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Abstract—Accurate estimation of state of charge (SOC) of 

lithium-ion battery packs remains challenging due to 

inconsistencies among battery cells. To achieve precise SOC 

estimation of battery packs, firstly, a long short-term memory 

(LSTM) recurrent neural network (RNN)-based model is 

constructed to characterize the battery electrical performance, 

and a rolling learning method is proposed to update the model 

parameters for improving the model accuracy. Then, an improved 

square root-cubature Kalman filter (SRCKF) is designed together 

with the multi-innovation technique to estimate battery cell’s SOC. 

Next, to cope with inconsistencies among battery cells, the SOC 

estimation value from the maximum and minimum cells are 

combined with a smoothing method to estimate the pack SOC. The 

robustness and accuracy of the proposed battery model and cell 

SOC estimation method are verified by exerting the experimental 

validation under time-varying temperature conditions. Finally, 

real operation data are collected from an electric-scooter (ES) 

monitoring platform to further validate the generalization of the 

designed pack SOC estimation algorithm. The experimental 

results manifest that the SOC estimation error can be limited 

within 2% after convergence. 

 
Index Terms—Inconsistency, long short-term memory 

recurrent neural network, square root cubature Kalman filter, 

state of charge. 

I. INTRODUCTION 

RANSPORTATION electrification represents a promising 

solution to mitigate greenhouse gas (GHG) emission and 

environmental pollution; and this provides favorable 

opportunities for prompting development of electric vehicles 

(EVs) and electric-scooters (ESs) [1]. Lithium-ion batteries 

have been dominating the energy storage media of EVs and ESs 

[2], of which the energy storage systems are usually composed 

of hundreds to thousands of cells connected in specific 
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topologies [3]. This leads to the increasing demand of designing 

effective high-performance battery management systems 

(BMS), of which one critical task is to conduct state of charge 

(SOC) estimation of batteries. Accurate knowledge of SOC can 

not only contribute to remaining driving range estimation and 

proper charge/discharge operations, but also facilitate batteries 

to operate in a safer range [4]. SOC cannot be measured directly, 

but can be estimated/induced from external measurements such 

as current, voltage and temperature. Due to heterogeneous 

operation conditions (such as wide time-varying temperature 

range), dynamic and highly nonlinear characteristics (different 

load and aging status) of lithium-ion batteries, it is still an 

intractable task to achieve accurate estimation of SOC with full 

operation range and lifespan [5]. 

Nowadays, a variety of intelligent methods have 

progressively merged for SOC prediction of cells or battery 

packs. They can be generally divided into four categories: 

ampere-hour (Ah) integration method, open circuit voltage 

(OCV)-based method, data driven methods and filter-based 

methods [6]. Among them, the Ah integration method is usually 

exerted, in combination with the OCV-based method, to 

incorporate their individual advantages for achieving fast 

reliable estimation [7]. Although it is simple and easy to 

implement, the method shows poor estimation accuracy due to 

the open-loop control without difference correction [8]. Data 

driven methods, such as neural networks (NNs), supported 

vector machine (SVM), can excavate the hidden nonlinear 

relationship between external feature variables and SOC 

variation through large amounts of experimental data [9]. 

However, data driven methods require a large amount of 

training data to delineate the hidden nonlinear behaviors of 

lithium-ion batteries for predicting SOC. Moreover, it is not 

realistic to obtain the SOC with satisfactory accuracy in real 

operation. 
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The filter-based methods are the mainstream solutions for 

SOC estimation. The widely used solutions include Kalman 

filter (KF), proportional-integral (PI) observer [10], H-infinite 

filter (HIF) [11], particle filter (PF) [12] as well as their 

extensions [13]. As well known, extended Kalman filter (EKF) 

is a classical observation algorithm for SOC estimation of 

lithium-ion batteries, and it mainly employs the partial 

derivatives to linearize the nonlinear electrical characteristics of 

batteries [14]. Nevertheless, the noise covariance of process and 

measurement are assumed to be constant values, thus reducing 

the estimation precision and incurring error divergence. The 

adaptive covariance calculation based EKF (AEKF) is 

introduced to mitigate the error divergence by iteratively 

updating the noise covariance matrices [15]. However, a 

common limitation of AEKF and EKF algorithms is that require 

to calculate the so-called Jacobian matrix during estimation, 

thus contradicting the accuracy of diagnostic SOC. To lessen 

the computational burden of solving the Jacobian matrix and 

diminish the linearization error, the cubature KF (CKF) method 

is proposed on the basis of the third-degree spherical-radial 

cubature law [16]. It exploits a group of 2n sampling points to 

calculate the covariance and mean value of the state. In addition 

to the accuracy improvement, the CKF, compared to EKF and 

AEKF, features better computational efficiency and stability, 

[17]. However, it also involves some imperfections. One 

obvious defect is that solving the Cholesky decomposition of 

the positive semi-definite matrix during estimation may easily 

result in divergence.  

