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Abstract: The accurate estimation of the SOC of the power battery of electric vehicles is of great 

significance to the safe driving of electric vehicles. This paper proposes a new power battery SOC 

estimation method based on the nuclear extreme learning machine algorithm. It constructs an 

accurate regression prediction model of SOC through easy-to-measure physical quantities such as 

current, voltage, and temperature, and introduces a selective moving window strategy to update 

Training samples of the model in time. The experimental results show that the method proposed in 

this paper has excellent performance on multiple indicators and has certain practical value. 
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__________________________________________________________________________________________ 

 

1. INTRODUCTION 

The battery management system (BMS) is the most technical component of electric vehicles. In order 

to ensure the safety of the battery, extend its service life and make it meet the needs of electric vehicles, 

accurate battery state of charge (SOC) estimation is an essential function of BMS [1-2]. Since the 

lithium battery itself is a closed system, the SOC can only be estimated based on the battery terminal 

characteristics. Researchers have done a lot of research work to improve the accuracy of electric 

vehicle battery SOC estimation. At present, the main methods for estimating the SOC of electric 

vehicle batteries include: discharge experiment method, ampere-hour measurement method [3,14], 

open circuit voltage method [4-6,15], load voltage method [7], internal resistance method [8], Linear 

model method [9], neural network method [10,16] and Kalman filter method [11-13], etc. The 

discharge experiment method is time-consuming and cannot realize the real-time estimation of the 

SOC of the electric vehicle battery during driving. The ampere-hour method [3,14], as an open-loop 

method, is easily affected by the initial SOC value and current measurement accuracy. In the open 

circuit voltage method [4-6,15], the open circuit voltage test of the battery requires the battery to 

stand for a period of time to obtain a stable voltage value. It is not suitable for online estimation of 

SOC. This method is only suitable for electric vehicle parking status. The load voltage method can 

estimate the SOC of the battery pack in real time, and it has a better effect during constant current 

discharge. However, in actual vehicle operation, the severely fluctuating battery voltage has brought 

considerable difficulties to the application of the load voltage method [7]. In the internal resistance 
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method [8], it is difficult to accurately measure the internal resistance of the battery cell, which leads 

to the low accuracy of the internal resistance method. The linear model [9] is only suitable for low 

current and slow SOC changes. The accuracy and real-time performance under complex conditions 

are difficult to guarantee. The nonlinear mapping of the neural network is very suitable for the 

nonlinear dynamic characteristics of the battery, so the neural network method is suitable for all kinds 

of batteries. The disadvantage of this method is that it requires a large number of standard data sets 

for training. The estimation error is greatly affected by the training data and training methods. Great 

[10,16]. The use of Kalman filter algorithm to estimate battery SOC has been widely concerned [11-

13]. This method is suitable for all kinds of batteries. Compared with other methods, it is especially 

suitable for the estimation of the battery SOC of hybrid electric vehicles with severe current 

fluctuations. 

The extreme learning machine algorithm (ELM) proposed by Huang et al. [17] is an algorithm for 

solving single hidden layer neural networks. The biggest feature of ELM is that it is for traditional 

neural networks, especially single hidden layer feedforward neural networks. The network (single-

hidden layer feed-forward neural network, SLFN) is faster than traditional learning algorithms on the 

premise of ensuring learning accuracy. The single hidden layer feedforward neural network is widely 

used in many fields due to its excellent learning ability, but the disadvantages of traditional training 

algorithms such as slow training speed and easy to fall into local minima restrict its further 

development. The extreme learning machine algorithm randomly generates the connection weights 

between the input layer and the hidden layer and the bias of the hidden layer neurons, and there is no 

need to adjust during the training process, just manually set the number of hidden layer neurons. 

Obtain the only optimal solution. Compared with traditional algorithms such as BP algorithm, this 

method has faster learning speed and better generalization performance. For nonlinear samples, the 

linear weighted mapping method of ELM will affect its accuracy to a certain extent. In order to change 

the linear weighted mapping method, literature [18] proposed a kernel ELM (KELM), which replaced 

the linear weighted mapping method with a kernel function, which not only reduced the training time, 

but also improved the classification accuracy. 

