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Abstract 

This study establishes equivalent circuit models for battery packs with four distinct 

connection methods: series connection, parallel connection, series-parallel connection, 

and parallel-series connection. A dual particle filter (DPF) algorithm is employed to 

jointly estimate the state of charge (SOC) and state of health, with the aim of exploring 

the performance differences among them. Given that the initial value has a substantial 

impact on the estimation accuracy of the DPF algorithm, the particle swarm 

optimization algorithm (PSO) is utilized to optimize the initial value of the DPF, thereby 

enhancing its estimation performance. To validate the accuracy of the SOC estimation, 

dynamic stress test (DST) working conditions are adopted. The performance of the DPF 

algorithm is compared with that of the dual extended Kalman filter (DEKF) and 

extended Kalman filter (EKF) algorithms. The results unequivocally demonstrate that 

the DPF algorithm outperforms the DEKF and EKF algorithms in terms of SOC 

estimation accuracy. Specifically, for the four different battery packs, the root mean 

square error and mean absolute error) of the SOC estimation using the DPF algorithm 

are all below 2%. This indicates that the DPF algorithm exhibits high estimation 
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accuracy and robustness, providing a valuable reference for lithium-ion battery packs. 

 

Keywords: battery pack, state of charge, health state, joint estimation, dual particle 

filter 

 

1. Introduction 

The development of modern civilization is inseparable from fossil fuels, however, 

fossil energy also brings a series of challenges [1]. Fossil energy not only cause 

environmental pollution but are also being steadily depleted, with impacts that are 

worsening over time [2]. Lithium-ion batteries, because of their high energy density 

and relatively low environmental pollution, are widely used in electronic devices, 

power systems, and electric vehicles [3]. An effective battery management system 

(BMS) is vital for ensuring the reliable operation of electric vehicles [4]. State of charge 

(SOC) is defined as the ratio of the remaining capacity of a battery to its fully charged 

capacity after a period of use or prolonged storage [5]. Accurate SOC estimation is the 

basis for enabling other BMS functions. State of health (SOH) represents the health 

status of a battery and reflects changes in its internal resistance and capacity, providing 

an indicator of battery aging [6]. Accurate SOC and SOH estimation are both critical 

for ensuring the safe operation of electric vehicles and extending their service life [7]. 

Currently, many SOC and SOH estimation methods focus on individual cells, however, 

EV batteries consist of numerous cells connected in various series and parallel 

configurations [8]. This inevitably influences SOC and SOH estimation accuracy. 

Therefore, accurate estimation of SOC and SOH in battery packs remains a relatively 

new and important research area [9].  

There are currently three commonly used SOC estimation methods for battery 

packs. The first method focuses on the changes and inconsistencies between battery 

cells and estimates the battery pack SOC by averaging the SOC values of individual 

cells [10, 11]. However, this approach typically involves extensive computation, which 
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limits its practicality for real-time applications [8]. The second method adopts a data-

driven approach, in which SOC is estimated from operating data through trained models 

[3]. Although effective, this method usually requires large datasets for training and 

validation, which can be resource-intensive [12, 13]. The third method treats the module 

as a single large-capacity battery [4, 14], which reduces computational demand and 

simplifies model construction. 

In general, battery models can be categorized as electrochemical models (EMs), 

neural network models and equivalent circuit models (ECMs). EMs offer high accuracy 

but demand considerable computational resources [15]. Neural network models are 

data-driven approaches that rely on extensive experimental testing to collect large 

battery datasets for training [16]. ECMs, by contrast, are widely used in electric vehicles 

due to their simple structure and low computational requirements [4, 17]. Typically, an 

ECM consists of interconnected resistive and capacitive elements, with common 

equivalent circuit models including the Rint model [18], the Thevenin model [19], and 

the DP model [20]. As the RC network increases, the accuracy of the model improves, 

but the model complexity also increases, making it difficult to apply in actual vehicle 

conditions. [21]. Therefore, it is necessary to reach an appropriate balance between 

model accuracy and complexity. 

The capacity testing method is a commonly used approach for SOH estimation 

[22], as it directly evaluates the SOH of the battery pack by measuring its capacity. 

