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A high-precision electrochemical model of lead-acid batteries is the core 

foundation for enhancing the safety of battery management systems. However, the 

numerous parameters and strong coupling characteristics of the model make 

identification difficult. In order to explore the design basis for an efficient and 

accurate parameter identification framework, this paper conducted a parameter 

sensitivity analysis. The parameter value ranges for 23 variables were determined 

based on established lead-acid battery literature. The sensitivity analyses were 

then performed across different C-rates and depth of discharge regions, primarily 

evaluating parameter identifiability. Additionally, the impact of parameter 

uncertainty on critical model outputs, specifically electrolyte concentration and 

side reaction overpotential, was quantified under constant-current charging 

conditions. The results indicate that capacity and electrochemically relevant 

parameters with high sensitivity significantly influence the terminal voltage. 

Accordingly, this paper proposes a stepwise identification strategy and clarifies 

the optimal identification conditions for different parameters: capacity-related 

parameters are suitable for low-current conditions, while electrochemical 

parameters require identification under high-rate currents. 
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1 1. INTRODUCTION 

Lead-acid batteries have been identified as a mature, 

cost-effective electrochemical energy storage technology 

with a well-established recycling system. This has led to 

the conclusion that they play a crucial role in ensuring 

the safe and stable operation of power systems [1]. In 

the context of hydropower plants, these systems function 

as backup power sources. They facilitate the initiation of 

black start operations by providing initial energy and 

ensure the continuity of power supply to control and 

protection systems during primary power outages. The 

reliability and lifespan of these components have a 

direct impact on the operational safety of hydropower 

units and even regional power grids [2], [3]. However, 

actual battery operation involves factors like continuous 

charge-discharge cycles, different C-rates, and long-term 

float charging. These can cause capacity degradation and 
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increased internal resistance. Ultimately, they may result 

in a reduced lifespan and even thermal runaway risks. It 

is imperative to meticulously monitor the battery states, 

encompassing state of charge (SOC) [4], state of health 

(SOH) [5], [6], and state of power (SOP) [7]. The 

accuracy of estimating and predicting these states 

depends on the utilization of a high-performance battery 

management system. 

At present, the core algorithms in battery 

management systems are predominantly based on 

equivalent circuit models. Equivalent circuit models are 

well-suited to real-time monitoring, due to their simple 

structure, high computational efficiency, and ease of 

online parameter identification. However, equivalent 

circuit models do not adequately address the 

mechanisms of nonlinear electrochemical processes 

within batteries, resulting in suboptimal accuracy in 

long-term degradation behavior, responses under 

extreme conditions, and side reactions such as gas 

evolution. This complicates the fulfilment of battery 

safety management requirements throughout the entire 

lifecycle. In order to surmount this limitation, there is an 

urgent necessity to develop battery management systems 

based on electrochemical models. Electrochemical 

models offer high precision and can provide insights into 

internal physical processes, thus constituting the 

foundation for next-generation battery management 

system (BMS) [8]. However, the high precision of 

electrochemical models depends on the accuracy of the 

parameters employed. Electrochemical models are 

characterized by a high number of parameters, and 

experimental identification is a time-consuming and 
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labor-intensive process. This is further complicated by 

the fact that some parameters exhibit time-varying 

characteristics. Consequently, the identification of 

parameters through the utilization of artificial 

intelligence algorithms has garnered considerable 

attention. Nevertheless, this data-driven parameter 

identification is confronted with some challenges, 

including the curse of dimensionality and the risk of 

overfitting [9], [10]. Parameter sensitivity analysis is a 

process that can be utilized to identify critical sensitive 

parameters and guide the design of identification 

conditions, so this analysis is considered a necessary 

prerequisite [11]. Parameter sensitivity analysis has been 

widely applied to various battery models [11–14]. 

In their seminal study, Hojat et al.[12] proposed a 

probabilistic model, grounded in the sparse Jacobi 

polynomial chaos expansion to quantify the uncertainty 

of lead-acid batteries. Then they proceeded to perform a 

global sensitivity ranking of 19 parameters using the 

Sobol index. Nevertheless, the parameter ranges under 

consideration lack sufficient supporting literature and 

have been conservatively set. Li et al. [11] determined 

the boundary ranges of the 26 parameters in their model 

based on literature on ternary lithium batteries and 

conducted parameter sensitivity analysis under dynamic 

operating conditions, finding that capacity-related 

parameters had a more significant impact than the other 

parameters. Chen [13] proposed a distinguishability 

analysis framework to study the effects that model 

parameters have on voltage and temperature outputs. 

