantitative rela
tionship between electrode structural parameters and DCIR, more effi
cient methods are required. There have been studies using symbolic 
regression to discover analytical formulas for predicting the lifetime of 
LIBs with new features [41], as well as using symbolic regression to 
obtain performance expressions for the relevant parameters of the bat
tery thermal model to optimize the model [42]. Therefore, a prediction 
formula for calculating the DCIR from the electrode structure parame
ters can be derived using symbolic regression.

DCIR calculation of battery constructed from PNMs with different 
structural parameters using JEVS. Then combined with machine 
learning, the optimal electrode structure can be found [43]. Therefore, 
this study investigates the relationship between cathode structure and 
DCIR using PNM combined with machine learning. Firstly, the PNM of 
lithium manganate cell is constructed, as shown in Fig. 1(a). And the 
DCIR is simulated with the JEVS method in Fig. 1(b). Subsequently, the 
prediction from structure to DCIR is performed by Gaussian process 
regression machine learning shown in Fig. 1(c). And the Shapley value is 
used to interpret the results of machine learning, which can obtain 
several structural parameters with high influence. Finally, symbolic 
regression machine learning based on genetic algorithm is utilized to 
achieve the prediction formula for DCIR derived from the structural 
parameters of the electrode.

2. Model and methods

2.1. Pore network model

Fig. 2 illustrates the process of constructing the PNM. Lithium 
manganate (LiMn2O4) and graphite (LixC6) are used as cathode and 
anode materials, respectively. To investigate the effect of cathode pa
rameters on the DCIR of LIB, we randomly generate the disordered 
structure for the cathode using the Python package Porespy [44] and 
extract the pore-throat structure using the Python package OpenPNM 
[45], as shown in Fig. 2(a). The separator and anode electrode are 
randomly generated by OpenPNM to generate a regularized structure. 
PNM of lithium manganate cell is constructed, which can be divided into 
the electrolyte phase (ELEC), active material phase (AM), and carbon 
binder phase (CBD), as shown in Fig. 2(b). The settings of the relevant 
parameters are basically consistent with the experimental settings of 
Chen et al. [46], as shown in Table. SI1. Due to the low computational 
efficiency of the complex disordered structure, the cathode structure, 
which determines the quantitative relationship between cathode pa
rameters and DCIR, is a regularized structure similar to the anode 
depicted in Fig. 2(b).

During battery operation, diffusion and migration of Li-ions and 
intercalation reactions take place. The PNM can discretize the complex 
partial differential equations in the P2D model, referring to the work of 
Zohaib et al. [26] and Mehrez et al. [47] to derive the governing 
equations. First, it is assumed that the intercalation reaction occurs with 
no change in cell volume and a uniform concentration in each pore. The 
PNM consists of pore-throat structure, which can be calculated using the 
principle of resistive series connection by considering a pore-throat-pore 
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structure in the model as a combined conductance. In the cell charging 
and discharging process mainly involves diffusive conductance, ionic 
conductance and electrical conductance, as shown in Eq. (1). 
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In the ELEC, the change in lithium ions (Li-ions) concentration, which is 
described by the Nernst-Planck equation and the Butler-Volmer (BV) 
equation as shown in Eq. (2) is caused by the diffusion and migration of 
Li-ions and the intercalation reaction at the solid-liquid interface. And 
the flux of Li-ions at the interface between the electrolyte and the fluid 
collector is specified to be zero. 
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The concentration and potential difference of the Li-ions in the ELEC 
drive the Li-ions to migrate, causing charge to flow and generate an 
electric current. The potential can be calculated using a modified Ohm’s 
law and the BV equation as shown in the following equation. No current 
flows at the junction between the ELEC and the collector. 
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Fick’s law and the BV equation are used to calculate the solid phase 
lithium concentration, which mainly consists of lithium diffusion in the 
AM and intercalation reactions in the ELEC with the AM and can be 

expressed in Eq. (4). The PNM structure of the separator is constructed 
by setting all its pores in the ELEC, while specifying that lithium cannot 
pass from the AM to the separator, and that the flux of lithium metal at 
the interface between the collector and the AM is also zero. 
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The solid phase potential is expressed using Ohm’s law and the BV 
equation, assuming that the CBD does not react. It can be calculated 
using Eq. (5). 

ajtr = −
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The electrochemical reaction occurring at the solid-liquid interface is 
described by the BV kinetic equation as shown in Eq. (6). The exchange 
current density and overpotential are expressed by Eqs. (7) and (8). Eq. 
(9) defines the equilibrium potential. 

jtr = i0i
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(

−
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(6) 
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Ut
i = f(SOCi) (9) 

The curve of equilibrium potential versus state of charge (SOC) in 
Eq. (9) is shown in Figure. SI1. Meanwhile the current is conserved in 
the AM and the ELEC. 