Aiming at the problem of electric vehicle power battery SOC estimation, this paper designs a new 

power battery SOC estimation algorithm based on KELM. An accurate regression model of SOC is 

constructed through physical quantities that are easy to measure, such as current, voltage, and 

temperature, and a selective moving window strategy (SMW) [19] is introduced to update the training 

samples of the model in time. 

The organization structure of this article is as follows: Section 2 details the KELM algorithm and 

selective moving window strategy; Section 3 details the proposed SOC estimation method; Section 4 

shows the comparison with other typical SOC estimation algorithms Compare the experimental 

results; Section 5 gives the conclusion. 

 

2. KELM ALGORITHM AND SELECTIVE MOVING WINDOW STRATEGY 

2.1 KELM algorithm 

The single hidden layer feedforward neural network is widely used in many fields because of its 

excellent learning ability, but the disadvantages of traditional training algorithms such as slow 
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training speed and easy to fall into local minima restrict its further development. The extreme learning 

machine algorithm randomly generates the connection weights between the input layer and the hidden 

layer and the bias of the hidden layer neurons, and there is no need to adjust during the training 

process. You only need to manually set the number of hidden layer neurons. Obtain the only optimal 

solution [20-21]. Compared with traditional algorithms such as BP algorithm, this method has faster 

learning speed and better generalization performance. 

Set up a single hidden layer feedforward neural network, the number of neurons in the input layer is 

n, the number of neurons in the hidden layer is L, and the number of neurons in the output layer is m. 

The weight matrix between the input layer and the hidden layer is W: 
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The weight matrix between the hidden layer and the output layer is β: 
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The threshold vector of the hidden layer is b: 
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𝑏1

𝑏2

⋮
𝑏𝐿

]
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                                                                          (3) 

 

Given a data set D = {(xj, tj), j = 1,2,… , N} containing N samples, for any sample  xj = (xj1, xj2,… , xjn)
T ∈

Rn, he corresponding expected output vector is tj = (tj1, tj2,… , tjm)T ∈ Rm. Combine all expected output 

vectors into matrix T: 

𝑇 =

[
 
 
 
𝑡1
𝑇

𝑡2
𝑇

⋮
𝑡𝑁
𝑇]
 
 
 

𝑁×𝑚

= [

𝑡11   𝑡12 … 𝑡1𝑚

𝑡21   𝑡22 … 𝑡2𝑚

 ⋮       ⋮  ⋱  ⋮
𝑡𝑁1   𝑡𝑁2 … 𝑡𝑁𝑚

]                     (4) 

Suppose that the output of the sample xj through the single hidden layer feed forward neural network 

is oj, j=1,2,…,N. Then the standard mathematical model of the feed forward neural network can be 

expressed as (5) and (6): 

∑ 𝑔(𝑤𝑖 ∙ 𝑥𝑗 + 𝑏𝑖)𝛽𝑖 =𝐿
𝑖=1 𝑜𝑗 , 𝑗 = 1,2, … ,𝑁,                                       (5) 
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∑ ‖𝑜𝑗 − 𝑡𝑗‖ = 0.      𝑁
𝑖=1                                                  (6) 

Where g is the activation function, that is, the kernel function. Combine (5) and (6) into formula (7): 

∑ 𝑔(𝑤𝑖 ∙ 𝑥𝑗 + 𝑏𝑖)𝛽𝑖 =𝐿
𝑖=1 𝑡𝑗 , 𝑗 = 1,2,… ,𝑁                            (7) 

 

From (7) it is known that if the matrix β is obtained, the matrix W and b need to be solved. Rewrite 

(7) into the following form: 

𝑯𝜷 = 𝑻                                                                        (8) 

among them 

                                                                             𝑯 = 𝑯(𝑾,𝒃) = [ℎ𝑖𝑗]𝑁×𝐿
 

             = [
𝑔(𝑤1 ∙ 𝑥1 + 𝑏1) ⋯ 𝑔(𝑤𝐿 ∙ 𝑥1 + 𝑏𝐿)