Furthermore, the framework was designed to examine 

the effects of critical operating conditions on model 

parameters. It is important to acknowledge that the 

aforementioned studies have all concentrated on lithium-

ion battery systems. Igor et al. [14] developed a 

straightforward and universally applicable solid-state 

battery model, and they conducted a comprehensive 

analysis of its parameters. Their findings revealed that 

the electrolyte diffusion coefficient exerts a substantial 

influence on the efficiency of the battery. Nevertheless, 

the present study is chiefly concerned with the design 

and optimization of battery materials. 
In order to address the aforementioned research gap, 

this paper conducted a sensitivity study on the 

electrochemical model parameters of lead-acid batteries 

for battery management systems. A total of 23 

parameters were determined based on publicly available 

lead-acid battery parameters as typical values. In the 

course of constant-current charge-discharge 

experimentation, encompassing various C-rates and 

depth of discharge (DOD) regions, the sensitivity effects 

of parameters on four safety-critical states were 

quantitatively assessed including terminal voltage, 

electrolyte concentration, oxygen evolution 

overpotential at the positive electrode, and hydrogen 

evolution overpotential at the negative electrode. This 

work provides a foundation for experimental design and 

identification strategies for battery model parameter 

identification. 

The following sections are contained within this 

paper, in addition to the introduction: the second section 

of this study introduces the electrochemical model of 

lead-acid batteries. The third section describes the 

calibration of model parameters for lead-acid batteries. 

The fourth section outlines the objectives and 

methodology of parameter sensitivity analysis. The fifth 

section presents the results of parameter sensitivity 

analysis and discusses implications for parameter 

identification. Finally, the sixth section concludes the 

paper. 

2.  LEAD-ACID BATTERIES ELECTROCHEMI -      

CAL MODEL   

As shown in Figure 1, a lead-acid battery consists of five 

components: positive electrode, acid storage 

compartment, separator, negative electrode and current 

collector. During charging and discharging, chemical 

reactions occur at the positive and negative electrodes 

(see Equations 1 and 2). During discharge, PbO2 at the 

positive electrode and Pb at the negative electrode react 

electrochemically to form PbSO4. Upon charging, the 

PbSO4 reverts to PbO2 and Pb through the reverse 

reaction. Since the reaction involves solid-phase 

transformation, the active surface area of the electrode’s 

changes during charge and discharge, as shown in 

Equation (3). 

 

 

Fig. 1. Schematic of the electrochemical model for Lead-

acid batteries. 
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(2)
 

 
(3) 

Where Amax is maximum electroactive area, A is 

electroactive area ， ε is porosity, ε0 is zero charge 

porosity, εmax is fully charged porosity, ζ is morphology 

parameter on kinetics, with a value of 2. 

During charge and discharge, the phase 

transformation among PbO2, Pb, and PbSO4, which is 

driven by differences in their molar volumes, leads to 

changes in the porous structure of the electrodes. This, 
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in turn, affects the solid-phase conductivity, liquid-phase 

conductivity, and the rate of mass diffusion in the 

electrolyte, with the specific relationships given in 

Equation (4). 

 
(4) 

where  is porosity, =0.5, = =1.5. 

During operation, lead-acid batteries undergo changes in 

the porosity of the active material, and in the solid-phase 

electronic conductivity, liquid-phase ionic conductivity 

and electrolyte diffusion. Due to their large aspect ratio, 

these phenomena can be described using partial 

differential equations in a one-dimensional model. The 

specific derivation of these equations can be found in 

[15], and the formulas are summarized in Table 1. The 

parameters in the formulas are detailed in Tables 2 and 3. 

 

Table 1. Summary of control equations for electrochemical models of lead-acid batteries. 
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3.   PARAMETER BENCHMARKING FOR LEAD-

ACID BATTERIES 

Electrochemical models involve numerous 

parameters and any change to which can affect the 

model's output. For the results of parameter sensitivity 

analysis to be reliable, a reasonable parameter range is 

required. Therefore, this section identifies typical values 

for 23 key parameters. These values are based on the 

literature in lead-acid battery electrochemical modelling 

with defined ranges for different parameters. The table 

shows the ranges of the 23 electrochemical parameters 

determined in this study and their sources. To facilitate 

subsequent analysis and discussion of the results, these 

parameters have been categorized into four groups based 

on their physical meaning and how they function within 

the model. 

(1) Geometric parameters 

The model uses 9 parameters to characterize the 

geometric features of the battery. These include the 

width of the electrode and the acid storage chamber, as 

well as the porosity of the electrode and separator. These 

parameters directly determine the volume of active 

material in the electrode, thereby affecting the battery's 

theoretical capacity. 

(2) Transport parameters 

This paper conducts a sensitivity analysis of 3 

transport parameters, including positive and negative 

electrode electronic conductivity and ion mobility. These 

parameters influence the ohmic and concentration 

polarization of the battery. 