Fig. 1. Structural framework of lithium manganate cell for predicting DCIR from cathode structural parameters. (a) Construct PNM for lithium manganate cell with 
cathode characterized by specific thickness, porosity, connectivity, average particle size of active material particles, and total specific surface area of the active 
material particles. (b) The DCIR of the cell is obtained by JEVS method and the quantitative relationship between the DCIR and structural parameters is fitted. (c) 
Gaussian regression machine learning is used to predict the DCIR, and SHAP is used to interpret the machine learning results and compare the influence of the 
structural parameters. Finally, symbolic regression is used to derive an equation for predicting the DCIR from the structural parameters.
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∇ielec +∇iAM = 0 (10) 

The interpretation of the parameters used in PNM is shown in 
Table 1. The settings regarding the PNM model parameters are shown in 
Table. SI1.

2.2. JEVS internal resistance test method

DCIR includes ohmic and polarization internal resistance, which is 
closely related to the capacity, power and life of the battery. It is an 
important parameter of the LIBs operation status. The principle for 
determining DCIR involves the application of a pulse current to the 
battery or battery pack. By leveraging Ohm’s law, DCIR is calculated 
based on the voltage and current values taken before the battery fully 
polarizes. In this paper, JEVS method is used to calculate the DCIR, and 
the basic principle is to apply incremental pulse currents at the same 
SOC. As shown in Fig. 3(a), this study selects 1 C, 2 C, 5 C, and 10 C 
currents to charge and discharge with a pulse time of 10 s and a shelf 
time of 60 s [48]. As shown in Fig. 3(b), the final second of each pulse 
charge/discharge is selected for data collection and the voltage and 
current values at that time are recorded for linear fitting. The resulting 
slope from this analysis is the desired charging and discharging DCIR, αʹ 

and α are the slope angles of the charging and discharging 
voltage-current curves, as outlined in Eq. (11). 

DCIRDischarge = tan(α)
DCIRCharge = tan(αʹ) (11) 

2.3. Machine learning

This study uses machine learning to investigate the structure-activity 
relationship of lithium manganate cell. In this paper, Gaussian regres
sion machine learning, which is simple and easy to use and has high 
generalization ability, is used for prediction and SHAP values are used to 
interpret the results of machine learning [38]. The main factors affecting 
the DCIR are obtained, and finally the DCIR prediction formula is 
derived by combining symbolic regression.

Fig. 2. (a) Extraction of pore-throat structure from disordered cathode structure, (b)PNM of lithium manganate cell.

Table 1 
Summary of parameters used in PNM.

Nomenclature

Ged Liquid phase diffusion conductance jtr Li-ion flux density at 
solid-liquid phase 
interface

Gsd Solid phase diffusion conductance φt
i,elec Potential of pore i in the 

ELEC
Ke Liquid phase ionic conductance φt

j,elec Potential of pore j in the 
ELEC

Kohm Solid phase electrical conductance cti,AM Li concentration of pore i 
in the AM

li Distance from the center of mass of 
pore i to the center of mass of the 
throat

ctj,AM Li concentration of pore j 
in the AM

lj Distance from the center of mass of 
pore j to the center of mass of the 
throat

φt
i,AM Potential of pore i in the 

AM

lij Throat length φt
j,AM Potential of pore j in the 

AM
Ai Cross-sectional area of pore i φt

i,CBD Potential of pore i in the 
CBD

Aj Cross-sectional area of pore j φt
j,CBD Potential of pore j in the 

CBD
Aij Cross-sectional area of the throat αa Anodic transfer 

coefficients
DLi+ Liquid phase Li-ions diffusion 

coefficient
αc Cathodic transfer 

coefficients
kLi+ Liquid phase Li-ions conductivity ci,max Maximum Li 

concentration in the 
electrode

DLi Solid phase Li diffusion coefficient k Reaction rate
σLi Solid phase Li conductivity i0i Exchange current density
Vi,elec Volume of pore i in the ELEC η Overpotential
t+0 Li-ions liquid phase transfer 