However, this method requires a long testing period and is often measured in the 

laboratory. Data-driven method is another widely applied approach [23, 24]. Although 

it can achieve high estimation accuracy, it does not explicitly account for battery’s 

underlying physical or chemical mechanisms, making it difficult to reveal how external 

factors influence aging behavior [7]. Another typical SOH estimation method is joint 

estimation. Since SOC and SOH are strongly interdependent, the estimation results of 

SOC will also affect the estimation results of SOH. Thus, joint estimation of SOC and 

SOH is crucial for improving overall accuracy [25-27]. To achieve this, Hu et al. 

proposed an NSSR-LSTM neural network to perform the joint estimation of SOC and 

SOH [28]. Tang et al. adopted a “leader-follower” strategy to jointly estimate the SOC 
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and SOH of the battery pack [25]. Yu et al. applied the DEKF algorithm for SOC 

estimation in series-parallel battery packs [29]. Park et al. used combined adaptive 

extended Kalman filtering (AEKF) combined with single forgetting factor ratio partial 

capacity recursive least squares (SPCSFFRLS) to estimate both SOC and SOH, 

achieving significantly higher accuracy than the AEKF method [30]. Xu et al. proposed 

a double-fuzzy adaptive extended Kalman filter for joint SOC-SOH estimation [31]. 

However, these methods still suffer from truncation errors, which reduce estimation 

accuracy. The particle filter (PF) algorithm, by contrast, relies on the Monte Carlo 

algorithm, where the weight of each particle represents the probability density function 

[32]. ts main advantages include ease of implementation, the absence of truncation 

errors, and improved estimation accuracy. Zhong et al. applied the PF algorithm to 

estimate the SOC of battery packs with series and parallel configurations, achieving 

highly accurate results [33]. Chen et al. estimated the SOC of the battery pack through 

PF algorithm [34]. Hao et al. used unscented particle filtering (UPF) to estimate the 

SOC of the battery [35]. Zhang et al. used a PF algorithm to estimate the SOH of the 

battery pack, and verified the effectiveness of this method through the new European 

driving condition curve and dynamic test curve [36]. Shi et al. used an improved UPF 

to estimate battery pack SOH [37]. Dong et al. modeled battery SOH decay as Brownian 

particle motion and applied a PF-based framework to evaluate battery health [38]. Xu 

et al. proposed a dual-particle filter joint estimation algorithm for SOC and SOH of a 

single battery, achieving high accuracy [39]. Since the accuracy of the particle filter 

algorithm is highly sensitive to initial values, accurate initialization becomes 

particularly important. The particle swarm optimization (PSO) algorithm, noted for its 

robustness and global search ability, provides an effective solution [40]. The PSO 

algorithm has been widely employed to optimize the initial parameters of the model 

[41]. Zheng et al. employed PSO algorithm to identify parameters and subsequently 

estimated the SOC of the battery pack using the extended Kalman filter (EKF) [42]. 

Zhang et al. applied the PSO algorithm to improve the radial basis function neural 

network estimation model, thereby improving estimation accuracy [8]. 

Based on the review, this study develops four battery packs with different 
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connection configurations, jointly estimates their SOC and SOH, and analyzes 

performance differences among them. Considering that the dual particle filter algorithm 

is sensitive to initial value, the particle swarm optimization algorithm is implemented 

to optimize the initial parameters for the PF algorithm, thereby enabling more accurate 

joint SOC-SOH estimation. 

The remaining content of this article is organized as follows. Section 2 describes 

the experimental platform for battery pack testing and presents the construction of 

equivalent circuit models derived from single-cell models. Section 3 analyzes the 

performance differences in capacity and open circuit voltage across four battery-pack 

connection configurations, optimizes their initial parameters using PSO algorithm, and 

provides validation. Section 4 applies the dual particle filter algorithm for joint SOC-

SOH estimation of four different battery packs, compares the results with those of the 

DEKF algorithm and the EKF algorithm, and verifies SOC estimation accuracy under 

Dynamic Stress Test (DST) conditions. 

