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Abstract 

In order to identify the driver's driving propensity more accurately, an automobile 
driving propensity identification method based on multivariate time series 
characteristic data is proposed. Organize the experimenters to fill in the questionnaire 
to determine the subjects' static driving propensity, and then use the multi person 
interactive driving simulation equipment to collect driving data. Referring to previous 
studies, the experiment selected the speed, acceleration, steering wheel angle, engine 
speed, accelerator pedal force and other parameters that reflect the difference of driving 
propensity, and used principal component analysis to reduce the dimension of the data. 
Then, each simulated driving data of each subject was formed into a cell array according 
to the time series, and 464 groups of effective experimental arrays were obtained. The 
identification model of BP neural network optimized by genetic algorithm is established, 
the node weights between each layer of neural network are trained with some obtained 
experimental data, and the model driving propensity identification is verified with the 
remaining experimental data. Finally, the influence of the same genetic neural network 
on the cell array containing time series information and the ordinary data input without 
time series information on the identification results of driving propensity types is 
analyzed. The analysis results show that the identification rate of driving propensity is 
as high as 91.5%, which is 7.1% higher than that under ordinary data processing. This 
conclusion can provide new ideas and methods for data preprocessing related to driving 
behavior. 
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1. Introduction 

Driving propensity is the reflection of the psychological and emotional state of automobile operators 

in a time-varying dynamic environment [1], which can not be measured conveniently and directly, 

but can only be inferred from the indirect information in the driving process. Drivers with different 

driving tendencies have different driving behavior, and drivers with the same driving propensity have 

similarity in driving behavior. Therefore, using the similarity to establish a model to identify the 

driving propensity is helpful to master the driving trend of drivers in advance and put forward road 

safety early warning measures. With the deepening of scholars' research on driving propensity, it is 

generally believed that driving propensity has the characteristics of stability, continuity, performance 

consistency and so on [2]. In order to further study the dynamic change of driving propensity, after 

obtaining the driving experimental data, it is necessary to introduce multivariate time series to 

describe the driver's driving process in the data preprocessing stage. 
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With the development and progress of science, big data is more and more widely used in social 

research, which makes data preprocessing a key step in the whole research system and has attracted 

more and more attention. For example, Zhang Xijun and others choose two-dimensional discrete 

wavelet with multi-resolution analysis characteristics to denoise and compress the traffic trajectory 

big data [3]. In addition, at present, the research on driving propensity identification by scholars at 

home and abroad has been relatively mature. Chiyomi Miyajima et al. Proposed a mixed Gaussian 

algorithm to analyze the operation of accelerator and brake pedals of different types of drivers, and 

obtained about 80% accuracy [4]. According to the vehicle environment information and the driver's 

eye physiological characteristic data, French scholar Li xuanpeng and others proposed a driving 

external recognition system based on visual information, which can effectively identify dangerous 

driving behavior [5]. Andrew Liu et al. Can identify the driving intention according to the state 

information such as vehicle handling behavior, environment of the vehicle and vehicle motion index 

[6]. Spanish scholars identify dangerous driving behaviors only based on vehicle motion data, and 

the error rate is 8% [7]. There are few relevant studies considering subjective factors. Yan Xiaoyan 

proposed a driving behavior prediction method based on cognitive reliability and the error analysis 

to calculate error the rate of driving behavior [8]. Considering that the identification of driver's driving 

propensity involves many indicators, Liu Meng, Huang Fei and others combine analytic hierarchy 

process and entropy weight method, AHP and the factor analysis to identify motor vehicle driver's 

driving propensity [9, 10]. 

Based on the simulated driving experiment and real vehicle experiment, Wang Xiaoyuan, Zhang 

Jinglei and others used a variety of algorithms to identify vehicle driving propensity in free state, car 

following state and multi Lane environment [11, 12, 13]. Hou Haijing et al. extracted the 

characteristic parameters characterizing driving style and quantitatively analyzed the driving behavior 

data of drivers with different styles at the perception layer and the operation layer [14]. Hao Jingxian 

used principal component analysis and K-means clustering to extract parameters and cluster analysis 

of driving style. Finally, support vector machine was used to identify driving style, and the 

recognition accuracy of driving style reached more than 90% [15]. 