coefficient
Uti Equilibrium potential

cti,elec Li-ions concentration of pore i in the 
ELEC

iAM Current in the AM

ctj,elec Li-ions concentration of pore j in the 
ELEC

ielec Current in the ELEC

A Interface area between AM and 
ELEC

​ ​
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2.3.1. Gaussian regression model and SHAP explanatory model
A Gaussian process is a stochastic process defined over a continuous 

domain with infinitely many random variables obeying a Gaussian dis
tribution and can be represented by Eq. (12). Gaussian regression 
modeling is a nonlinear, nonparametric regression tool based on 
Bayesian probability theory [37]. 

f(x) ∼ GP(m(x), k(x, xʹ)) (12) 

m(x) is the mean function and k(x, x́ ) is the covariance function.
The SHAP model is employed to interpret machine learning results 

by determining the influence of each feature on the final prediction. This 
method builds upon the Shapley value concept from game theory, using 
it to quantify the contribution of each feature within a machine learning 
model. The Shapley values of the features can be expressed in Eq. (13)
[49]. 

Shapley
(
Xj
)
=
∑

S⊆N\{j}

k!(p − k − 1)!
p!

(f(S∪{j}) − f(S)) (13) 

p is the total number of features, N\{j} is the set of all possible features 
not included, S is the set of features in N\{j}, and f(S∪{j}) and f(S)
denote the prediction results with and without Xj in the model, 
respectively.

2.3.2. Symbolic regression model
The specific implementation of symbolic regression is a genetic al

gorithm. A combination of descriptors, operators, and mathematical 
functions are used as chromosomes to form an individual, based on a 
finite fitness understanding with appropriate scoring criteria to set the 
basis of superiority and inferiority. Individuals with better fitness values 
will be copied, mated, and mutated so that solutions that better fit the 
objective function can effectively reproduce to the next generation, thus 
continuously approximating the data distribution. Genetic algorithm- 
based symbol regression can efficiently and automatically design 
hybrid descriptors that outperform single descriptors [50].

3. Results and discussion

3.1. Pore network modeling results and validation

The PNM of lithium manganate cell is simulated by charging with a 
constant current of 1C, with the voltage range set between 3.2V and 
4.3V for charging and discharging cycles. Fig. 4(a) and Fig. 4(b) show 
the Li-ions concentration and voltage distribution diagrams of the cell at 
0 and 2000 s, respectively. The concentration distribution diagrams 
visualize that the Li-ions pass through the separator from the cathode to 
the anode by diffusion and migration during the charging process. As Li- 
ions percolate through the anode, the concentration increases. The 
electrons are transferred to the anode through the external circuit, and 
eventually the total potential rises, which can be well confirmed by the 
voltage distribution diagram. The concentration and potential distri
bution of individual pores in different phases are shown in Figure. SI2. 
The simulated charging curves are compared with the experimental 
results of Chen et al. [46], as shown in Fig. 4(c). It can be seen that the 
simulated and experimental values are similar, with a larger error at 
2000 s (the relative error at this point is 2 %). The later error becomes 
larger, this may be because, the simulation did not take into account the 
effect of temperature, and the experimental with the growth of charging 
time temperature rises, the side reaction increases, the internal resis
tance enlarges, resulting in the phenomenon of voltage growth rate 
becomes larger.

3.2. Relationship between DCIR and structural parameters

Fig. 5 demonstrates the quantitative relationship between the 
structural parameters of the cathode and the DCIR. Since these randomly 
generated PNM geometries may contain several different structural 
parameters, the main focus in describing the patterns is on the overall 
trends. The DCIR increases with increasing thickness (L) of the cathode 
electrode, as shown in Fig. 5(a) and (d). The diffusion distance of ions in 
the cathode material and the transport path of electrons are increased by 

Fig. 3. (a) Pulse charging and discharging test with 1 C, 2 C, 5 C and 10 C, (b) calculation principle of JEVS internal resistance test method.