2. Experiment 

An experimental platform was established to evaluate battery pack performance 

under controlled conditions. The setup comprises a temperature chamber maintained at 

a constant 25°C to ensure consistent room-temperature comparisons across different 

packs. Charge–discharge cycling was conducted using a LAND CT6001BM battery 

test system, which provides a maximum output of 60 V and 50 A, thereby satisfying the 

discharge requirements of all tested modules. The Samsung INR18650-35E cell was 

selected as the subject of this study, with its key performance parameters detailed in 

Table 1." 

Table 1 Performance parameters of the single cell 
parameter name value unit 

Nominal capacity 3400 mAh 

Nominal voltage 3.60 V 

Upper cut-off voltage / lower 
cut-off voltage 

2.65~4.2 V 

Charging current 1700 mAh 

Maximum charge current 2000 mAh 



7 

 

Maximum discharge current 
(continuous discharge) 

8000 mAh 

Maximum discharge current 
(non-continuous discharge) 

13000 mAh 

 

To systematically investigate the performance disparities arising from various 

topological arrangements, this study constructed four distinct battery pack 

configurations utilizing a total of 32 individual cells, as schematically illustrated in Fig. 

1. Specifically, Fig. 1(a) depicts the 4S2P architecture, wherein the assembly is formed 

by connecting two modules in parallel, with each module comprising four cells linked 

in series. Conversely, Fig. 1(b) presents the 2P4S configuration, characterized by four 

parallel pairs connected in series; in this arrangement, cells are initially grouped into 

parallel duals before being integrated into a series string. Furthermore, to examine the 

extremes of connectivity, Fig. 1(c) illustrates an 8S1P setup where all eight constituent 

cells within the module are arranged exclusively in series. Finally, Fig. 1(d) 

demonstrates the 8P1S topology, in which the eight cells are connected entirely in 

parallel. These diverse configurations enable a comprehensive comparative analysis of 

how series and parallel interconnections influence the overall electrochemical behavior 

and consistency of the battery packs. 

 

Fig. 1. Schematic diagrams illustrating the four distinct topological configurations of 
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the battery pack interconnections 

As battery packs undergo prolonged cycling and aging, inevitable heterogeneity 

emerges in critical performance metrics, specifically regarding cell capacity and 

internal resistance [43, 44]. These discrepancies are not static; rather, they tend to 

exacerbate progressively over the operational lifespan of the system. To rigorously 

investigate the performance divergence among various battery modules, it is imperative 

to establish precise definitions for key state indicators, namely the State of Charge 

(SOC), State of Health (SOH), and total capacity of the pack. Consequently, the 

foundational step involves quantifying the SOC and SOH for each individual cell within 

the assembly, the mathematical formulations for which are explicitly delineated in 

Equation 1 and Equation 2, respectively. 

100%r

l

C
SOC

C
=   (1) 

c

f

C
SOH

C
=  (2) 

where Cr represents the current remaining capacity, Cl represents the maximum 

available capacity, Cc represents the current rated capacity and Cf represents the 

nominal capacity of the new battery. 

2.1 Series battery pack 

In a series-connected battery pack comprising n individual cells, let the SOC of 

the i-th cell be denoted as SOCi, respectively. Due to the inherent "barrel effect" 

governing series configurations, the overall usable capacity of the pack is 

fundamentally constrained by the cell possessing the minimum available remaining 

capacity. This limitation is critical for operational safety, as it prevents the system from 

subjecting specific cells to detrimental over-discharge or overcharge conditions [8, 45]. 

Consequently, the effective capacity of the series battery pack is mathematically defined 

by Equation 3. In alignment with established literature, the SOH is characterized 

according to the formulation presented in Equation 4 [29], while the specific calculation 

methodology for SOH adopted in this study is explicitly detailed in Equation 5 [33]. 
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1 1
min( ) min( (1 ))p i i j j

i n j n
C C SOC C SOC

   
=  +  −  (3)
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C SOC C SOC

 

   


=

 +  −
(4) 

1
min ip i n

p

f f

CC
SOH

C C

 = = (5) 

where Cp represents the nominal capacity of the battery pack. 