In summary, there are many differences between the pre-processing data and the actual driving 

propensity in the experimental driving process. Secondly, it is easier to ignore the differences between 

the pre-processing data and the actual driving propensity in the experimental driving process. The 

experimental data preprocessing does not consider the time series, which makes the accuracy of data 

identification poor and the identification rate low. Therefore, this paper extracts the multivariate time 

series characteristics of effective driving data through simulated driving experiments, and uses 

genetic algorithm to improve BP neural network to identify the driving propensity array containing 

time series. 

2. Experiment 

2.1 Experimental devices 

Considering the safety of the driver in the driving process, this study uses the simulated driver in the 

multi person interactive driving simulation laboratory of Shandong University of technology to 

replace the real vehicle. The experimenters drive a single simulator, supplemented by three other 

simulated drivers to interfere. The multi person interactive driving simulator can simulate the real 

road environment. Multiple people can conduct auxiliary driving experiments and collect driving data 

at the same time. The experimental equipment is shown in Figure 1. 

2.2 Experimental objects 

The driver is the experimental object of this study, so the reasonable selection of the tested driver is 

the key to the success of this experiment. In the selection process, the effects of gender, age, driving 

age and occupation on driving behavior should be fully considered. Therefore, the requirements for 

selecting drivers include:  
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(1) All recruits have C1 driving licenses; 

(2) Between 18-60 years old; 

(3) They are physically and mentally healthy and have stable driving habits; 

(4) Be able to skillfully drive an automatic car. 

 

 

Figure 1. Multi machine interactive driving simulator 

 

2.3 Experimental steps 

2.3.1 Preparation before the experiment: 

The subjects fill in the questionnaire that can reflect the driver's physiological, psychological 

characteristic and driving behavior given in literature [16] to determine the driver's static driving 

propensity. Introduce the operation precautions, operation methods and requirements of the simulated 

driver to the subjects. 

2.3.2 Adaptive driving: 

After adjusting the driving scene and data acquisition equipment, the subjects must carry out adaptive 

driving for 10min to adapt to the operation method and sports performance of the simulated driver 

and eliminate tension or discomfort. 

2.3.3 Formal experiment: 

When the subjects have adjusted the experimental state, the test is officially started. The test scene 

includes straight driving, turning, lane changing and other driving behaviors. All subjects repeat the 

test 3-5 times. The array obtained from each test is a set of data, which is recorded by the recorder. 

3. Multivariate time series 

3.1 Feature Selection 

Referring to the previous studies [16], five driving data indexes of speed, acceleration, steering wheel 

angle, accelerator pedal strength and automobile engine speed are extracted. There may be correlation 

among these five indexes, which increases the complexity of data analysis. Before the data is 

integrated into the time series array, it is first standardized and then dimensionality is reduced by 

principal component analysis. The analysis results are shown in Table 1 and Table 2. 

 

Table 1. Total variance interpretation of all components 

Component 
Initial eigenvalue 

Total Percentage variance Cumulative percentage 

Speed (km/h) 2.896 57.912 57.912 

Steering wheel angle (°) 1.240 24.805 82.717 

Acceleration (km/h2) 0.521 10.419 93.137 

RPM 0.300 6.004 99.140 

Force of accelerator pedal (N) 0.043 0.860 100.000 
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Table 2. Total variance interpretation of principal components 

Component 
Sum of load squares extracted 

Total Percentage variance Cumulative percentage 

First principal component 2.896 57.912 57.912 

Second principal component 1.240 24.805 82.717 

 

3.2 Definition of multivariate time series 

During the simulation driving experiment, it is found that when the driver uses the steering wheel for 

driving operation, the frequency of correction operation will be reduced or the steering wheel will be 

corrected violently and greatly due to the abnormal interference of other vehicles or their own 

cognitive errors. The duration is short, but it has a great impact on the data quality. There are similar 

conclusions on the analysis of speed indicators. Therefore, if the mean or standard deviation of speed 

and steering wheel angle is obtained in the whole experimental period, the per capita difference will 

be significantly reduced due to the statistical average effect, which is not suitable for accurate 

judgment of driving propensity. 