Fig. 4. (a) Li-ions concentration and (b) voltage distribution of lithium manganate cell, (c) PNM simulation and experimental results validation plot.
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increasing the L of the cathode. These reasons lead to an increase in the 
DCIR. It is observed in Fig. 5(b) and (e) that the DCIR increases with the 
increase of the average particle size of the active material particles (d), 
which is due to the fact that decreasing the d increases the total specific 
surface area of the active material particles (S/V), improves the contact 
area between the electrolyte and the electrode material, and facilitates 
ionic transport, thus decreasing the DCIR, which is also demonstrated in 
Fig. 5(c) and (f). The DCIR in Fig. 5(g) and (i) shows a decreasing trend 
with increasing cathode pore connectivity (G). This is attributed to the 
increased G, which shortens the electron transport paths and makes the 

ion diffusion smoother. Fig. 5(h) and (j) demonstrate the effect of 
porosity (ε) on DCIR, showing a similar pattern to that of G, where an 
increase in ε improves the G of electron and ion transport in the cathode 
material and improves the contact between the AM and the ELEC, 
reducing the interfacial impedance. The methods of G and ε alteration 
are demonstrated through Fig. 5(k) and (l). The results of the charging 
and discharging DCIR reflect that the discharging DCIR is greater than 
the charging DCIR, which due to the different electrochemical reactions 
occurring in charging and discharging. During discharge process, Li-ions 
are transferred from the anode electrode to the cathode electrode, at this 

Fig. 5. Effect of electrode (a) L, (b) d, (c) total S/V, (g) G and (h) ε on the discharge DCIR of the cathode for lithium manganate cell; effect of electrode (d) L, (e) d, 
(f) total S/V, (i) G and (j) ε on the charging DCIR of the cathode for lithium manganate cell. Graphical representation of (k) G and (l) ε.
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time, the diffusion and migration of ions as well as the intercalation 
reaction occur at the cathode electrode. Due to the change of the 
structural parameters of the cathode electrode, the electrode structure 
becomes more complex, which is not conducive to the movement of ions 
and electrons, and therefore will increase the DCIR. Changes in the 
structural parameters of the electrodes can affect other properties in 
addition to the DCIR, e.g., when the electrode L increases, the energy 
density of the cell increases; when the ε is too high, the solid phase 
conductivity may be reduced. Therefore, where appropriate, the DCIR of 
the cell can be reduced and the cell performance can be improved by 
reducing the electrode L and d, as well as increasing the S/ V, G, and ε.

3.3. Results of Gaussian regression and explained by SHAP

All the structures used to explore the relationship between structural 
parameters and DCIR as described previously are integrated together (a 
total of 487 data sets), and the dataset is normalized and divided into a 
training set and a test set in the ratio of 7:3. Trained for Gaussian 
regression machine learning in Matlab R2023b, stochastic search 
method is used to optimize the hyperparameters. The good prediction 
results can be seen in Fig. 6, where all the mean absolute errors (MAE) 
are less than 2 %, and the root mean square error (RMSE) of the test set 
of the DCIR of the discharges is a maximum of 6.14 %. These results 
substantiate the reliability of the model prediction using Gaussian 
regression machine learning.

In order to address the black-box problem of machine learning, we 
use the SHAP model to give possible relationships between predicted 
values and certain features. The deeper the red, the higher the predicted 
value; the bluer the color, the lower the predicted value. SHAP values 
reflect the impact of feature elements on the model’s output. As shown 
in Fig. 6(c) and (f), the eigenvalue analysis of ε, shows that when the 
values of ε are larger, the SHAP values are predominantly negative, 
indicating that the ε is inversely related to the DCIR, which is similar to 
the law in Section 3.2. However, the relationship between the G and the 
S/V during charging and the DCIR is again different from the pattern in 

Section 3.2, which may be due to the structural parameters will have 
some interactions with each other, affecting the final results. For 
example, the degree of G has a certain interaction with ε, and the S/V is 
affected by the d. The graphs are arranged from top to bottom according 
to the average absolute value of the characteristics, this arrangement is 
the order of the degree of influence of each structural parameter on the 
DCIR from the largest to the smallest. Fig. 6(c) shows that ε, d and S/V 
have the greatest effect on discharge DCIR, while electrode L, ε and d 
have a greater effect on charging DCIR, which can be observed in Fig. 6
(f). And the least influential are all G.

3.4. Symbolic regression results based on genetic algorithm

The usual formula for calculating DCIR requires the battery to be 
charged and discharged with a certain amount of standstill time in order 
to derive it and cannot be obtained directly from the factory battery. It is 
found that the DCIR has a certain correlation with the structural pa
rameters of the electrode through this study, therefore, we would like to 
predict the DCIR formula by several important structural parameters 
through the symbolic regression model based on genetic algorithm. The 
degree of influence of different structural parameters on DCIR is 
analyzed when performing SHAP model interpretation. Due to the large 
correlation between G and ε, d and S/V. Taking into consideration, we 
finally selected electrode L, ε and d as input parameters for symbolic 
regression. The DCIR in the form of Eq. (14) is output according to the 
tree structure shown in Fig. 7(a). 