For these SOC estimation algorithms, inaccurate 

mathematical model can generate a non-negligible passive 

influence on SOC estimation. Generally, battery models can be 

simply sorted into three types: white-box models, grey-box 

models and black-box models [18], which mainly differ in 

modeling construction, computational efficiency, simulation 

precision and modeling output results. White-box models refer 

to the models which are based on complex electrochemical 

mechanism, and a set of partial differential equations (PDEs) 

are usually exploited to describe the physical and 

electrochemical dynamics inside of lithium-ion batteries [19]. 

However, resolving a number of PDEs will undoubtedly 

increase the computational burden. Grey-box models are the 

most widely adopted in on-board BMS applications due to their 

fast computation speed, acceptable accuracy and easy 

interpretability [20]. One representative grey-box model is the 

equivalent circuit model (ECM), which is constituted by a 

number of equivalent electric components (such as capacitance 

and resistance), together with OCV sources, to characterize the 

battery’s external electrical performances. However, the model 

parameters need to be determined offline in advance or online 

by different algorithms, such as genetic algorithm (GA) [21], 

particle swarm optimization (PSO) [22], recursive least square 

(RLS) [23], and KF [24]. Moreover, the influences of 

temperature, current as well as SOC on the internal properties 

are difficult to be taken into account in a unified model, and 

imprecise parameters may lead to inaccurate modeling 

performance and also be adverse to SOC estimation. Black-box 

models represent electrical performances through a universal 

nonlinear network supplied by machine learning algorithms 

without perceiving complex electrochemical reactions inside of 

batteries [25]. Nowadays, with the development of vehicle-to-

vehicle (V2V), vehicle-to-cloud (V2C) communication 

techniques, a large amount of operational data of batteries can 

be remotely recorded in central monitoring platforms [26]. In 

this context, the emerging cloud-terminal battery monitoring 

system can supply a potential manner to mitigate the calculation 

burden imposed on on-board BMSs and further improve the 

modeling performance. Moreover, with the accumulation of 

battery data and the improvement of computing capacity 

furnished by the graphics-processing unit (GPU), machine 

learning methods have progressively drawn wide attention. 

Among the black-box models, long-short term memory (LSTM) 

network, as an extended formation of recurrent neural network 

(RNN), can capture the long-term relationship of historical 

information [27]. Given the characteristics of long-term 

responses of battery voltage, LSTM network can be adopted as 

an ideal candidate to model the electrical performances of 

batteries. 

Since battery inconsistency is inevitable in production and 

operation, the approaches discussed above cannot be directly 

applied in battery packs consisting of a massive amount of cells 

[28]. Obviously, it is impertinent to treat a pack as a simple cell 

when estimating the pack SOC. To now, the widely applied 

approach for pack SOC estimation is the mean-plus-difference 

model, which adopts a mean model to identify the mean 

condition of battery pack and a difference model to assess the 

diversity of cell SOC and internal resistance [29]. In [30], the 

second-order ECM and simple resistance model are 

respectively established as the cell mean model and difference 

model, and then the EKF is introduced to estimate the mean and 

difference SOC. However, this approach needs to build two 

battery models, and the number of parameters waiting to be 

identified also increase. Thus, it is imperative to investigate a 

simple, reliable and effective pack SOC estimation method to 

fill in the gaps of existing research.  

Motivated by these issues, this study develops an advanced 

battery pack SOC prediction method considering inconsistence 

among battery cells. The method combines the improved square 

root CKF (SRCKF) technique with the LSTM network model 

to furnish effective cell SOC estimation. Then, the pack SOC is 

estimated by a smooth weighing method based on the maximum 

and minimum SOC of battery cells. The validation results based 

on the laboratory test data and real operation data manifest that 

the proposed approach can track the variation of reference SOC 

after quick convergence. Three original contributions of this 

study are briefly summarized as follows: 1) A fusion method 

combining the LSTM network and the improved SRCKF 

algorithm is developed to effectively model the battery’s 

electrical characteristics and estimate the cell SOC. 2) A 

smoothness weighing method is presented to estimate the pack 

SOC considering the inconsistency among cells. By taking the 

maximum and minimum cell SOC values as the features of 

battery pack, the iteration rules of weights and bias are designed 

to enhance the estimation precision and inconsistency 

flexibility of pack SOC. 3) The accuracy and reliability of the 



proposed battery modeling method and SOC prediction 

algorithm are justified by full comparison with conventional 

estimation methods and validated by real operation data. 

II. BATTERY MODEL CONSTRUCTION 

A. Battery Modeling Based on LSTM 

In this section, the LSTM network is employed to simulate 

the electrical characteristics of batteries. Fig. 1 illustrates the 

schematic diagram of a general LSTM network, where tanh  

denotes the hyperbolic function,   is the sigmoid activation 

function, t
InP  and 1t

OutP
  respectively indicate the input data 

at current step t  and output value at previous step 1t   [31]. 

Different from traditional RNN, LSTM includes three gates, i.e., 

input, output and forget gates, to attain long-term dependencies. 

They are merged together to determine whether a cell should 

remember or forget newly obtained information. More details 

about the LSTM can be referred to our earlier study in [27]. 

 
Fig. 1. The network schematic of LSTM network.

Different from ECMs, which need to identify the well-suited 

model parameters, the LSTM network can directly map the 

nonlinear relationship between the input and output of a model. 