(3) Kinetic parameters 

The model's Kinetic parameters are primarily 

derived from the Butler-Volmer (B-V) equation, 

comprising a total of 10 parameters. These parameters 

can be divided into 4 categories, including exchange 

current density, maximum active area, charge transfer 

coefficient and charge transfer reaction concentration 

index. These parameters characterize the 

electrochemical reactions that occur during charging and 

discharging of the battery and influence its 

electrochemical polarization. 

(4) Concentration parameters 

In this paper, the electrochemical model uses the 

initial electrolyte concentration as the concentration 

parameter. Similar to the geometric parameters, these 

parameters are related to the battery capacity; however, 

it primarily affects the battery's actual usable capacity. 

In addition to the 23 aforementioned parameters, 

the model incorporates two further categories of 

parameters. The first category consists of physical 

constants with universally accepted standard values, 

such as the density of lead and lead dioxide, for which 

the variation ranges do not require determination. The 

second category comprises polynomial functions 

associated with electrolyte concentration, including the 

electrolyte diffusion coefficient and electrolyte 

conductivity. These parameters are typically obtained 

through experimental fitting, and the analysis of such 

parameters falls outside the scope of this study. The two 

categories of parameters utilized in this model are 

outlined in Table 3. 
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Table 2. List of electrochemical model parameter value ranges for the sensitivity analysis.   

Category Symbol Unit Description Benchmarking Boundaries 

Geometric 

parameters 

+L  cm 
Positive electrode 

thickness 

0.0865[16], 0.16685[17], 

0.06[18,19] , 0.09[20] 
0.06-0.16685 

resL  cm Reservoir thickness 
0.16[16,18], 

0.055[16,18,19], 0.13[17] 
0.055-0.16 

sepL  cm Separator thickness 
0.056[16], 0.2[16], 

0.014[16,18,19], 0.07[17] 
0.014-0.07 

-L  cm 
Negative electrode 

thickness 

0.0815[16,18,19], 

0.075[16], 0.06[16,18,19] 

0.138[17], 0.125[20] 

0.06-0.125 

+
maxε  - 

Positive electrode fully 

charged porosity 

0.55[16,18], 0.565[16], 

0.53[16,18,19], 0.57[20] 
0.53-0.57 

+
0ε  - 

Positive electrode zero 

charged porosity 

0.28[17], 0.27[17], 

0.34[21] 
0.28-0.34 

sep  - Separator porosity 

0.6[16,18], 

0.73[16,18,19], 0.58[17], 

0.92[20] 

0.58-0.92 

-
maxε  - 

Negative electrode fully 

charged porosity 

0.61[16,18], 0.63[16], 

0.53[16],[18–20] 
0.53-063 

-
0ε  - 

Negative electrode zero 

charged porosity 
0.31[17], 0.3[21] 0.3-0.31 

Transport 

parameters 

+σ  S cm-1 
Positive electrode 

conductivity 
80[16–20], 500[16] 80-500 

-σ  S cm-1 
Negative electrode 

conductivity 

48000 [16],[18–20], 

47000[17] 
47000-48000 

+
0t  - Transfer number of H+ 0.9[16,18], 0.72[16–21] 0.72-0.9 

Kinetic 

parameters 

+
oi  A cm-2 

Positive electrode 

exchange current density 

6×10-7 [16,18,20], 

6.66×10-7 [16], 

1.5×10-7 [17] 

1.5×10-7- 

6.66×10-7 

-
oi  A cm-2 

Negative electrode 

exchange current density 

8×10-6 [16,18,20],  

2.5×10-6 [17] 

2.5×10-6- 

8×10-6 

maxA+
 cm2 cm-3 

Positive electrode 

maximum electroactive 

area 

2.05×105 [16,18],  

2.3×105 [16,17], 

2×105[17] 

2×105-2.3×105 

maxA−
 cm2 cm-3 

Negative electrode 

maximum electroactive 

area 

2.5×104[16,18], 

2.3×104[16,17], 2×104[17] 
2×104-2.5×104 

a +
 - 

Anodic charge transfer 

coefficient, positive 

electrode 

0.7[16] , 0.5[16] , 

1.15[18] 
0.5-1.15 

c +
 - 

Cathodic charge transfer 

coefficient, positive 

electrode 

1.3[16], 0.85[18], 0.5[16] 0.5-1.3 

a −
 - 

Anodic charge transfer 

coefficient, negative 

electrode 

1[16], 1.55[18], 0.5[16] 0.5-1.55 

c −
 - 

Cathodic charge transfer 

coefficient, negative 

electrode 

1[16], 0.45[18], 0.5[16] 0.5-1 

 +
 - 

Charge transfer reaction 

concentration exponent, 

positive electrode 

0.5[16], 0.3[18], 1.5[16] 0.3-1.5 

 −
 - 

Charge transfer reaction 

concentration exponent, 

negative electrode 

0.5[16], 1.0[18], 1.5[16] 0.5-1.5 

Concentration 

parameters 0c  mol m-3 
Initial electrolyte 

concentration 

4.8×10-3 [18], 

4.1×10-3 [16], 

4.9×10-3 [16] 

4.1×103-

4.9×103 
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Table 3. Physical constants and other parameters. 

