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Abstract 

This paper combines Locally Estimated Scatterplot Smoothing (LOESS) and Support 
Vector Regression (SVR) to estimate the State of Charge (SOC) of lithium-ion batteries. 
The experimental data was obtained from ADVISOR, and the UDDS conditions in which 
the virtual car was running in the city were simulated. Over the entire test set, the Root 
Mean Square Error (RMSE) of the final model is 0.776%, which is well below the 5% 
requirement for practical applications. This indicates that the accuracy of the model 
meets the requirements for the estimation of the state of charge of the power battery. 
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1. Introduction 

The state of charge (SOC) of lithium-ion batteries is an important parameter in the battery 
management system (BMS) [1]. By accurately estimating the SOC value, BMS can fully utilize the 

capacity and performance of the lithium-ion battery to prevent overcharging and discharging of the 
battery, effectively extending the service life of the battery and reducing the cost of the vehicle[2-3]. 

Battery SOC estimation current challenges are: ①You can not directly and accurately measure the 

SOC of lithium-ion batteries, you can only be indirectly estimated and predicted by current, voltage 
and other electrical parameters, and these indirect parameters have a nonlinear relationship with SOC; 

②The actual operating conditions are complex, and the battery SOC is also affected by the use 

conditions, battery aging, load changes, etc.[4-5]; ③Different applications require lithium-ion 

battery series and parallel to increase power, however, each battery has its difference in discharge 

rate and leakage coefficient leads to inconsistency in the SOC of each battery after use; ④BMS 

storage space and computing resources are also quite limited. These all make the SOC estimation of 
lithium ion batteries become a tough problem. 

The SOC estimation algorithms of battery commonly used can be divided into the following three 

categories[6]: ①Estimation method combining Open Circuit Voltage method (OCV) with ampere-

time integration method[7]. By measuring the OCV of the battery, the initial SOC of the battery is 
obtained, and during use, the amount of electricity flowing out of the battery is integrated and 

accumulated, thereby obtaining the remaining power in the battery. The advantage is that the 
algorithm is simple and easy to implement, and the requirements for BMS resources are not high. 

However, there are also cases where the accuracy of the current sensor is high, the accumulated error 
cannot be eliminated, and the change in the rated capacity of the battery with the operating conditions 

and aging cannot be handled. Also it’s more suitable for lead-acid batteries; ②based on battery 

equivalent model estimates. Such as extended Kalman filter (EKF)[7-9], sliding mode observer 
(SMO)[24] and nonlinear observer (NSO)[26]. These methods use closed-loop estimation algorithm, 

which has high estimation accuracy and good robustness. However, it also needs to rely on high-
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precision battery model, which is not only difficult to obtain, but also reduces the versatility of the 

method, and also requires a large amount of BMS computing resources. ③Machine learning based 

prediction methods, along with the rise of artificial intelligence, have also been added to the 

application[47]. For example, extreme learning machine, support vector machine (SVM), artificial 
neural network (ANN)[41] and so on. This is a popular method in recent years, and its estimation 

accuracy and robustness are better, with strong nonlinear approximation ability[10], and the model 
versatility can be improved by expanding the sample capacity. However, there are still cases where 

the model learning time is long and the BMS resources are occupied.¬ 

In view of the shortcomings of the above three methods, this paper combines LSTM-RNN and LS-
SVM to estimate the SOC, which is abbreviated as Neuro-SVM in this paper. The model can 

accurately measure various indirect information, such as voltage, current and battery temperature, 
measured by the battery to the state of charge of the battery, and effectively avoids the cumbersome 
of such as Kalman filter, synovial observer, etc. In the parameter estimation process, the optimal 

model can be obtained by simply debugging the number of hidden layer neurons, the batch size, the 
number of iterations, the number of LSTM nuclei, C and gamma during the training process. In this 

paper, an electric vehicle simulation platform will be built on the electric vehicle simulation software 
ADVISOR, and the corresponding electrical parameters will be collected to verify the model SOC 

estimation results.  