This contributes to the process simplification of identifying the 

model parameters and the independence on specific test for 

model identification. In the LSTM model, the current k
I , SOC 

k
s , surface temperature k

T  at step k and the voltage 1k
v

  at step 

1k   are considered as the inputs of LSTM, represented as 

1
[ ,  , , ]

k k k k k
InP I s T v


 , and the output of LSTM is the voltage 

value k
v  at current step k , i.e., [ ]

k k
OutP v . The SOC is 

calculated by the Ah integration method, as:  

 1k k k n
s s I t Q


    (1) 

where   indicates the coulomb efficiency, t  stands for the 

sampling interval with the unit of second, and n
Q  denotes the 

battery rated capacity with the unit of Ah. Here, the root-mean-

square error (RMSE) is employed to evaluate the difference 

between the model output and real test data, as: 

 
* 2
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N

k k

k
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N 
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where *

k
v  is the ground-truth value of terminal voltage at time 

step k , and N  is the number of time steps. Note that 21700 

lithium-ion batteries are used in the case study of this paper, of 

which the main parameters are tabulated in Table I. Note that 
I  is negative for discharging and positive for charging. As well 

known, battery temperature exhibits distinct influence on 

available capacity. For the batteries under investigation, the 

initial available capacities at different temperatures are plotted 

in Fig. 2. It can be clearly found the maximum discharge 

capacity increases nonlinearly with temperature. Here, a double 

exponential function is adopted to simulate the correlation:  

 1 2 3 4
exp( ) exp( )

n
Q q q T q q T     (3) 

where ,  1,  2,  3,  4
j

q j   are the fitting coefficients. 

TABLE I. SPECIFICATIONS OF THE TARGET BATTERY. 

Rated voltage 3.65 V 

Rated capacity 4 Ah 

Maximum charge rate 1 C 

Maximum discharge rate 3 C 

Operating range of voltage  2.75 - 4.2 V 

End-of-charge current 0.02C 

Discharge temperature -20-60 °C 

 

 
Fig. 2. Available capacity profile. 

B. Rolling Learning Method 

The battery model parameters vary with operation 

throughout their lifetime and are influenced by cycles and 

ambient temperature. It is difficult to rely on a fixed LSTM 

model to accommodate external and internal environmental 

variations through simple offline trainings. Moreover, it is time-

consuming when conducting offline tests. To cope with this 

limitation, a rolling learning method is proposed to 

continuously learn and identify model parameters, as illustrated 

in Fig. 3.  
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Fig. 3. Illustration of rolling learning method. 

As can be seen, the operation data can be split into three 

categories: historical data, current data and future data. The 

historical data gradually increase with the accumulation. To 

avoid the continuously increasing amount of data, a receding 

horizon M  is introduced to store the most recent historical data. 

The LSTM network will re-train the battery model when the 

amount of accumulation data is more than the preset M  and 

will exploit the new parameters of LSTM to predict the terminal 

voltage. With the continuously updated data, the updated model 

will incorporate the current and the most recent factors for 

renewing model parameters. Additionally, in practical 

applications, the initial LSTM model is firstly trained by the test 

data collected from laboratory. When the LSTM is applied 

online, the battery operation data will be continuously collected 

by the central monitoring platform, and then the rolling learning 

method is employed to learn and update the model parameters 

under different working conditions. 

After the battery model is constructed by the LSTM network, 

the SOC estimation will be conducted based on reliable 

simulation of battery electrical characteristics. 

III. STATE OF CHARGE ESTIMATION ALGORITHM DESIGN 

This section will firstly introduce the application of improved 

SRCKF for cell SOC estimation based on the proposed LSTM 

model, and then a novel SOC inconsistency estimation 

algorithm is proposed to calibrate the SOC of battery pack.  

A. Cell SOC Estimation 

For a discrete nonlinear system, the state-space model subject 

to noises can be formulated as:  

 
1
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
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 (4) 

where k
x  and k

y  denote the state vector and output value at 

time step k ; ( )f   and ( )g   indicate the state equation and 

output equation, respectively. k
w  and k

h  are the noises of 

process and measurement,  defines as input vector, i.e., 

current. Normally, the recursive equation of Ah integration 

method is regarded as the state equation of batteries, as show in 

(1). The output equation can be represented by the assembled 

LSTM network, as:  

 1
( ,  , , )

k k k k k
y LSTM I s T v


  (5) 

To overcome the difficulty of calculating the Jacobian matrix 

of the LSTM model, an improved SRCKF algorithm is 

introduced to estimate the SOC in this study. For a traditional 

SRCKF, single information is utilized to update the state 

estimation, while the multi-innovation approach exploits 

historical information to readdress the current state, so as to 

improve the estimation accuracy [22]. The historical 

information vector of state estimation can be expressed as:  
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where  indicates the historical length, k
e  is the error matrix 

at time step k , *

k
y  and ( )y   denote the measured and predicted 

voltages at step k , respectively. ˆ
k

x
  represents the priori 

estimation. Correspondingly, the Kalman gain matrix can be 

constructed, as:  