2.2 Parallel battery pack 

In contrast to series configurations, a parallel battery pack consisting of n 

individual cells allows for the complete utilization of each cell's energy storage 

potential, as the parallel topology mitigates the risk of premature cutoff due to single-

cell voltage limits. Consequently, the discharge rated capacity and SOC for each 

constituent cell are denoted as Ci and SOCi, respectively. Under these conditions, the 

total available capacity of the parallel assembly is defined as the summation of the 

individual cell capacities, as mathematically expressed in Equation 6. Furthermore, the 

aggregate SOC of the parallel battery pack is calculated based on the ratio of total 

remaining charge to total rated capacity, as illustrated in Equation 7. Finally, the SOH 

for the parallel configuration is formulated according to Equation 8, reflecting the 

cumulative health status of the parallelized modules. 

1

n

p i
i

C C
=

=    (6) 

1

1

n

i i
i

p n

i
i

C SOC
SOC

C

=

=


=


  (7) 

1

n

i
i

P

f

C
SOH

C

=


=   (8) 

2.3 Hybrid battery pack 

In practical electric vehicle deployments, battery packs are predominantly 

configured using hybrid topologies that strategically combine series and parallel 

connections to simultaneously elevate system voltage and augment total energy 
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capacity. Generally, two distinct architectural strategies are employed: the series-

parallel configuration (cells connected in series first, then paralleled) and the parallel-

series configuration (cells connected in parallel first, then serialized). This study 

specifically focuses on the parallel-series arrangement, wherein mm individual cells are 

initially aggregated into parallel modules, followed by the series connection of nn such 

modules to form the complete pack. Let the nominal capacity and SOC of each 

constituent cell be denoted as Cij and SOCij, respectively. Based on this topology, the 

aggregate capacity, overall, SOC, and SOH of the hybrid battery pack are rigorously 

formulated and presented in Equation 9, Equation 10, and Equation 11, respectively. 

1

m

i ij
j

C C
=

=  (9) 

1

1

m

ij ij
j

i m

ij
j

C SOC

SOC
C

=

=


=


(10) 

1

m

ij
j

i

f

C

SOH
C

=


=  (11) 

Subsequently, n of these parallelized modules are interconnected in series to 

constitute the final battery pack architecture. In this parallel-then-series configuration, 

the resultant system-level metrics—specifically the total pack capacity, the aggregate 

SOC, and the overall SOH—are derived by synthesizing the characteristics of the 

individual parallel groups. These critical performance parameters are denoted as Cps, 

SOCps, and SOHps, respectively. The mathematical formulations governing the 

calculation of these composite values are explicitly detailed in Equation 12, Equation 

13, and Equation 14, which account for the cumulative effects of both the parallel 

aggregation and the subsequent series integration. 

1 1
min( ) min( (1 ))ps i i k k

i n k n
C C SOC C SOC

   
=  +  −  (12)

1

1 1

min( )

min( ) min( (1 ))

i i
i n

ps

i i k k
i n k n

C SOC
SOC

C SOC C SOC

 

   


=

 +  −
(13)

1
min ip i n

ps

f f

CC
SOH

C C

 = =  (14) 
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where Ck indicates the maximum usable capacity for charging, and Cf indicates the rated 

capacity of the new battery pack. 

Similarly, for mSnP battery pack that are first connected in series and then n in 

parallel, the capacity, SOC, and SOH are represented by Eq. 15, Eq. 16, and Eq. 17. 

 
1 11

min( ) min( (1 ))
n

sp ij ij ik ik
j m k mi

C C SOC C SOC
   =

=  +  −  (15)

 
 

1 11

1 11

min( ) min( (1 ))

min( ) min( (1 ))

n

ij ij ik ik i
j m k mi

sp n

ij ij ik ik
j m k mi

C SOC C SOC SOC

SOC

C SOC C SOC

   =

   =

 +  − 
=

 +  −
 (16)

 
1 11

min( ) min( (1 ))
n

ij ij ik ik
j m k mi

sp

f

C SOC C SOC

SOH
C

   =
 +  −

=  (17) 

where Cf represents the nominal capacity of the new battery pack and SOCi represents 

the SOC of a series module. 