2. Neuro-SVM Model 

2.1 LSTM-RNN 

Traditional neural networks, such as BP neural networks, convolutional neural networks (CNN), or 

artificial neural networks (ANN), have an implicit premise that inputs and outputs are independent 
[11-12]. However, this is often not the case: the SOC of a lithium iron phosphate battery at a certain 

moment is closely related to the previous state. One of the advantages of Recurrent Neural Networks 
(RNN) is that they are able to pass previous information to the current moment. So instead of just 

mapping the input to the output, the RNN contains a mapping function loop of the input from the 
previous time step to the output. Its standard model is shown in the figure:  

 

Figure 1. RNN basic structure 

Figure 1 shows the basic RNN architecture with delays. In this configuration, the input vectors are 

fed into the RNN one at a time at a sampling interval t. This structure can take advantage of all of the 
previously available input information, rather than just using a fixed number of input vectors. 

Although RNN can effectively process nonlinear time series, as time goes on, RNN may cause a 

series of problems, such as gradient disappearance and gradient explosion, which leads to the loss of 

RNN hidden layer 
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effective information or the introduction of invalid information. The result of the estimation that 
caused the error. The LSTM circulating neural network used in this paper replaces the traditional 

RNN nucleus with the LSTM nucleus, which has long-term memory ability [18], which more 
successfully solves the problem of predicting and estimating the long-term large amount of data. The 

LSTM cell nucleus is shown in Fig. 2.  

 

Figure 2. LSTM nuclei 

The LSTM-RNN model models nonlinear dynamic systems by mapping input sequences to output 

sequences. First, the input vector of the model is x(t)=[V(t),I(t),T(t)] , where V(t), I(t), T(t) are the 
voltage and current of the battery, respectively. And the temperature are respectively packed into 

small units at the sampling interval t, and the state h(t-1) and the state vector x_t of the previous 
sample are hidden by the LSTM unit. This input is passed through the tanh activation function; the 

second step passes the combined input through the input gate, which is a sigmoid function layer that 
controls the input stream by making the input gate weight close to 0 or 1. The next step in the data 

flow into the cell is to discard the unnecessary input by t0 and the forget gate of the internal state. 
The input data lag s(t-1) is added to the recursive function. Finally, the output state is revoked by the 

tanh function, which is controlled by the output gate. In the LSTM memory unit, the input, output, 
and forget gates allow the LSTM to forget or write new information to the memory unit. 

The mathematical equation for the storage unit is as follows: 

 ft = 𝜎(w𝑥𝑓xt + whfht−1 + b𝑓 ) (1) 

 i𝑡 = 𝜎(w𝑥𝑖x𝑡 + whiht−1 + bi) (2) 

 Ct
′ =  tanh (𝑤𝑥𝑐𝑥𝑡 + 𝑤ℎ𝑐ℎ𝑡−1 + 𝑏𝑐) (3) 

 𝐶𝑡 = f𝑡 ∙ 𝐶𝑡−1 + 𝑖𝑡 ∙ Ct
′ (4) 

 o𝑡 = 𝜎(wxo𝑥𝑡 + 𝑤ℎ𝑜ℎ𝑡−1 + 𝑏𝑜) (5) 

 h𝑡 = 𝑜𝑡tanh (𝐶𝑡) (6) 

Where o, i, f and c are the output, input, forget the gate and memory unit of the network. Although 
there is no droupout to train the model without affecting the hidden layer, when testing the neural 

network, you need to turn off the droupout, and all hidden neuron output will affect the testing process. 
In this paper, a droupout is used during training of the LSTM network model. 
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2.2 SVM 

The concept of Support Vector Machine (SVM) was originally based on the principle of structural 
risk minimization [19]. It uses the values of different classes as the training set, and the training model 

is used to obtain the hyperplane, which is the least misjudged. In case you can distinguish between 
different classes. The goal of this classifier is to maximize the distance between the hyperplane and 

the nearest data point of each class, the support vector [12]. 