Symbol Unit Description Value 

ρPb g cm-3 Density of Pb 11.34 

ρPbO2 g cm-3 Density of PbO2 9.7 

ρPbSO4 g cm-3 Density of PbSO4 6.3 

MPb g mol-1 Relative molecular mass of Pb 207.2 

MPbO2 g mol-1 Relative molecular mass of PbO2 239.2 

MPbSO4 g mol-1 Relative molecular mass of PbSO4 303.26 

  ,s cm-1 Electrolyte conductivity [20] 2exp(6.23 134 16100 )c c c− −  

 D ,cm s-1 Electrolyte diffusion coefficient [20] ( ) 9175 260.0 10c −+   

 

 

 

Fig. 2. Framework of parameter sensitivity analysis. 

 

4. PARAMETER SENSITIVITY ANALYSIS 

The parameter sensitivity analysis process is 

illustrated in Figure 2. The parameters vary within the 

ranges determined in Section 3, and the electrochemical 

model outputs various results under different operating 

conditions. The final step in the process is the 

calculation of the parameter sensitivity index. This 

section is principally concerned with the introduction of 

the target state of parameter sensitivity analysis, the 

parameter value strategy, and the sensitivity calculation 

index. 

4.1 Target State of Parameter Sensitivity Analysis 

The parameter sensitivity analysis provides a foundation 

for a parameter identification framework, which aims to 

ensure the predictive accuracy of electrochemical 

models in battery management systems. The most 

frequently employed external signal in BMS is voltage; 

consequently, analyzing the impact of parameter 

changes on terminal voltage is of the utmost importance. 

The model employed in this study is an electrochemical 

model, which confers the key advantage of providing 

insight into the internal state of the battery. 

Consequently, it is imperative to direct attention towards 

internal states, including electrolyte concentration, 

oxygen evolution overpotential, and hydrogen evolution 

overpotential. 

4.1.1 Terminal voltage 

The terminal voltage is the most direct signal utilized by 

BMS for state estimation and power regulation control. 

The low-cost measurability of battery terminal voltage 

makes it a common data source for parameter 

identification. The sensitivity of parameters to terminal 

voltage is also considered to be a measure of their 

identifiability. The terminal voltage simulated by the 

lead-acid electrochemical model is shown in Equation 

(5). 

 
(5) 

Where V(t) is the battery terminal voltage, which is 

obtained by subtracting the solid-state potentials 
 
at 

the 0+ and 0- positions shown in Figure 1. 

4.1.2 Electrolyte concentration 

In the electrochemical model of lead-acid batteries, 

the electrolyte is understood to primarily refer to the 

concentration of hydrogen ions or sulfate ions. In 

circumstances where the electrolyte concentration in the 

acid storage compartment is high, the battery's effective 

usable capacity is constrained. The electrolyte 

concentration under consideration in this paper is the 

average concentration in the acid storage compartment, 

calculated as shown in Equation (6). 

 (6) 

Where 
 
is the number of grids in the acid storage 

chamber calculation area, i.e., the 0res~Lres region in 

Figure 1, and 
 
is the electrolyte concentration value 

at the i-th grid point. 

4.1.3 Side reaction overpotential 

The overpotentials examined in this paper primarily 

encompass oxygen evolution overpotential and 

hydrogen evolution overpotential. Oxygen evolution and 

hydrogen evolution are defined as side reactions that 

occur during the charging and discharging process of 
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lead-acid batteries. It is evident that these reactions have 

a significant impact on two key aspects of the battery: 

charging efficiency and remaining life. Furthermore, a 

close relationship between these reactions and battery 

safety has been established. The calculation methods for 

these two potentials in the electrochemical model are 

shown in Equations (7) and (8). 

 (7) 

 

(8) 

Where and are the overpotentials for oxygen 

evolution and hydrogen evolution, respectively, which 

are related to the rates of their side reactions.  is the 

liquid phase potential. = 1.23 V, and = 0 V. 

The oxygen evolution and hydrogen evolution reactions 

primarily occur at the anode and cathode, respectively, 

due to the differences in electrode working potentials. 

Therefore, this paper analyzes the sensitivity of 

 and . 

4.2  Methodology for Parameter Sensitivity Analysis 

Parameter sensitivity analysis quantifies the impact of 

parameter uncertainty on model outputs, through the 

definition of a parameter sampling strategy and the 

calculation of sensitivity indices. In this study, the 

parameter sensitivity analysis employs a one-at-a-time 

method, meaning that only one parameter is varied at a 

time. It is important to note that each parameter varies 

within the range determined in Section 3 for the 

electrochemical model parameters of lead-acid batteries. 