Time series is the continuous data set of variables over a period of time, which has strong regularity 

and continuity and can accurately reflect the change trend of variables. Therefore, considering time 

series when processing driving data can more accurately reflect driving conditions. Multivariate time 

series can extract the interaction and synergy between different index variables, which can overcome 

the defect that the general time-domain or frequency-domain feature extraction methods can only 

extract the features of a single variable in isolation. Assuming that the left side of equation (1) 

represents that there are n observation variables, each row on the right side represents the unary time 

series of an observation variable, and each column represents the observation values of all variables 

at a certain time, the multivariate time series of n variables in the time period is shown in equation 

(1). 
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Then the multivariate time series composed of the first principal component and the second principal 

can be represented by equation (2), 𝑆(𝑖)(𝑖 = 1,2, . . . , 𝑘) represents the value of the first principal 

component at time 𝑖, 𝛼(𝑖)(𝑖 = 1,2, . . . , 𝑘) represents the value of the second principal component at 

time 𝑖. 
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4. Driving propensity identification 

4.1 Model establishment 

4.1.1. BP neural network 

BP neural network is a multilayer feedforward neural network that continuously adjusts the weight 

and threshold of the network through error back propagation and memory cycle training to obtain the 

optimal weight and threshold, so that the output result is infinitely close to the target result. The 

nonlinear function fitting process based on BP neural network can be divided into three steps: BP 

neural network construction, BP neural network training and BP neural network prediction. 

Considering the time series and characteristic parameters, this paper sets the network structure as 10-

15-2, that is, 10 input nodes, 15 hidden nodes and 2 output nodes. However, simple BP neural network 

is easy to fall into local minimum, so it is necessary to use genetic algorithm for optimization to better 

output function. 
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Figure 2. Flow chart of BP neural network optimized by genetic algorithm 

 

4.1.2. BP neural network optimized by genetic algorithm 

Genetic algorithm can optimize the weight and threshold of BP neural network, which makes up for 

the defect that BP neural network is easy to fall into local minimum. Each individual in the population 

contains a network ownership value and threshold, and the individual calculates the fitness value 

through the fitness function. Genetic algorithm finds the corresponding individual of the optimal 

fitness value through selection, crossover and mutation operations. After adding the time series, the 

genetic algorithm optimizes the BP neural network process, as shown in Figure 2. 

The specific steps are as follows: 

Step 1: The effective sample data is normalized to form a time series, each group of time series 

corresponds to a cell array, through the simulation driving experiment, 464 groups of data are 

obtained and input into neural network. 

Step 2: Taking the absolute value and E of the error between the predicted output and the expected 

output as the individual fitness value F, the calculation formula (3) and (4) are: 

𝐼 = 𝑎𝑏𝑠(|𝑎1| − |𝑏1|) + 𝑎𝑏𝑠(|𝑎2| − |𝑏2|) + ⋯ + 𝑎𝑏𝑠(|𝑎𝑚| − |𝑏𝑚|)             (3) 

𝐹 = 𝑘(∑ 𝐼𝑖
𝑛
𝑖=1 )                                       (4) 

In formula (3) and (4), n is the number of network input cell arrays, m is the number of selected 

parameters, aj is the value corresponding to the j-th parameter in the identification result, and bj is the 

value corresponding to the j-th parameter in the target output. |𝑎𝑚| − |𝑏𝑚| is the difference of the 

output expected value of the corresponding value in the cell array of the j-th node of BP neural 

network, I represents the sum of the output errors corresponding to each cell array, and k is the 

coefficient. 

Step 3: The roulette method is used for the selection operation, and the selection probability of each 

individual i is equation (5): 

𝑝𝑖 =
𝑘/𝐹𝑖

∑ (𝑘/𝐹𝑖)𝑛
𝑖=1

                                (5) 
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Step 4: The crossover operation adopts the real number crossover method. The crossover operation 

method of the k-th chromosome ak and the i-th chromosome ai at position j is formula (6), where b is 

a random number between [0,1]. 