Suppose the training set with input data xi ∈ 𝑅𝑛 is S = {(x1, 𝑦1), (𝑥2, 𝑦2), ⋯ , (𝑥𝑙, 𝑦𝑙)} , and the 

corresponding two-class label is yi ∈ {−1, +1}. According to Vapnik's original formula, the SVM 

classifier is [24]: 

 D(x) = wTΨ(𝑥) + 𝑏  (7) 

Where Ψ(𝑥) is a nonlinear function that maps the input space x to a feature space whose possible 

dimension is infinite; the coefficient wT  is an m-dimensional weight vector; the threshold b is a 

scalar [17]. 

 yi(𝑤𝑇Ψ(𝑥𝑖) + 𝑏) ≥ 1, 𝑖 = 1, ⋯ , 𝑙 (8) 

In order to maximize the interval between the two classes, that is, to obtain the optimal hyperplane 
[19], the following optimization problems need to be defined: 

 𝐦𝐢𝐧
𝒘,𝒃

𝑱(𝒘, 𝒃) =
𝟏

𝟐
𝒘𝒕𝒘 (9) 

Introduce the relaxation variable ξi to equation (7) as follows: 

 yi(𝑤𝑇Ψ(𝑥𝑖) + 𝑏) ≥ 1 − ξi, 𝑖 = 1, ⋯ , 𝑙 

ξi ≥ 0, i = 1, ⋯ , l 
(10) 

Therefore, in order to obtain the optimal hyperplane, it means that the following optimization 
problems need to be solved: 

 𝒎𝒊𝒏
𝒘,𝒃,𝝃

𝑱(𝒘, 𝒃, 𝝃) =
𝟏

𝟐
𝒘𝑻𝒘 + 𝜸

𝟏

𝟐
∑ 𝝃𝒊

𝒍

𝒌=𝟏

 (11) 

Where γ is a parameter that weighs the maximum interval and the minimum classification error. Its 
corresponding Lagrangian function is: 

 

𝑳(𝒘, 𝒃, 𝝃; 𝜶, 𝜷)

= 𝑱(𝒘, 𝒃, 𝝃)

− ∑ 𝜶𝒊{𝒚𝒊[𝒘𝑻𝜳(𝒙𝒊) + 𝒃] − 𝟏 + 𝝃𝒊} − ∑ 𝜷𝒊𝝃𝒊

𝒍

𝒊=𝟏

𝒍

𝒊=𝟏

 

(12) 

The minimum value for w, b, ξ needs to be solved, and the maximum value for the non-negative 
Lagrangian multiplier α, β. 

 min
ω,𝑏,ξ

max
α,β 

L(𝑤, 𝑏, 𝜉; 𝛼, 𝛽) (13) 

The parameters in the formula must satisfy the following conditions: 

 𝜕𝐿

𝜕𝑤
= 0 ⇒ 𝑤 = ∑ 𝛼𝑖𝑦𝑖𝛹(𝑥𝑖)

𝑙

𝑖=1

 
(14) 

 𝜕𝐿

𝜕𝑏
= 0 ⇒ ∑ 𝛼𝑖𝑦𝑖 = 0

𝑙

𝑖=1

 
(15) 
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 𝜕𝐿

𝜕𝜉𝑖
= 0 ⇒ 𝛼𝑖 + 𝛽𝑖 = 𝛾, 𝑖 = 1, ⋯ , 𝑙 

(16) 

Substituting (11) into Lagrangian and considering equations (12) and (13), the following dual 
problem [19] is obtained: 

 𝑸(𝜶) = ∑ 𝜶𝒊

𝒍

𝒊=𝟏

−
𝟏

𝟐
∑ ∑ 𝜶𝒊𝜶𝒋𝒚𝒊𝒚𝒋𝜳(𝒙𝒊)

𝑻𝜳(𝒙𝒋)

𝒍

𝒋=𝟏

𝒍

𝒊=𝟏

 (17) 