The values of the parameters follow a uniform 

distribution, as demonstrated in the following equation. 

During this parameter variation process, the remaining 

parameters are set to their median values, as 

demonstrated in Equations (9) and (10). 

 (9) 

 

(10) 

Where  is the i-th value of the parameter,  is the 

minimum value of the parameter, 
 
is the maximum 

value of the parameter,  is set to 10 in this paper, 

meaning that the parameter changes ten times in total, 

and  is the reference value. 

Lead-acid batteries used in hydropower stations 

typically operate in either constant current discharge or 

float charge modes.Therefore, the present study 

conducts a parameter sensitivity analysis under constant 

current charge-discharge conditions. In circumstances 

involving constant current discharge conditions, the 

primary function of lead-acid batteries is to supply 

power for lighting and control systems. The following 

discharge C-rates are considered, including 0.5C (114.64 

A/m²), 1C (229.28 A/m²), and 2C (458.56 A/m²). 

However, under constant current discharge conditions, 

the lead-acid battery is predominantly in a float charge 

state, and thus a charging current density of 13.49 A/m² 

is considered. In order to calculate the parameter 

sensitivity under different conditions, the voltage curve 

output by the model when all parameters are set as 

reference values is used as a baseline. The root mean 

square (RMS) of the voltage after parameter changes 

relative to the baseline is calculated, as demonstrated in 

Equation (11). 

 
(11) 

Where SI is the sensitivity index, i is the i-th parameter 

value, is the target state output by the model 

simulation, and  is the model output when all the 

parameters are set to their reference values. 

It is evident that varying charge and discharge C-

rates exert an influence on the internal state of the 

battery. Furthermore, it has been demonstrated that 

differing SOC regions also affect the internal state of the 

battery. From the perspective of parameter identification, 

the use of a reduced number of voltage segments has 

been shown to enhance the efficiency of the process and 

to prevent overfitting. Consequently, this study also 

calculates the parameter sensitivity of different SOC 

regions. The considered SOC regions range from 0 to 1, 

with each region being 0.2, thus resulting in a total of 

five regions, as illustrated in Equation (12). 

 (12) 

Where ASOC is 0~0.2, 0.2~0.4, 0.4~0.6, 0.6~0.8, and 

0.8~1. 

5. RESULTS AND DISCUSSION 

The subject of this study is lead-acid batteries utilized in 

hydroelectric power plants. These batteries do not 

directly interact with the power grid and are typically 

used for fixed loads such as lighting and control systems. 

Consequently, the parameter sensitivity analysis is 

chiefly concerned with constant current conditions. The 

analysis employs the electrochemical model outlined in 

Section 2, utilizing a total of 920 model runs to execute 

the parameter sensitivity analysis. 

5.1 Parameter Sensitivity Analysis under Constant  

Current Discharge Conditions 

In order to analyze parameter sensitivity under 

constant current discharge conditions, different 

parameter values and discharge C-rates were set using 

MATLAB 2023a, and the simulation model was run 690 

times in COMSOL 6.3. All the simulations were 

conducted until the battery terminal voltage reached the 

preset discharge cutoff voltage of 1.8V. The present 

analysis primarily explored the impact of varying 

discharge C-rates and DOD regions on parameter 

sensitivity. 

In order to analyze the impact of differing model 

parameters on the output voltage of the model, Figure 3 

presents the results of the sensitivity analysis for 16 

parameters e.g., +L , resL , sepL , +
maxε , +
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+
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constant current discharge condition. The 16 parameters 

encompass all physical regions and parameter categories 

of the model. The results of the sensitivity analysis for 

each parameter are presented in separate subplots, with 

each subplot containing 11 voltage-time curves. The 

orange curve signifies the reference voltage value, with 

the remaining ten curves depicting the results for the 

corresponding parameter at ten distinct values. The 

parameter values are varied from the minimum value 

(corresponding to the blue curve) to the maximum value 

(corresponding to the red curve), as indicated by the 

arrows and color gradients in the subplots. 

 

 

Fig. 3. Sensitivity analysis of 16 parameters under 1C constant current discharge conditions. (a) Results of 𝑳+, (b) Results of 

𝑳res, (c) Results of 𝑳sep, (d) Results of 𝜺max
+ , (e) Results of 𝜺𝟎

+, (f) Results of 𝜺sep, (g) Results of 𝝈+, (h) Results of 𝒕𝟎
+, (i) Results 

of 𝒊𝒐
+, (j) Results of 𝑨𝒎𝒂𝒙

+ , (k) Results of 𝜶𝒂
+, (l) Results of 𝜶𝒄

+, (m) Results of 𝜶𝒂
−, (n) Results of 𝜶𝒄

−, (o) Results of 𝜸+,            

(p) Results of 𝒄𝟎. 