 , 1 1
,  ,  ,  

p k k k k p
K K K K

  
     (7) 

The state update equation can be formulated, as:  
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Here, a weight factor is imported in the state update equation to 

penalize different historical information, as:  
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where   denotes the weight factor, i  is the penalty 

coefficient at time step 1k i  . To trade-off the calculation 

burden and estimation accuracy, the historical length p  and the 

weight factor   should be carefully determined. Larger p  

means that the BMS needs to store more historical data, thus 

increasing the calculation burden. By contrast, smaller p  

indicates that a small amount of historical innovation will be 

exploited to update the current information. Through 

optimization, p  and   are respectively set to 15 and 0.5 by 

balancing the calculation burden and estimation accuracy. By 

summarizing the above derivations, the improved SRCFK 

algorithm based on LSTM model can be described as follows 

[32], and the structure of the proposed SOC estimation 

algorithm based on the LSTM model and improved SRCKF is 

sketched in Fig. 4. 
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where ( )chol   is the Cholesky decomposition,  E   denotes 

the expectation, 
0 0

S  means the initial value of square roots of 

the error covariance matrix and is determined by the Cholesky 

decomposition, 2m n , and n  denotes state dimension. 

Step 2. Time update 
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The cubature points at step 1k   are calculated, as:  
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The propagated cubature points can be generated, as:  
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The prediction state can be estimated, as:  
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Then, the square-root of prediction error covariance matrix is 

deduced, as:  
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where ( )Tria   denotes the QR decomposition, and *

1k k
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1k
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Step 3. Measurement update 

The cubature points are recalculated, as:  
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Then, update the propagated measurement cubature points:  
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and estimate the predicted measurement:  
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The square-root of the innovation covariance matrix can be 

obtained, as:  
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 is defined, as: 
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The cross-covariance matrix between measurement and state 

vector can be calculated, as:  
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The Kalman gain matrix of the improved SRCFK can be solved, 

as:  
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Thus, the optimal value is calculated in (9), and the 

corresponding square-root of the error covariance matrix is 

determined, as: 
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Fig. 4. Structure of SOC estimation algorithm. 

B. Pack SOC Estimation 

To guarantee safe operation of battery packs and estimate the 

pack SOC accurately, a novel smoothness method is proposed 

for pack SOC estimation by utilizing only the maximum and 

minimum SOC values of cells. The proposed pack SOC 

estimation framework is presented in Fig. 5. At each sample, 

the improved SRCFK algorithm estimates the maximum and 

minimum SOC of cells, labeled as Max
s  and Min

s , based on the 

proposed LSTM model. A common knowledge is that the 

battery voltage can indirectly reflect the variation trend of 

battery SOC. Therefore, when selecting the maximum and 

minimum SOC, we only need to compare the voltage of each 

cell and choose the SOC corresponding to the maximum and 

minimum voltage. Then, Max
s  and Min

s  are regarded as the 

inputs of the smoothness estimation framework, which 

simultaneously calculate the initial weights 1
 , 2

  and the bias 

b  by:  
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Next, the pack SOC at the initial step can be formulated, as:  

 1 2
(0) (0) (0)

Pack Max Min
s s s b       (25) 

For ideal situations, when the battery is charged, the pack 

SOC needs to gradually converge to, or equal, the maximum 

cell SOC, thus preventing overcharge. By contrast, when the 

battery is discharged, the pack SOC should approach to the 

minimum SOC of cell, thus avoiding over-discharge. Here we 

assume that the battery pack is fully discharged after 
stop

t , and 

the minimum SOC and pack SOC concurrently converge to 0; 

thus, the minimum SOC and pack SOC can be defined, as: 
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where Min
k  and Pack

k  denote the slopes of the minimum cell 

SOC and pack SOC, respectively; and t  is the running time. In 

this study, a linear equation is employed to facilitate the SOC 

estimation of battery pack. During the two adjacent sampling 

periods, a straight line can be introduced to connect two SOC 

points. It is assumed that the minimum SOC of the whole 

process changes linearly with the pack SOC, as: 

 2Pack Min
s = s b    (27) 

Thus, we can get:  
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The relationship between pack SOC and the minimum SOC can 

be formulated, as: 

 Pack

Pack Min

Min

s
s = s

s
  (29) 

Thus, when the battery is discharged, if the pack SOC is lower 

than the difference between Max
s  and Min

s , the weights and bias 

can be determined by:  
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In this case, if the pack SOC is higher than the difference 

between Max
s  and Min

s , the weights and bias can be yielded, as:  
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By contrast, when the battery is being charged and the pack 

SOC is higher than ax in
1 ( )

M M
s s  , we assume that the battery 

pack is fully charged after 
argch e

t , and the maximum cell SOC 

and pack SOC concurrently converge to 1, as: 
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where Max
k  indicates the slope of the maximum cell SOC. 