 ∑ 𝛼𝑖

𝑙

𝑖=1

𝑦𝑖 = 0, 0 ≤ 𝛼𝑖 ≤ 𝛾  

2.2.1 Least squares support vector machine (LS-SVM) 

Compared with SVMS, the optimization problem of Least Squares Support Vector Machine (LS-

SVM) is [19]: 

 

 𝒎𝒊𝒏
𝒘,𝒃,𝒆

𝑱(𝒘, 𝒃, 𝒆) =
𝟏

𝟐
𝒘𝑻𝒘 + 𝜸

𝟏

𝟐
∑ 𝒆𝒊

𝟐

𝒍

𝒌=𝟏

 (18) 

The conditions are: 

 yi(𝑤𝑇Ψ(𝑥𝑖) + 𝑏) ≥ 1 − 𝑒i, 𝑖 = 1, ⋯ , 𝑙 (19) 

The corresponding Lagrangian function is: 

 𝑳(𝒘, 𝒃, 𝒆; 𝜶) = 𝑱(𝒘, 𝒃, 𝒆) − ∑ 𝜶𝒊{𝒚𝒊[𝒘𝑻𝜳(𝒙𝒊) + 𝒃] − 𝟏 + 𝒆𝒊}

𝒍

𝒊=𝟏

 (20) 

Where αi is a Lagrangian multiplier that satisfies the sample corresponding to αi ≠ 0, which is the 

support vector. 

The optimal conditions are as follows: 

 𝛛𝐋

𝛛𝐰
= 𝟎 ⇒ 𝒘 = ∑ 𝜶𝒊𝒚𝒊𝚿(𝒙𝒊)

𝒍

𝒊=𝟏

 (21) 

 𝛛𝐋

𝛛𝒃
= 𝟎 ⇒ ∑ 𝜶𝒊𝒚𝒊 = 𝟎

𝒍

𝒊=𝟏

 (22) 

 
𝛛𝐋

𝛛𝒆𝒊
= 𝟎 ⇒ 𝜶𝒊 = 𝜸𝒆𝒊 , 𝒊 = 𝟏, ⋯ , 𝒍 (23) 

The matrix form of equations (19)-(21) is: 

 [
𝛀 𝒀
𝒀𝒕 𝟎

] [
𝜶
𝒃

] = [
𝟏
𝟎

] (24) 

Where Ω, Y and 1 are respectively 

 𝛀𝐢𝐣 = 𝒚𝒊𝒚𝒋𝚿(𝒙𝒊)𝑻𝚿(𝒙𝒋) +
𝜹𝒊𝒋

𝜸
 (25) 

Y = [y1, ⋯ , 𝑦𝑙]
𝑇 

𝜹𝒊𝒋 = {
𝟏  𝒊 = 𝒋
𝟎  𝒊 ≠ 𝒋
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2.2.2 Kernel function 

For linearly separable sample vectors, the SVM will find the hyperplane from the maximum 
Euclidean distance of the support vector. If the linear boundary is not suitable, the SVM can map the 

input vector from the input space to the high-dimensional feature space [17]. By choosing a nonlinear 
mapping as a priori, the SVM constructs the best separated hyperplane in this high dimensional space. 

The idea of the kernel function is to enable the above operations to be performed in the input space 

rather than the potentially high dimensional feature space. Therefore, there is no need to evaluate the 
inner product in the feature space, which provides a way to solve the dimensional curse. Reproducing 

Nuclear Hilbert Space Theory (RKHS) (Wahba. 1990: Aronszajn, 1950: Girosi. 1997: Heckman. 
1997) shows the inner product in the feature space and the equivalent kernel in the input space. 

 K(x, xi) = Ψ(𝑥)𝑇Ψ(𝑥𝑖) (26) 

SVM can have different kernel functions. In this paper, Gaussian radial basis function (GRBF) is 
used to implement SVM kernel, and its form is given by: RKHS) (Wahba.1990: Aronszajn, 1950: 
Girosi. 1997: Heckman. 1997) Indicates the inner product in the feature space and the equivalent 

kernel in the input space 

 𝐊(𝐱, 𝐱𝐢) = 𝐞𝐱𝐩 {−
‖𝒙 − 𝒙𝒊‖𝟐

𝟐

𝝈𝟐
} (27) 

SVM is a solution to the neural network overfitting problem. Using the kernel technique of RBF, a 
clustering method is used to select the center point [12]. Each of these support vectors contributes to 

the local Gaussian function. 