 

As illustrated in Figure 3, among the 16 parameters 

under consideration, the voltage curve shifts 

significantly relative to the reference curve when these 

nine parameters e.g., 
+L , 

resL , 
sepL , sepε ,

 
+
oi , c + , a − , 

 + , and 0c  take different values. It is widely 

acknowledged within the scientific community that 

parameters which exhibit a substantial impact on the 

discharge voltage are to be regarded as highly sensitive 

parameters [11], [13]. Based on the offset characteristics, 

these nine parameters can be categorized into two 

distinct groups. 

The first category comprises five parameters e.g., 
+L , +

oi , c + , a − , and 0c , exert a substantial influence 

on the initial end voltage value and discharge 

termination time of the discharge process. The discharge 

curve tends to deviate toward the arrow direction when 

the parameter values are modified.Among the five 

parameters under consideration, three of them e.g., +
oi , 

a + , and c + , are electrochemical parameters. Notably, 

one of the two remaining parameters, e.g., 0c  , 

originates from concentration parametersbut appears in 

the Butler-Volmer equation, indicating its relevance to 

electrochemical reactions. Although 
+L  from geometric 

parameters, it influences exchange current density 

distribution and similarly relates to electrochemical 

reactions. 

The second category comprises four parameters 

e.g., 
resL , 

sepL , sepε , and  + , which primarily affect 

voltage by altering the discharge termination time.
resL is 

a capacity-related parameter, as its value increases, the 

discharge termination time is delayed. However, it has 

been demonstrated that both 
sepL and sepε exert an 

V
 i
n
 V

V
 i
n
 V

V
 i
n
 V

V
 i
n
 V

Δ=±47.1% Δ=±48.8% Δ=±66.7% Δ=±3.64%

Δ=±9.68% Δ=±22.7% Δ=±72.4% Δ=±11.1%

Δ=±62.9% Δ=±6.98% Δ=±39.4% Δ=±44.4%

Δ=±51.2% Δ=±33.3% Δ=±66.7% Δ=±8.89%

(a) (b) (c) (d)

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

(i) (j) (k) (l)

(m) (o) (p)(n)

http://www.rericjournal.ait.ac.th/


 Ren H., et al. / International Energy Journal 26 (June 2026) 75 - 86   

www.rericjournal.ait.ac.th 

82 

indirect influence on the available capacity of the battery, 

accomplished through the modification of the battery's 

internal resistance, consequently affecting the discharge 

termination time. Despite the fact that  + is an 

electrochemical parameter, its contribution weight in the 

B-V equation is relatively low. Consequently, it only 

affects the discharge termination time. 

The preceding analysis demonstrates that all nine 

highly sensitive parameters are classified as either 

electrochemical or geometric parameters. Among the 

seven remaining low-sensitivity parameters, a + , c − , 

and maxA+

 
are electrochemical in nature.However, these 

parameters exhibit a significantly lower influence on 

discharge voltage than would be predicted. It is evident 

that a +

 
and c −

 
correspond to the oxidation reaction at 

the cathode and the reduction reaction at the anode, 

respectively. However, during discharge, the cathode 

undergoes a reduction reaction, and the anode undergoes 

an oxidation reaction. maxA+

 
demonstrates low 

sensitivity owing to its restricted range of variation, with 

a change amplitude of ±6.98% relative to its median 

value. In contrast, +
oi , which is also an electrochemical 

parameter, has a change amplitude of ±62.9%. 

Geometric parameters +
maxε

 
and +

0ε  
demonstrate low 

sensitivity for the same reason as maxA+ . 

Electrochemical model parameters demonstrate high 

sensitivity in two distinct conditions. Firstly, the 

parameter displays a considerable range of values; 

secondly, the parameter is associated with the dominant 

electrochemical reaction under operating conditions or 

capacity-related parameters. In the process of parameter 

identification, the parameters that meet both of these 

conditions should be prioritized. 

 

 

Fig. 4. Parameter sensitivity analysis of different discharge C-rates and discharge region depth. 

 

The results of the parameter sensitivity analysis for 

different discharge C-rates and depth of discharge 

regions are shown in Figure 4. The figure is composed 

of three sub-figures, with the x-axis representing 

parameter identifiers, the y-axis representing discharge 

current rates, and the z-axis representing corresponding 

DOD regions, e.g., "1" corresponds to the initial 

discharge stage where SOC ranges from 1 to 0.8. The 

normalized sensitivity index is represented by the color 

and size of the bubbles. From a parameter perspective, 

the two high-sensitivity parameter conditions 

summarized above remain applicable under different 

discharge C-rates. It has been demonstrated that the 

parameters which fail to meet these conditions 

consistently exhibit low sensitivity. 