⋮ ⋱ ⋮
𝑔(𝑤1 ∙ 𝑥𝑁 + 𝑏1) ⋯ 𝑔(𝑤𝐿 ∙ 𝑥𝑁 + 𝑏𝐿)

]                                       (9) 

 

(8) is equivalent to the following optimization problem: 

                                                 �̂� = 𝑎𝑟𝑔 min
𝜷

‖𝑯𝜷 − 𝑻‖                                                    (10)  

The solution is: 

  �̂� = 𝑯†𝑻                                                                       (11) 

Among them, H† = (HTH)
−1

HT
 is the Moore-Penrose generalized inverse matrix of the hidden layer 

output matrix H. When HHT  is not singular, H† = HT(HHT)
−1

 . WhenHTH   is not singular, H† =

(HTH)
−1

HT
. 

In order to obtain a more stable solution to (11), according to the ridge regression principle [22], a 

constraint factor 1/C is usually added to (12), so that it becomes: 

 �̂� = (
1

𝐶
+ 𝑯𝑇𝑯)−1𝑯𝑇𝑻                                                           (12) 

 
Huang et al. [23] put forward and proved the following theory after in-depth research on single hidden 

layer feedforward neural network: 

Given a single hidden layer feedforward neural network with n-L-m structure, and a data set 

containing N samples D = {(x
j
, tj), j = 1,2,… ,N ,, structure, and a data set containing N samples 

xj = (xj1,xj2,… , xjn)
T ∈ Rn

,the corresponding expected output vector is tj = (tj1, tj2,… , tjm)T ∈ Rm
.If 

the activation function g: R → R is infinitely differentiable on any interval.Then ωi and bi is infinitely 

differentiable on any interval on Rn
 and R with any continuous probability distribution have: 

1) The hidden layer output matrix H is invertible with probability 1; 

2) For any 𝜺 > 𝟎, ‖𝑯𝛽 − 𝑻‖𝑭 < 𝜺 holds with probability 1. 

According to this theory, we can know that the general steps of the ELM training algorithm are: 

Step 1: Set the input, including the number of hidden layer neurons L, the constraint parameter C, the 

training data set, and the activation function g(∙); 

Step 2: Randomly generate the input weight matrix W and the hidden layer bias matrix b, which can 

be sampled from any interval of any continuous probability distribution; 
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Step 3: Calculate the hidden layer output matrix H according to formula (9); 

Step 4: Calculate the output weight matrix β according to formula (12). 

2.2 Selective moving window scheme 

Each state variable in the battery discharge process has high time-variability, so the historical data 

that exists in the sample data set for a long time may no longer reflect the accurate battery working 

condition. It is necessary to update the training data set, but too high update frequency will also lead 

to an increase in time cost. In view of this, literature [19] proposes a selective moving window scheme 

based on the moving window scheme [24], which determines whether to update the sample data set 

by setting a threshold for the prediction error. The realization process is shown in Figure 1. 
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Fig. 1 Selective moving window scheme 

 

3. SOC ESTIMATION SCHEME BASED ON KELM 

The regression model constructed by the power battery SOC estimation scheme proposed in this paper 

takes the historical working current, voltage, and temperature of the battery, which are three 

convenient parameters and historical SOC values as input, to estimate the real-time SOC of the battery. 

The functional relationship of the model can be expressed by formula (13). 

                                        𝑆𝑂𝐶𝑛 = 𝑓(𝑉, 𝐼, 𝑇, 𝐻𝑆𝑂𝐶)                                                 (13) 

Where V = {vt, vt+1, … , vn−1} is the historical working voltage, I = {it, it+1, … , in−1}is the history 

Working current, T = {tt, tt+1, … , tn−1}  is the historical temperature, HSOC =

{soct, soct+1, … , socn−1}  is the historical SOC value, n-t is the window width of the sample set, 

which is determined by the selective moving window strategy. 