3. Training of the Neuro-SVM model 

3.1 Acquisition of experimental data 

The experimental data in this paper uses ADVISOR automotive simulation software for simulation. 

ADVISOR (Advanced Vehicle Sim-ulator) is an advanced vehicle simulation software developed by 
the US Renewable Energy Laboratory under the Matlab/Simulink software environment [18]. This 

paper adopts ADVISOR's backward simulation method, which is a simulation method for calculating 
the performance of various components in a vehicle under the premise that the vehicle can meet the 

required driving trajectory of the existing road cycle (including vehicle driving speed, road gradient 
and vehicle dynamic quality)[19]. 

 

Figure 2. UDDS operating conditions, speed versus time curve 

In ADVISOR, test routes that are widely used in electric vehicle performance testing are: ECE 

operating conditions, UDDS operating conditions, HWFET operating conditions, etc[19]. The UDDS 
operating conditions used in this paper are the urban road cycling conditions developed by the US 
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Environmental Protection Agency to test the cyclic performance of various performances of vehicles 
traveling under urban roads [17]. Its speed versus time curve is shown in Figure 2. 

This paper refers to the relevant technical parameters of a domestic electric vehicle, and builds a 

simulation platform on ADVISOR. The main technical parameters of the simulated electric vehicle 
are shown in Table 1 [31]. 

Table 1. Technical parameters of electric vehicle 

Parameter Name Parameter value 

Dimensions /mm 4500x1705x1495 

Wheelbase /mm 2605 

Track (front/rear)/mm 1470/1460 

Vehicle quality /kg 1490 

Full load quality /kg 1895 

Front and rear tire specifications 195/60R15(0.308) 

Rolling radius /mm 298 

Tire rolling resistance coefficient 0.01 

Frontal area /𝐦𝟐 2.3 

Wind resistance coefficientCd 0.3 

Driveline mechanical efficiency 0.9 

Under the UDDS condition, one round of driving from SOC=100% to SOC=0%, the total driving 
distance is 14.49km, and the total driving speed is 2329s, and the maximum driving speed is 

91.25km/h. The lithium ion battery used in the simulated electric vehicle is lithium iron phosphate. 
The total simulation time is 1367s, the sampling step is 0.1s, and the actual sampling has obtained 

13691 data points. 

This paper samples the electric vehicle battery with the following characteristics: charge and 
discharge current (Figure 4), battery temperature (Figure 5), battery voltage (Figure 6), battery output 

power (Figure 7), battery pack available power (Figure 8 ). The sign (laebls) is the battery's SoC 
(Figure 3). 

 

Figure 3. Battery SOC 
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Figure 4. battery current 

 

Figure 5. battery temperature 

 

Figure 6. battery voltage 
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Figure 7. Battery pack actual power 

 

Figure 8. Battery SOC battery pack available power 

3.2 data preprocessing 

Before modeling, the paper firstly performs data preprocessing: the original data is normalized and 

the feature selection of SBS can not only make the modeling effect of Neuro-SVM better, but also 
reduce the computational complexity and model complexity of the model. After data preprocessing, 

the original training data is reconstructed into a supervised learning problem of continuous input and 
output pairs. 