Similarly, the maximum SOC of the whole process is assumed 

to change linearly with the pack SOC, as: 

 1Pack Max
s = s b    (33) 

Thus, we can attain: 
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The weights and bias can be calculated, as: 
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If the pack SOC is lower than max min
1 ( )s s  , the weights and 

bias can be calculated according to (31). Eventually, the pack 

SOC can be determined, as: 

 1 2
( ) ( ) ( )

Pack Max Min
s t s t s t b       (36) 

By this manner, the weights and bias can be dynamically 

adjusted according to Max
s  and Min

s , thereby enabling the pack 

SOC to track the maximum or minimum SOC. Note that the 

pack SOC prediction framework designed in this study can be 

adaptively regulated to follow the decline rate of cell SOC by 

modifying the bias value. In other words, the bias value can be 

modified so that the pack SOC is consistent with the limitation 

of highest or lowest threshold at the specified SOC. Moreover, 

in the proposed battery pack SOC estimation framework, only 

the maximum and minimum cell SOC will be employed as the 

key variables for pack SOC calculation. In short, we only need 

to calculate the SOC of two cells, and thus the calculation 

burden of BMS is not high. If there are more battery packs in 

the EV, we only need to compare the voltage value of each cell 

and select the cells with the maximum and minimum voltage. 

Then, the proposed cell SOC estimation method will be 

employed to estimate the corresponding SOC, followed by the 

pack SOC estimation based on the smooth weighing method. 

From this point of view, increasing the number of battery packs 

will only augment the number of voltage comparisons, and the 

estimation speed of the battery pack SOC will not change 

significantly. 



 
Fig. 5. The flowchart of the battery pack SOC estimation. 

In the next step, the SOC estimation will be conducted based 

on the LSTM model and the proposed algorithm. 

IV. PERFORMANCE EVALUATION OF BATTERY CELL 

In this section, the influence of different numbers of units on 

the precision of LSTM model will be discussed, and then the 

performance of LSTM model is compared with traditional 

ECMs. Subsequently, the estimation results of the presented 

cell SOC estimation algorithm are compared with those of 

typical methods. Finally, the SOC estimation results are 

assessed under time-varying temperature environment. 

A. Parameter Selection 

The model parameters need to be set and optimized before 

training the LSTM model and estimating the cell SOC. A 

common knowledge is that different numbers of LSTM units 

will lead to different modeling accuracy. To determine the 

proper number, different numbers of hidden units are employed 

to construct the model. In this experiment, the test is performed 

at room temperature, i.e., 25 ℃. The cell is first fully charged 

by the constant current-constant voltage (CC-CV) scheme, and 

then the urban dynamometer driving schedule (UDDS) 

experiment is cycled until the terminal voltage drops to the cut-

off voltage of 2.75 V. The test data are logged with a sampling 

frequency of 1 Hz. Fig. 6 (a) and (b) show the voltage response 

results of varying unit numbers of LSTM from 20 to 500, and 

the interval is set to 20. To further evaluate the prediction 

performance of the proposed LSTM model, the model output is 

compared with the corresponding references. The evaluation 

criteria, including the average absolute error (AAE), maximum 

absolute error (MAE), RMSE and running time are considered 

as the indicators for ease of comparison. The statistic results 

based on different numbers of units are depicted in Fig. 6 (c) to 

(d). As can be observed, the minimum AAE, RMSE and 

running time appear in 20 units. While the optimal MAE of the 

proposed model is 27 mV and appears when 100 units are 

selected. From the statistic results, it is difficult to intuitively 

determine which unit number is the best choice. Here, the 

entropy weight method is employed to score the prediction 

results [33]. Assuming that there exist MI  evaluation indexes 

and NO  evaluation objects in the original data, the 

performance value 
,Un In

P  is normalized and limited to the range 

of [0, 1] for minimizing the difference between the data of each 

dimension of the evaluation index, as: 
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where 
,Un In

IV  means the Inth index value of the Unth unit, 

( )
In

IVmin  and ( )
In

IVmax  represent the minimum and 

maximum value of the Inth index, respectively; Un MI ; and 

In NO . Then, the entropy of the Inth index, In
En , can be 

calculated, as: 
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Each index’s entropy weight In
w  can be deduced as: 
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Thus, 25 model scores In
Score  can be calculated as: 
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By this manner, the scores of 25 models can be calculated, as 

presented in Fig. 7. It can be discerned that the LSTM model 

with 100 units features the highest score of 0.95, while the 

model with 440 units has the lowest score of 0.3. This is because 

when 100 units are selected, the MAE is the least (43% of that 

by 20 units and 23% of that by 440 units). The AAE and RMSE 

are only 0.79 mV and 0.8 mV less than that by 20 units. 

Additionally, the running time is merely 80 s longer than that 

when 20 units are selected and 952.8 s less than that when 440 

units are employed, manifesting that the LSTM model with 100 

units can achieve a better trade-off between prediction precision 

of voltage and running time. Thus, 100 hidden units are 

suggested for the battery model according to the prediction 

results in this study. 
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Fig. 6. Estimation results using different numbers of hidden units. (a) Comparison of voltage. (b) Voltage estimation errors. (c) Voltage AAE. (d) Voltage MAE. (e) 

Voltage RMSE. (f) Running time.

 
Fig. 7. The scores of different numbers of units. 