The detailed operation process of the program is shown in Figure 2 below. 
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4. EXPERIMENT 

4.1 Experimental data collection 

The test data is collected on the battery test platform, which is composed of a host computer, a high-

precision temperature data collection module, a lithium-ion battery module (standard voltage 12V, 

nominal capacity 2.2Ah) and a battery activation instrument. As shown in Figure 3. 
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Fig. 2 Algorithm running process 
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Fig. 3 Battery experiment platform 

 

In order to fully collect battery dynamic data samples for training and testing of the SOC regression 

model, the battery was discharged five times, each for 1800s. Figure 4 is the sampling value of each 

physical quantity obtained during the first discharge, and the sampling period is 1s. The SOC 

sampling value at each moment in the discharge process in the figure is obtained by calculating the 

total amount of electricity released when the battery is discharged to the cut-off voltage, and then 

using the total amount of electricity as the baseline standard. 



Volume 8 Issue 5 2020 

26 

 

  
(a) The amount of current                        (b) The amount of voltage 

 
(c) Temperature                                          (d) SOC 

  

Fig. 4 Sampling values of various physical quantities obtained during the first discharge 
 

4.2 Experimental results 

In order to quantitatively evaluate the estimation accuracy, the model evaluation indicators used in 

this article include maximum absolute error (MAE) and root mean square error (RMSE). The 

definitions of MAE and RMSE are given in equations (14) and (15). 

     
                                           𝑀𝐴𝐸 = max|𝑦�̂� − 𝑦𝑖|, 𝑖 = 1,2,… ,𝑁                         (14) 

 

                                  𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (�̂�𝑖 − 𝑦𝑖)

2𝑁
𝑖=1                           (15) 

 

In order to verify the effectiveness of the algorithm proposed in this paper, the experimental results 

are compared with the literature [25-26]. In the experiment, the data collected in the first four tests 

are used to form a training data set after denoising, and the data collected in the fifth test is used as 

the test data set. The SOC estimation result of the training data set is shown in Figure 5. The estimated 

value of each sampling point in the figure is the average of four regressions. The SOC estimation 

result of the test data set is shown in Figure 6. The root mean square error, maximum absolute error 

and prediction time of the test results are listed in Table 1. The parameters corresponding to the 

optimal model obtained based on the algorithm proposed in this paper are listed in Table 2. 

Through experiments, it can be seen that, compared with the two methods [25] and [26], the algorithm 

proposed in this paper not only achieves the ideal regression accuracy, but also greatly reduces the 

time overhead. Compared with the two algorithms in the control group, this algorithm has more 

application value. 
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Fig. 5 Training results of the training data set 

 

 
Fig. 6 The prediction results of the test data set 

 

Table 1 Root mean square error, maximum absolute error and prediction time of the test results of 
the three schemes 

 MAE RMSE Time/s 

This paper 0.0045 0.0877 0.3803 

[25] 0.0095 0.1158 3.4884 

[26] 0.0126 0.1241 4.0153 

 

Table 2 Parameters corresponding to the optimal model 

Model 
Number of hidden 

layer neurons 
Penalty factor C Nuclear function 

KELM 27 11.4201 Sigmoid function 

 

5. 5. CONCLUSION 

In this paper, a method for estimating the SOC of electric vehicle power battery is proposed based on 

the kernel extreme learning machine algorithm. In this method, the selective moving window strategy 

is used to update the model training sample data set. The historical values of voltage, current, 

temperature and SOC are used to estimate the training of the model. The algorithm proposed in this 

article is compared with two commonly used reference algorithms. Experimental results show that 

the model constructed by the algorithm proposed in this article outperforms the latter two in terms of 

root mean square error and maximum absolute error. And SOC prediction time is greatly reduced. 

Therefore, the SOC estimation method proposed in this paper has certain practical value. In order to 

further optimize the method proposed in this article, the next step will focus on the SOC estimation 

effect test of a variety of other types of power batteries. 
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