From the perspective of discharge C-rate, the 

sensitivity index of electrochemical parameters increases 

significantly with increasing C-rate. This phenomenon 

can be attributed to the observation that, under high C-

rate discharge conditions, there is an increase in the 

current density. In turn, this results in a significant 

enhancement of electrochemical polarization, which is 

associated with interfacial reactions. According to the  

B-V equation, even minor alterations in parameters can 

induce substantial overpotential changes under 

conditions of strong polarization, resulting in more 

pronounced terminal voltage shifts. However, it has been 

demonstrated that the sensitivity index of capacity-

related parameters decreases with increasing C-rate[22]. 

In conditions of low current, this phenomenon occurs 

because the battery terminal voltage is predominantly 

influenced by the open-circuit voltage. The shape of the 

latter is associated with the parameters that are related to 

capacity. However, as the C-rate increases, the 

contribution of electrochemical polarization to the 

terminal voltage increases and becomes the dominant 

factor, resulting in a corresponding decrease in the 

sensitivity index of the terminal voltage to capacity-

related parameters. From the perspective of the DOD, at 

the stage near the end of discharge (DOD=5), the 

sensitivity index of the high-sensitivity parameters 

further significantly increases to its maximum. The low-

sensitivity parameters have not exhibited any discernible 

alterations. 

In general, electrochemical parameters exhibit 

higher sensitivity indices under high C-rate conditions, 

thereby offering superior identifiability under such 

conditions. However, capacity-related parameters 
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demonstrate enhanced identifiability under low C-rate 

conditions, attributable to their substantial influence on 

open-circuit voltage. It has been demonstrated that, for 

both high-sensitivity electrochemical and capacity 

parameters, the utilization of voltage curve segments at 

the termination of the discharge process for 

identification analysis is a more efficient approach. 

Furthermore, the analysis results demonstrate that low-

sensitivity parameters show low sensitivity across a 

range of C-rates and DOD regions, indicating poor 

identifiability. The subsequent section (Section 5.2) will 

provide a detailed discussion of the impact of such 

parameters' uncertainty on the accuracy of model output 

predictions. 

5.2 Parameter Sensitivity Analysis Under Constant 

Current Charging Conditions 

The present section is concerned with the analysis 

of the impact on parameter uncertainty under charging 

conditions. The charging cutoff time is set to 270 

seconds. As demonstrated in Figure 5, the sensitivity of 

the four parameters, e.g., 
-L , -σ , +

oi , and 0c , is depicted. 

The figure illustrates how different values of these 

parameters affect the four target states , e.g., 
V

, lc , 

2O , and 
2H . Increasing 

-L  results in a shift of the 

terminal voltage curve downward to the right, while the 

negative electrode hydrogen evolution overpotential 

curve shifts upward to the left. The effect of 
-L  on 

electrolyte concentration is negligible. The parameter 

under consideration has been found to exert negligible 

influence on the oxygen evolution overpotential. This is 

consistent with the mechanism underpinning the oxygen 

evolution reaction, which has been established to occur 

primarily at the positive electrode [23]. Furthermore, -σ  

has been determined to have a negligible effect on all 

four output states. This is a typical low-sensitivity 

parameter. Terminal voltage and oxygen evolution 

overpotential are substantially affected by an increase in 
+
oi . Both the curves exhibit right-shift characteristics 

accompanied by voltage depression.The effect of +
oi  on 

electrolyte concentration and hydrogen evolution 

overpotential is relatively insignificant. 0c , as an initial 

condition, has an observable effect on all four output 

states. 

 

 

Fig. 5. Sensitivity analysis of four parameters under constant-current charging conditions. (a) Results of 𝑳−for terminal 

voltage. (b) Results of 𝝈−for terminal voltage. (c) Results of 𝒊𝒐
+for terminal voltage. (d) Results of 𝒄𝟎for terminal voltage. (e) 

Results of 𝑳−for electrolyte concentration. (f) Results of 𝝈−for electrolyte concentration. (g) Results of 𝒊𝒐
+for electrolyte 

concentration. (h) Results of 𝒄𝟎for electrolyte concentration. (i) Results of 𝑳−for oxygen evolution overpotential. (j) Results 

of 𝝈−for oxygen evolution overpotential. (k) Results of 𝒊𝒐
+for oxygen evolution overpotential. (l) Results of 𝒄𝟎for oxygen 

evolution overpotential. (m) Results of 𝑳−for hydrogen evolution overpotential. (n) Results of 𝝈−for hydrogen evolution 

overpotential. (o) Results of 𝒊𝒐
+for hydrogen evolution overpotential. (p) Results of 𝒄𝟎for hydrogen evolution overpotential. 
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Fig. 6. Effect of parameter uncertainty on the model outputs. (a) Comparative analysis of the model sensitivity for V and 

𝒄𝒍.(b) Comparative analysis of the model sensitivity for V and 𝜼𝑶𝟐.(c) Comparative analysis of the model sensitivity for V 

and 𝜼𝑯𝟐
. 