B. Comparison with Different Battery Models 

As well known, the battery performance highly relies on the 

operating temperature. With the increase of temperature, the 

ohmic and polarization resistances during charge and discharge 

processes decrease gradually, and the reaction rate of the 

electrode increases, thus promoting the output capacity of 

battery. In the traditional ECM, these models cannot adapt to 

the variation of battery temperature due to the static modeling 

characteristics. To future validate the adaptability of the 

developed battery model, the voltage prediction performance of 

different modeling methods is compared at higher temperatures. 

After obtaining the optimization number of units, the online 

voltage prediction is performed with the UDDS test at 44 ℃. 

Here, two different ECMs, the first-order and second-order 

ECMs, with two different parameters identification methods, 

including GA and PSO, are compared with the recommended 

modeling method. Moreover, the training data of LSTM are 

collected from a hybrid test cycle, which contains the UDDS 

and the federal urban driving schedule (FUDS) test under the 

temperature range of -10 ℃ to 50 ℃ with 10 ℃ as the increase 

step. The evaluation results of these three battery models and 

two identification approaches are demonstrated in Fig. 8, and 

the statistics results are listed in Table II. We can find that the 

predicted voltage values based on the LSTM model are always 

more precise than the other four models. For the ECMs, when 

the SOC is located in the middle and high range (15%-100%), 

the prediction error of the model is generally small; whereas 

when the SOC drops below 15%, the error gradually increases. 

The reason is that the polarization at low SOC becomes more 

obvious, and it is difficult for traditional identification methods 

to track the rapid change of terminal voltage. In addition, more 

RC networks cannot significantly improve the performance of 

model prediction. By comparing with the parameters identified 

methods based on GA and PSO, it can be clearly found that the 

performance of PSO is slightly better than that of GA. 

By the proposed model, the MAEs have been well confined 



within 30 mV, occupying about 0.82% of nominal voltage. 

However, the least MAE of other four traditional models is 

higher than 260 mV, which is about nine times larger than that 

of the proposed model. Moreover, from the perspective of 

RMSE, the LSTM model outperforms the other four models 

with an RMSE of 6.06 mV. In short, the presented modeling 

method based on the LSTM network is more accurate than other 

traditional modeling methods. 
TABLE II. EVALUATION RESULTS OF DIFFERENT MODELS. 

Model AAE (mV) MAE (mV) RMSE (mV) 

First-order RC-GA 14.53 274.01 20.46 

First-order RC-PSO 14.52 274.00 20.46 
Second-order RC-GA 14.52 273.30 20.42 

Second-order RC-PSO 14.43 266.53 20.21 

LSTM 4.83 29.91 6.06 

C. Comparison with Conventional Methods 

To reveal the advantages of the proposed SOC estimation 

method, we employed two conventional methods, i.e., the first-

order ECM and the second-order ECM, to simulate battery 

electrical performance and applied the PSO algorithm to 

identify the model parameters. Then, two conventional filters, 

i.e., unscented Kalman filter (UKF) and SRCKF, are 

respectively employed to estimate the SOC. Moreover, the 

UKF and SRCKF are further exploited based on the LSTM 

model to predict battery SOC. The battery is discharged at room 

temperature under the FUDS from 100% SOC. To check the 

convergence ability of different methods, the initial SOC is 

erroneously presupposed to 80%. 

Fig. 9 and Table III delineate the comparison results of 

different algorithms and experimentally measured values. The 

reference profile denotes the real SOC value which is achieved 

by the Ah integration method. The “ISRCKF” represents the 

improved SRCKF algorithm. As can be seen, the SRCKF with 

two-order RC method leads to the largest error fluctuation of 

prediction result, and the proposed algorithm can achieve the 

minimum error, compared with the other estimation results. 

Several important conclusions can be drawn according to the 

estimation results based on different commonly used methods. 

First, the reference SOC of lithium-ion batteries can be tracked 

accurately in the entire operation range by executing the 

proposed method. The AAEs of SOC estimation are 

respectively 0.34%, 0.92%, 1.52%, 3.25%, 2.93%, 3.84% and 

1.14% by the proposed method, SRCKF-LSTM, UKF-LSTM, 

one-order RC based SRCKF, the first-order RC based UKF, 

two-order RC based SRCKF and the second-order RC based 

UKF. Second, thanks to the workmanlike closed-loop feedback, 

the predicted terminal voltage can converge to the reference 

value as precisely as the case when the initial SOC is set to 

100%. The convergence time for different SOC estimation 

methods is respectively 2 s, 2 s, 20 s, 100 s, 20 s, 110 s and 6 s, 

accentuating that the presented method can correct the initial 

error more quickly than other methods. Last, the SOC 

estimation results based on the multi-innovation updating 

technique are more accurate than that of the single error method. 

The AAE, MAE and RMSE are respectively improved by 62%, 

64% and 63%. Hence, the experimental results manifest that the 

SRCFK along with the multi-innovation technique and LSTM 

model raises the optimal estimation performance, compared 

with other commonly used algorithms. 

 
(a) (b) 

Fig. 8. Comparison results of different modeling methods. (a) Comparison of voltage. (b) Voltage estimation errors 

TABLE III. SUMMARY OF KF-BASED ESTIMATION TECHNIQUES AND BATTERY MODELING METHOD. 