3. Battery pack performance analysis 

To systematically investigate the discrepancies in energy storage capabilities 

arising from different topological configurations, comprehensive capacity 

characterization tests were conducted on the fabricated battery packs. The empirical 

results of these experiments are graphically summarized in Fig. 2. Quantitative analysis 

reveals distinct variations in the measured capacities across the four configurations: the 

purely parallel assembly exhibited the highest capacity at 26.32 Ah, whereas the series-

only configuration yielded the lowest value of 3.299 Ah. Furthermore, the hybrid 

architectures demonstrated intermediate performance levels, with the parallel-series 

and series-parallel arrangements registering measured capacities of 6.549 Ah and 6.577 

Ah, respectively. These findings underscore the significant impact of connection 

topology on the overall usable capacity of the battery system. 
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Fig. 2 Comparative Analysis of Capacity Characteristics Across Diverse Battery Pack Topologies 

The Equivalent Circuit Model (ECM) represents a widely adopted electrical 

abstraction that utilizes fundamental circuit elements—specifically resistors, inductors, 

and capacitors—to emulate the complex dynamic behavior and transient responses of 

lithium-ion batteries [19, 21]. Structurally, a typical ECM comprises an ohmic internal 

resistance connected in series with one or more parallel resistor-capacitor (RC) 

networks, which account for polarization effects [20]. In this study, a strategic trade-off 

was made between model fidelity and computational complexity; consequently, a first-

order RC network configuration was selected for implementation. This specific 

architecture, known as the Thevenin model, consists of a single ohmic resistor in series 

with one RC parallel branch. Leveraging the Thevenin equivalent parameters identified 

for individual cells, comprehensive models for various battery pack configurations 

were subsequently constructed. The schematic representation of the employed 

Thevenin model is illustrated in Fig. 3. 
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Fig. 3 Schematic representations of the equivalent circuit models for diverse battery pack 
topologies: (a) parallel configuration; (b) series configuration; (c) series-parallel arrangement; (d) 

parallel-series architecture 

The mathematical formulations governing the aggregate open-circuit voltage 

(OCV), equivalent internal resistance, and equivalent capacitance for battery packs 

configured in series are explicitly defined by Equation 18. Conversely, the 

corresponding expressions used to derive these equivalent parameters for parallel-

connected battery pack architectures are presented in Equation 19 [4]. These equations 

provide the theoretical foundation for scaling single-cell model parameters to multi-cell 

pack configurations based on their specific topological arrangements. 
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

（19） 

where OCVi , R0_i, R1_i and C1_i  (i∈1,2… m). represent the open circuit voltage, 
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ohmic internal resistance, polarization internal resistance and polarization capacitance 

of the single cell in the battery pack, respectively. 

In an analogous manner, for battery packs configured in a series-parallel topology, 

the equivalent parameters—specifically the open-circuit voltage, internal resistance, 

and capacitance—are first determined for the individual series strings. Subsequently, 

each completed series string is abstracted as a single equivalent cell, allowing the 

overall pack characteristics to be derived by applying the standard parallel connection 

formulations. Conversely, for packs arranged in a parallel-series configuration, the 

calculation procedure is inverted: the equivalent parameters are initially computed for 

the parallel groups. These parallel clusters are then treated as unified equivalent cells, 

upon which the series connection equations are applied to ascertain the final aggregate 

properties of the entire battery pack. 

In this study, the Particle Swarm Optimization (PSO) algorithm is employed to 

perform precise parameter identification for the battery pack models. Distinguished by 

its inherent capabilities for self-organization, evolutionary adaptation, and robust global 

search efficiency, PSO has proven highly effective in solving complex optimization 

problems [41]. The algorithm conceptually mimics the stochastic foraging behavior of 

bird flocks, wherein each particle (representing a potential solution) iteratively updates 

its velocity and position within the search space based on both its own historical best 

experience and the global best found by the swarm. This dynamic adjustment process 

continues until convergence criteria are satisfied, utilizing a predefined fitness function 

to evaluate and determine the attainment of the optimal solution [40, 46]. The 

mathematical formulation governing the velocity and position updates of the particles 

is explicitly defined in Equation 20. 

1

( ) ( )
N

i

f Y i y i
=

= −  (20) 

where: Y(i) Represents the optimized output value, y(i) Represents the actual measured 

value of the data. 