3.2.1 Feature scaling 

Because the range of characteristic values of the sampled data is very different: the battery 

temperature is only a few dozen, and the battery voltage can reach several hundred, and the power 
can even be tens of thousands. If the feature is not scaled, the power pre-coefficient may be extremely 

small, and the pre-temperature coefficient may be extremely large, which invisibly increases the 
weight of the battery temperature on the soc estimation result. So this article uses Python's scikit-

learn machine learning library to feature feature scaling and standardization. By feature scaling, the 
feature values are scaled to the same interval, avoiding the value of the feature affecting the model 

weight. Since the eigenvalues of the data need not be specified in the [0, 1] interval, this paper uses 
normalization to scale, which is defined as equation (30). 

 xstd
(𝑖)

=
𝑥(𝑖) − 𝜇𝑥

𝜎𝑥
 (28) 
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Where μx is the mean of a characteristic column of the sample, and σx is its standard deviation. After 

standardization, the value of the feature column will be in a standard normal distribution with a mean 
of 0 and a variance of 1. 

3.2.2 Feature selection 

In this paper, the Sequential Backward Selection (SBS) algorithm is used for dimensionality reduction. 

SBS is a greedy search algorithm that compresses the original d-dimensional feature space into a 
smaller dimensional k-dimensional feature subspace, thereby eliminating irrelevant features and 

noise, and retaining only the information most relevant to the prediction result, thereby improving 
Calculate efficiency and reduce model generalization error [20]. In this paper, one or several features 

are deleted from the feature set in turn, so that after the feature is deleted, the performance loss caused 
by the model is minimized until the dimension of the new feature subspace satisfies the specified 

number of dimensions. Finally, the three external input characteristics most relevant to the SOC 
estimation are selected by SBS: battery current, battery voltage, and battery temperature. 

3.2.3 Feature selection 

There are two indicators commonly used to measure the accuracy of model output estimates: Root 

Mean Square Error (RMSE) and Maximum Error (Max Error) [20]. The formula of RMSE is shown 
in equation (31). 

 RMSE = √
1

𝑛
∑ (�̂� − 𝑦𝑖)2

𝑛

𝑖=1
 (29) 

Where ŷ is the predicted value, yi is the true value of the ith sample, and n is the total number of 

samples included in the calculation. 

4. Experimental verification and result analysis 

After data preprocessing, all simulation data are randomly divided into three sub data sets according 

to 8:1:1: training set, verification set, and test set. The training set is used to train the Neuro-SVM 
model. The verification set is used to select the most suitable model parameters. The test set is used 

to simulate the possible situation of the model in reality and verify the validity of the model.  

Table 2. Neuro-SVM hyperparameters 

LSTM 
neuron 
number 

Activation 
function 

Batch 
size 
/Bs 

Hidden 
layer 

C gamma 
Maximum 

error 
RMSE 

20 Sigmoid 30 - 1000 0.001 0.199666761 0.008251492 

50 linear 75 4 50 1 0.144777416 0.026886295 

100 tanh 16 8 10 0.01 0.063832017 0.007759814 

100 tanh 20 2 1 1 0.064515105 0.007264439 

The final parameters are adjusted as follows: LSTM-RNN: LSTM neurons = 100, activation function 
= tanh, batch size = 20/Bs; LS-SVM: C = 1.0, kernel = rbf, gamma = 1.0. 

On the test set, the RMSE was 0.7264% and the maximum error was 0.06451. Far less than 5% of 
the actual application requirements. As shown in Figure 10 and Figure 11. This indicates that the 

accuracy of the Neuro-SVM model meets the requirements for the estimation of the state of charge 
of the power battery. 
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Figure 9. Comparison of battery SOC true and predicted values 

 

Figure 10. Error between the actual and predicted values of the battery SOC 

5. Conclusion 

This paper combines the cyclic neural network (RNN) and support vector machine (SVM) to model 

the state of charge (SOC) of lithium iron phosphate (LiFePO4) battery. The experimental data of the 
simulated car under UDDS conditions obtained by ADVISOR verified the validity of the Neuro-SVM 

model. After data preprocessing, the lithium-ion battery current, voltage and temperature are taken as 
inputs, and the SOC is used as an output to establish a three-input-output Neuro-SVM model. The 

model's predicted SOC root mean square error (RMSE) is 0.726%, which is much lower than the 
actual application requirement of 5%. This indicates that the accuracy of the Neuro-SVM model 

meets the requirements for the estimation of the state of charge of the power battery. 
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