Algorithm Model 
Convergence 

time (s) 

SOC (%) Voltage (mV) 

AAE MAE RMSE AAE MAE RMSE 

ISRCKF 

LSTM 

2 0.34 0.33 0.34 4.3 23.1 20.4 

SRCKF 2 0.92 0.91 0.92 4.6 23.2 20.5 
UKF 20 1.52 1.79 2.07 4.3 40.9 7.3 

SRCKF First-order 

RC 

100 3.25 3.33 3.30 13.4 107.8 20.7 

UKF 20 2.93 2.19 2.95 13.4 311.2 20.0 
SRCKF Second-

order RC 

110 3.26 3.84 3.29 13.3 103.6 20.5 

UKF 6 1.14 0.99 1.31 13.7 300.6 21.3 
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Fig. 9. SOC evolution with different algorithms and modeling methods. (a) SOC evaluation results. (b) SOC error. (c) Voltage evaluation results. (d) Voltage error. 

D. Evaluation Results under Time-Varying Temperature 

The above tests and validations indicate that the proposed 

LSTM model can effectively simulate the dynamic and static 

characteristics of lithium-ion batteries, and the improved 

SRCKF is qualified for SOC estimation at a fixed environment 

temperature. Nevertheless, the battery is easily perturbed by 

external environment, and the temperature will change with the 

operation. Hence, the estimation performance of the proposed 

method needs to be validated under time-varying temperature 

conditions. In this study, an operation database containing three 

experiment schedules, i.e., the dynamic stress test (DST), 

FUDS test and CC-CV charging scheme, records the battery 

operation with the environmental temperature variation from 

4 ℃ to 53 ℃, and is directly employed to evaluate the forecast 

performance of the presented SOC algorithm. 

Fig. 10 (a) and (b) demonstrate the measurement current and 

temperature, and we can find during the period of 590 minutes 

to 620 minutes, the temperature curve dropped rapidly from 

53 ℃ to 9 ℃. This process can validate the adaptability of the 

built estimation algorithm to the time-varying temperature 

environment. Meanwhile, the test schedule contains high 

current charge and discharge, followed by the CC-CV charging 

profile. Fig. 10 (c) and (d) present the SOC prediction results of 

the proposed algorithm and the LSTM based method. In the 

LSTM-based SOC estimation algorithm, the input includes 

current, voltage and temperature of the battery, and the output 

is the SOC. To make the two models more comparable, the 

parameters of these models are set to the same values. The 

selection method of the unit number in the LSTM-based SOC 

model is similar to that of the LSTM-based voltage model. 

According to the calculation, the best and worst estimation 

results appear when the number of units is 100 and 500, and 

their values are 0.99 and 0.22, respectively. Thus, 100 hidden 

units are hired to establish the LSTM network model and 

estimate SOC. 

As can be found from Fig. 10, the LSTM-based SOC 

estimation can follow the downtrend of SOC, and the MAE and 

RMSE are 4.5% and 0.81% respectively, indicating the 

prediction SOC is not steady enough. According to the results, 

it is distinct that large error mainly appears in the lower range 

of SOC (around 15%) due to polarization existing at lower SOC. 

Furthermore, high temperature and rapid variation of 

temperatures also lead to larger estimation error to some extent. 

However, the prediction trajectory of the proposed algorithm 

can match the reference curve with preferable accuracy even in 

the lower range of SOC. The proposed method can not only 

track the variation of real SOC for the whole temperature range, 

but also raise higher estimation precision, compared with that 

of the LSTM-based method, of which the MAE and RMSE are 

respectively 1.63% and 0.31%. By means of comprehensive 

validation, the practical application potential of the proposed 

method is justified. 

V. PERFORMANCE EVALUATION OF BATTERY PACK 

This section uses real data collected by a cloud monitoring 

platform to verify the battery pack SOC estimation algorithm. 

Moreover, the data acquisition platform and data processing 

processes are also elaborated.  

A. Data Acquisition  

Cloud system features advantages of strong computational 

abilities and large storage capacities. Hence, the data from an 

ES monitoring platform is collected to validate the SOC 

prediction method for battery pack. The power battery pack 

consists of 14 modules, each of which is comprised of 6 cells in 

parallel configuration; and there exist three negative 

temperature coefficient (NTC) thermistors attached inside the 

battery pack. The data sampling frequency ranges from 0.1 Hz 

to 1 Hz. The measured data are further processed and stored on 

the cloud system. 
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Fig. 10. Battery cell estimation results under time-vary temperature. (a) Current profiles. (b) Temperature profiles. (c) SOC profiles. (d) SOC error. (e) Voltage 

profiles. (f) Voltage prediction error. 
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(c)                                                                                                           (d) 

Fig. 11. ES data curves on November 1, 2019. (a) Battery pack current and voltage. (b) Velocity of ES. (c) Battery pack temperatures. (d) Cell voltages 

B. Data Preprocessing 

The original data of current, temperature, pack voltage, 

velocity and cells’ voltage are depicted in Fig. 11. From Fig. 11 

(b), we can find that the practical experiment includes rapid 

acceleration, rapid deceleration, high speed, low speed and halt 



mode, thus involving all the working models of ESs. The 

measured temperature variations are plotted in Fig. 11 (c), in 

which the temperature fluctuates gently, and their effects on 

battery performance is not significant. Thus, the cell 

temperature is represented by the mean value of three measured 

temperatures to simplify the calculation in the estimation 

process. Fig. 11 (d) shows the cell voltage variation, and we can 

find that all the cell voltages remain almost the same during 

operation. The inconsistency among cell voltages can be 

neglected to some extent. Nevertheless, slight difference of 

voltage curves appears, as shown in Fig. 11 (d). The maximum 

and minimum values of voltage appear in cell 4 and cell 13, 

respectively; and the maximum difference is more than 20 mV. 