DCIR= b1Ldb2 εb3 (14) 

The 487 data sets are normalized and divided into train and test sets 
in the ratio of 7:3 for symbolic regression learning in Matlab R2023b. 
The charging and discharging DCIR is predicted by symbolic regression 
based on genetic algorithm as shown in Eq. (15) and Eq. (16). The 
optimal values of b1, b2 and b3 are derived by predicting the charging 
and discharging DCIR through symbolic regression based on genetic 
algorithm as shown in Eq. (15) and Eq. (16). The physical significance 

Fig. 6. Gaussian regression prediction results of lithium manganate cell discharge DCIR in (a) training set and (b) test set, (c) SHAP values of each structural 
parameter of discharge DCIR; Gaussian regression prediction results of lithium manganate cell charge DCIR in (d) training set and (e) test set, (f) SHAP values of each 
structural parameter of charge DCIR.
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of the coefficient b1 in the formula for charging DCIR is 0.168 resistance 
per unit volume, and the physical significance of the coefficient b1 in the 
formula for discharging DCIR is 0.072 resistance per unit area. The 
determination of these two coefficients is limited by the kinetic pa
rameters of a specific battery. However, the process of determining this 
formula can help better understand the methods and factors affecting 
the acquisition of the battery’s DCIR. Fig. 7(b–e) shows the results of the 
true and predicted values plotted according to the prediction formula for 
both the training and test sets. Both RMSE and MAE are below 20 % and 
10 % respectively, which shows the accuracy of Eq. (15) and Eq. (16). 
Structures corresponding to scatters far from y = x may have large 
variations in the G or in the S/V, causing these two structural parameters 
to have a large impact on the DCIR. 

DCIRCharge =0.168L
d4

ε2.5 (15) 

DCIRDischarge =0.072L
d3

ε2 (16) 

4. Conclusion

In this work, the relationship between various cathode structural 
parameters and the DCIR during charging and discharging processes are 
analyzed by constructing the PNM of lithium manganate cell. The results 
show that the DCIR is proportional to the cathode L. Although increasing 
the cathode L will increase the active material, it will also increase the 
DCIR. Therefore, a reasonable design of the cathode L can be a good 
balance between the energy density and the DCIR. The DCIR is nega
tively proportional to the cathode G. Increased the connectivity favors 
the movement of ions and electrons. Increasing the ε will also reduce the 
DCIR, however, excessively high a ε can reduce the conductivity of the 
solid phase. therefore, it is imperative to establish a reasonable ε value. 
Reducing the d can increase the S/V, thus increasing the contact area 
between the active material and the electrolyte in favor of the electro
chemical reaction. Consequently, the DCIR increases with larger d, while 
a higher S/V has the opposite effect.

In order to compare the degree of influence of each structural 
parameter, Gaussian regression machine learning is combined and the 
results of the machine learning are interpreted using the SHAP model. It 

is found that ε, d, and S/V are the most influential factors on the 
discharge DCIR. In contrast, for charge DCIR, electrode L, ε, and d are 
identified as having a more pronounced effect. Since ε and G, d and S/V 
are closely related, genetic algorithm-based symbol regression is used to 
explore the relationship between cathode L, ε and d and charge/ 
discharge DCIR, finally obtain DCIRCharge = 0.168Ld4/ε2.5 and 
DCIRDischarge = 0.072Ld3/ε2. This relational equation can help to 
improve the battery health state estimation based on the internal 
resistance method. The framework of combining pore network modeling 
and machine learning to predict the DCIR of lithium manganate cell 
charging and discharging established in this research fills the gap of the 
quantitative relationship between electrode structure and DCIR, assist
ing the design of lithium manganate cell cathode structure. Notably the 
PNM is not limited to the lithium manganate cell, most cells with porous 
electrodes are suitable. Meanwhile, the method to analyze DCIR with 
PNM and machine learning can also be applied to lead-acid batteries, 
fuel cells and other types of batteries, which offers theoretical insights 
for optimizing the microstructure of Li-ion batteries to improve their 
performance.
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