The identification results are shown in Table. 2. As the number of series 

connections increases, the equivalent resistance of the battery pack will also increase. 
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As the number of parallel connections increases, the equivalent capacitance also 

increases and so does the value of the open circuit voltage, as shown in Fig. 4. Among 

them, the open circuit voltages of 2P4S and 4S2P are basically the same. 
Table. 2 Identification results of different battery packs 

 R0 (Ω) R1 (Ω) C1 (F) 

8P1S 0.0064 0.0051 10177 

8S1P 0.2500 0.2907 1048.5 

2P4S 0.0650 0.0810 3997.9 

4S2P 0.0789 0.0810 4053.5 
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Fig. 4 Open circuit voltage of different battery packs 

The terminal voltage error is shown in Table. 3 and the terminal voltage is used to 

verify the accuracy of the model, as shown in Fig. 5.  

Table. 3 Terminal voltage error of different battery packs 

 8P1S 8S1P 2P4S 4S2P 

RMSE (V) 0.02507 0.0867 0.0405 0.0482 

MAE (V) 0.0089 0.0356 0.0230 0.0169 

As depicted in Fig. 5 and presented in Table 3, a notable trend emerges: with the 

augmentation in the quantity of batteries connected in series, there is a concurrent rise 

in the terminal voltage error. Concurrently, the duration required to attain the cut-off 

voltage diminishes. This phenomenon can be attributed to the cumulative error that 

arises when multiple batteries are linked in series. Consequently, when interconnecting 

individual cells in series, it is imperative to carefully deliberate on an appropriate 
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number of series connections. While series connection offers the advantage of elevating 

the overall voltage, it simultaneously leads to a reduction in the discharge time. 
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Fig. 5 Terminal voltage and error of battery packs with different connection methods. (a) and (b) 
Parallel connection, (c) and (d) Series connection, (e) and (f) parallel-series connection, (g) and 

(h) series-parallel connection 

3.1 Joint estimation of SOC and SOH 

The particle filter technique implements recursive Bayesian filtering by leveraging 

non-parametric Monte Carlo simulation approaches [47]. It is suitable for any nonlinear 

system that can be characterized using a state space model. When compared to Gaussian 

models, particle filters exhibit broader applicability and superior modeling capabilities. 

The fundamental concept involves employing a set of dispersed random sampling 

points to approximate the posterior probability density function of the system state. 

Subsequently, the sample mean is utilized as a substitute for integral computation [35]. 

Through this method, the minimum variance estimate of the final state can be achieved. 

The DPF algorithm extends this methodology to facilitate the joint estimation of the 

SOC and SOH. Specifically, it generates one set of particles for SOC estimation and 

another set for SOH estimation [31]. The procedural steps of the DPF algorithm are 

outlined in Table 4. 
Table. 4 The procedure of DPF algorithm 

1 Particle initialization: randomly generate two groups of particles 0 1{ }i Nx ， 0 1{ }Nj . At this time, 

the weight of each particle is 1/N. are used to estimate SOC and SOH respectively. 

2 Importance sampling: based on parameters of the equivalent circuit model  0k R C


=  and 

equation of state kx , the observation value ky  at time k is obtained and then Reassign weights 
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to the particle set 1{ }i N

kx  and normalize it. 
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3 Resampling: Compare the effective particle number with the preset threshold. If the effective 

particle number is less than the set threshold, resampling is performed. The effective particle 

number calculation is expressed by the formula. 

2

1

1 ( )
i N

i
eff

k
i

N 


=

=   

2

1

1 ( )
j N

j
eff

k
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N 


=

=   

From the weights obtained in the second step, remove particles with smaller weights and copy 

particles with larger weights to obtain a new particle set. The weights of all particles are 1/N. Let 

1k k= + and go back to the second step. 