Therefore, the estimated SOC of these two cells will be selected 

to calibrate the battery pack SOC.  

C. Results and Discussion 

The voltage profile of battery pack under two cycles is drawn 

in Fig. 12 (a). The voltage, current and temperature in the first 

cycle are chosen as the training dataset for building the battery 

model, and the data of the second cycle are considered as the 

testing dataset. The SOC prediction results and error curves of 

battery pack based on real-world data are depicted in Fig. 12 (b) 

and (c), The initial values of minimum SOC and maximum 

SOC are respectively set to 92% and 93%. The initial SOC of 

reference is calculated by checking the standard SOC-OCV 

look-up table in the equilibrium state. From Fig. 12 (c), it can 

be observed that the MAE based on the real-world data is less 

than 2%. Moreover, the battery pack SOC and mean SOC 

curves are located between the maximum and the minimum of 

cell SOC. In high SOC range, the battery pack SOC is closer to 

the maximum value of cell SOC. With the discharge of batteries, 

the battery pack SOC gradually approaches to the minimum 

value of cell SOC. When the minimum SOC approximates to 0, 

the battery pack SOC also reaches 0. Fig. 12 (d) exhibits the 

pack SOC variation when the limitation of SOC is set to 35%. 

We can find that when the minimum SOC decreases to 35%, 

the pack SOC concurrently converges to 35%, highlighting the 

adaptability of the developed pack SOC estimation algorithm 

and the capability of avoiding over-discharge. Fig. 12 (e) 

compares the measured and predicted terminal voltage, and Fig. 

12 (f) shows that the initial prediction error is up to 100 mV, 

which are generated by the erroneous SOC setting. After the 

predicted voltage converges to the reference terminal voltages, 

the MAE of the terminal voltage is only 30 mV, excluding a 

small number of discrete points. Moreover, each step 

calculation time for battery cell is 2.8 ms, while the sampling 

interval of battery cell measure is 1 s, which is much longer than 

the step calculation time for cell SOC estimation. In addition, 

when all the programs are integrated, each step calculation time 

when estimating the battery pack SOC is 5.7 ms, still much 

shorter than the sampling interval. This broadly proves that the 

pack SOC estimation framework proposed in this paper can 

meet the requirements of online application, and the feasibility 

of the proposed estimation method for battery pack SOC is 

justified. 

 
(a) (b) 

 
(c) (d) 



 
(e) (f) 

Fig. 12. Battery pack SOC estimation results. (a) Training and testing datasets. (b) Battery pack SOC estimation results. (c) SOC estimation errors. (d) Battery pack 

SOC estimation results with 35% SOC limitation. (e) Voltage estimation results. (f) Voltage estimation errors. Note that “Maximum SOC estimation” and “Minimum 

SOC estimation” denote the estimated value of maximum and minimum SOC obtained by the ISRCKF-LSTM algorithm. “Pack SOC” is the predicted results of 

battery pack SOC achieved by the presented method, and “Mean SOC” denotes the calibrated results of battery pack SOC acquired by mean of maximum SOC and 

minimum SOC.

VI. CONCLUSION 

This paper presents a data-driven battery model based on 

LSTM RNN to accurately simulate battery characteristics, and 

a rolling learning method is developed to improve the 

simulation precision and adapt to environment variation. Then, 

an improved SRCKF based SOC prediction algorithm is 

proposed, which is fully substantiated in the case of time-

varying temperature environment by comparing with the 

commonly used SOC estimation algorithms. The experimental 

results indicate that the cell SOC estimated by the proposed 

algorithm can quickly converge to the reference value with the 

RMSE of less than 0.4% over the entire temperature variation 

range. According to the developed smooth weighing method, 

the weights and bias of the maximum and minimum SOC for 

battery cells are dynamically adjusted, and the pack SOC is 

properly determined. Based on the proposed model and pack 

SOC estimation method, the MAE of the cell SOC is less than 

2% in ES applications, and the pack SOC can fully consider the 

thresholds of cell SOC and vary smoothly and reasonably under 

different operation conditions, verifying its feasibility in 

practical applications. 

Although a reliable battery pack SOC estimation method is 

proposed in this study, and its model parameters are updated 

continuously through the rolling learning method, the 

degradation of battery capacity is not considered in this study. 

Therefore, the co-estimation of SOC and state of health for 

lithium-ion battery packs in their entire lifespan is the focus of 

our next step research. 
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