 

It has been demonstrated that only parameters 

related to concentration have a significant effect on 

electrolyte concentration and other types of parameters 

exert a negligible influence. The overpotential of side 

reactions is found to be significantly influenced solely 

by the parameters within the electrode region in which 

they occur. For instance, the parameters within the 

negative electrode region have been demonstrated to 

influence on the hydrogen evolution overpotential, while 

those within the positive electrode region have been 

shown to influence on the oxygen evolution 

overpotential. In the process of designing a parameter 

identification framework, the parameters that exhibit 

low sensitivity, such as -σ , can be prioritized for 

exclusion. This reduction in identification dimension has 

been shown to improve efficiency [24]. In instances 

where the model proves incapable of accurately 

predicting specific side reactions, the parameters 

associated with these regions should be accorded a high 

priority for adjustment. 

As demonstrated in Figure 6, the impact of 

parameter uncertainty on model output, e.g., lc , 
2O , 

and 
2H , is illustrated. The y-axis employs a 

logarithmic scale to facilitate enhanced visualization of 

sensitivity indices across multiple orders of magnitude. 

It is important to note that the parameters with 

sensitivity indices below 10-6 are not displayed, as their 

effects are negligible. In conditions of sub-optimal 

charging, the sensitivity of each parameter to terminal 

voltage aligns with the conclusions in Section 5.1, with 

electrochemical parameters and capacity-related 

parameters exhibiting high sensitivity. Figure 6 

comprises three subfigures, each of which illustrates the 

combination of terminal voltage and another target state. 

The findings indicate that for the electrolyte 

concentration state, the sensitivity index is 

approximately 1,000 times higher than that of the 

terminal voltage, primarily due to the concentration unit 

itself (mol/m³) being three orders of magnitude higher 

than the voltage (V). The units for oxygen evolution and 

hydrogen evolution overpotentials are consistent with 

voltage, and the parameter identifiability is higher than 

the impact of parameter uncertainty on the target state. 

This finding suggests that the parameter values obtained 

through terminal voltage identification are sufficient to 

accurately predict the internal state of the battery. 

6.  CONCLUSION 

The paper conducts a sensitivity analysis on 23 

parameters of the electrochemical model for lead-acid 

batteries. This analysis covers the sensitivity of terminal 

voltage under different discharge C-rates, as well as the 

sensitivity assessment of three target states, e.g., liquid 

electrolyte concentration, oxygen evolution 

overpotential, and hydrogen evolution overpotential, 

under constant current charging conditions. The primary 

conclusions of this study are as follows: 

(1) It has been established that the sensitivity index 

of the parameters to terminal voltage is not generally 

lower than their sensitivity to other target states. This 

finding suggests that if a parameter can be effectively 

identified through changes in terminal voltage, it 

typically exerts a substantial influence on the overall 

behavior of the model. Conversely, if its sensitivity to 

terminal voltage is extremely low, its impact on the 

model output is often negligible. 

(2) Among the 23 parameters, 
+L , 

resL , 
sepL , 

-L , 
sepε , +

oi , -
oi , a + , c + , a − , c − ,  + ,  − , 0c

 
are 

identified as a high-sensitivity parameter, while +
maxε , 

+
0ε , -

maxε , -
0ε , +σ , -σ , +

0t , maxA+ , maxA−  consistently 

exhibited low-sensitivity. Consequently, when designing 

(a)

(b)

(c)
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a parameter identification framework, a stepwise 

identification strategy can be adopted. This strategy 

involves prioritizing the identification of high-sensitivity 

parameters, followed by the processing of low-

sensitivity parameters once the high-sensitivity 

parameters have been determined. This method has the 

capacity to significantly reduce the dimension of the 

identification problem, improving identification 

efficiency and convergence. 

(3) The sensitivity of parameters is critically 

dependent on specific operating conditions. 

Consequently, distinct operating conditions are required 

to identify different parameter types: capacity 

parameters necessitate low C-rate current conditions, 

whereas electrochemical parameters require high C-rate 

current conditions. 

(4) The parameters exhibit non-uniform sensitivity 

distributions during discharge. The final stage of the 

discharge process is characterized by elevated sensitivity 

to parameters. The utilization of data from this region 

for parameter identification has been shown to result in a 

substantial reduction in the amount of data required, 

while maintaining accuracy. This approach effectively 

circumvents the risk of overfitting, which is often caused 

by the use of redundant data. 

A parametric sensitivity analysis of a lead-acid 

battery electrochemical model was conducted in this 

work. In future studies, this analysis will be extended to 

multi-physics coupling conditions, such as an 

investigation based on an electrochemical-thermal 

coupled model. Furthermore, a parameter identification 

framework will be developed to achieve rapid and 

accurate parameter estimation. 
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