4 Output results: If the set threshold conditions are met, the results will be output.

1

N
i i

k kk
i

SOC x
=

=  

1

N
j j

k kk
j

SOH 
=

=  

The parameters that have been determined through the PSO algorithm are 

employed as the initial parameter values for the DPF algorithm. A flowchart depicting 

the operational sequence of the combined PSO-DPF algorithm is presented in Fig. 6. 
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Fig. 6 The flowchart of PSO-DPF algorithm 

The verification process was conducted under DST operating conditions, as 

illustrated in Fig. 7. The results demonstrate that, for battery packs configured with four 

distinct connection methods, the RMSE and MAE values associated with the DPF 

algorithm were consistently lower than those obtained using the DEKF algorithm, 

which itself outperformed the standard EKF algorithm. Consequently, the DPF 

algorithm achieved the highest level of estimation accuracy among the three methods 

evaluated. Furthermore, the error observed in the series circuit configuration was the 

highest, primarily attributable to the accumulation of errors over time. In contrast, the 

error associated with the battery pack connected in a parallel-series arrangement was 

found to be lower than that of the battery pack connected in a series-parallel 

configuration. Therefore, when designing the connection of battery packs, opting for a 

parallel-series connection is recommended to achieve better performance. 
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Fig. 7 SOC estimation results and errors of different battery packs. (a) and (b) Parallel connection, 
(c) and (d) Series connection, (e) and (f) parallel-series connection, (g) and (h) series-parallel 

connection 

 

Table. 5 SOC estimation errors of different battery packs 

 8P1S 8S1P 2P4S 4S2P 

 EKF DEKF DPF EKF DEKF DPF EKF DEKF DPF EKF DEKF DPF 

RMSE 0.0207 0.0190 0.0149 0.0367 0.0181 0.0175 0.0237 0.0204 0.0144 0.0208 0.0180 0.0147 
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MAE 0.0131 0.0130 0.0114 0.0364 0.0152 0.0150 0.0182 0.0150 0.0109 0.0144 0.0136 0.0118 

 

The temporal evolution of the SOH is depicted in Fig. 8. DST operating conditions, 

the SOH of four distinct battery module configurations—parallel connection, series 

connection, parallel-series connection, and series-parallel connection—experienced 

declines of 0.21%, 0.58%, 0.40%, and 0.48%, respectively. These findings suggest that 

the series configuration demonstrates the most rapid degradation in SOH when 

subjected to the same operating conditions. Moreover, the rate of SOH attenuation for 

the battery pack connected in a parallel-series arrangement was found to be lower 

compared to that of the battery pack connected in a series-parallel configuration, 

highlighting the relative advantage of the former in terms of preserving battery health 

over time. 
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Fig. 8 SOH estimation results of different battery packs. (a) Parallel connection, (b) Series 
connection, (c) parallel-series connection, (d) series-parallel connection 

4. Conclusion 
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This study develops equivalent circuit models for battery packs configured in four 

distinct topologies to evaluate their performance disparities. A DPF framework is 

subsequently implemented for the joint estimation of SOC and SOH. Furthermore, the 

PSO algorithm is employed to optimize the model's initial parameters, which are then 

integrated into the DPF procedure. The primary conclusions of this work are 

summarized as follows: 

(1) The PSO algorithm was employed to optimize the initial parameters for the 

four battery pack configurations, with validation performed against terminal voltage 

measurements. The results indicate a positive correlation between the number of series-

connected cells and model error; however, the MAE for all configurations remained 

below 10 mV. These findings demonstrate that the PSO algorithm achieves high 

estimation accuracy, establishing a robust foundation for subsequent SOC and SOH 

estimation. 

(2) Comparative analysis revealed that the series-connected pack exhibited the 

highest estimation error, whereas the parallel–series configuration demonstrated 

superior accuracy compared to the series–parallel arrangement. Notably, both the 

RMSE and MAE for SOC remained below 2% across all tests. These findings 

underscore the high accuracy and robustness of the DPF algorithm, offering valuable 

insights for future research on lithium-ion battery packs. 

(3) The DPF algorithm was employed to estimate the SOH of four distinct battery 

modules under DST conditions. The results indicate a positive correlation between the 

number of series-connected cells and the rate of SOH attenuation. Specifically, the pack 

comprising eight series-connected cells exhibited an SOH decline of 0.53%. 

Furthermore, the parallel–series configuration demonstrated a lower degradation rate 

compared to the series–parallel arrangement. These findings suggest that prioritizing 

parallel connections prior to series grouping during battery pack design can effectively 

mitigate degradation and extend the service life of electric vehicles. 
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