{
𝑎𝑘𝑗 = 𝑎𝑘𝑗(1 − 𝑏) + 𝑎𝑙𝑗𝑏

𝑎𝑙𝑗 = 𝑎𝑙𝑗(1 − 𝑏) + 𝑎𝑘𝑗𝑏
                            (6) 

Step 5: Select the j-th gene aij of the i-th individual for mutation, and the mutation method is as shown 

in formula (7) and (8): 

𝑎𝑖𝑗 = {
𝑎𝑖𝑗 + (𝑎𝑖𝑗 − 𝑎𝑚𝑎𝑥  ) × 𝑓(𝑔) ⋯ 𝑟 > 0.5

𝑎𝑖𝑗 + (𝑎𝑚𝑖𝑛  − 𝑎𝑖𝑗) × 𝑓(𝑔) ⋯ 𝑟 ≤ 0.5
                    (7) 

𝑓(𝑔) = 𝑟2(1 − 𝑔÷ 𝐺𝑚𝑎𝑥  )
2                           (8) 

In equations (7) and (8), amax is the upper bound of gene aij; amin is the lower bound of gene aij; r2 is a 

random number, g is the current iteration number, and gmax is the maximum evolution number. 

Step 6: Input the extracted data containing multivariate time series into the neural network, train the 

neural network, and use the test data to identify the driving propensity. The identification accuracy 

rightridio calculation formula (9) is: 

𝑟𝑖𝑔ℎ𝑡𝑟𝑖𝑑𝑖𝑜 = (∑ (𝐼/ 𝑚  𝑛
𝑖=1 ))/𝑛                          (9) 

In equation (8), I/m is the output error and mean value corresponding to each cell array. 

The optimal individual obtained by genetic algorithm is used to assign the initial weight and threshold 

of the network, and then the BP neural network is trained and tested. The training and testing process 

of neural network is shown in Figure 3. 

 

 

Figure 3. Flow chart of neural network training and testing 

 

4.2 Analysis of identification results 

According to formula (1) (2) and the established model, the multivariate time series and the label 

matrix composed of speed and steering wheel angle are shown in formula (10). 

1 2 464

1 2 464

TT
Q Q QQ

q q qq

  
=   

   
                           (10) 

In equation (3), Q represents a time series cell array represented by two parameters of the first 

principal component and the second principal component, and q represents the driving propensity 
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type label corresponding to each cell array. The corresponding relationship between the driving 

propensities category and labels is shown in Table 3. 

 

Table 3. Corresponding relationship between driving propensity and label 

Driving propensity Conservative Common Radical 

Labels (0,0) (0,1) (1,1) 

 

Among the 464 groups of sample data, 300 groups of training samples and 164 groups of test samples 

are selected to input the neural network. Comparing the two data input methods, BP neural network 

and genetic algorithm are used to optimize BP neural network for identification. The results are shown 

in Table 4. 

Table 4. Comparison of identification results 

Method Model Accuracy (%) 

Time series not considered 
BP neural network 82.9 

BP neural network optimized by genetic algorithm 84.4 

Consider time series 
BP neural network 85.4 

BP neural network optimized by genetic algorithm 91.5 

 

The results show that when considering the time series, the recognition rate of driving propensity 

recognition using the model is higher than that of ordinary data processing without considering the 

time series. 

5. Conclusion 

In this paper, the multi time series feature data is considered to identify driving propensity, which 

overcomes the defect of eliminating individual differences due to the average effect in the process of 

experimental data processing. The feature parameters are selected to form a cellular array with time 

series and used as the identification model of BP neural network. The results show that the recognition 

rate of BP neural network model is up to 85.4% and 91.5% respectively by using BP neural network 

and genetic algorithm, which is 2.5% and 7.4% higher than that without time series. This study can 

provide a new way of thinking and method for the preprocessing of model data. 
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