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Abstract: Due to mileage anxiety, the promotion and use of electric vehicles has been 

limited. After analyzing the classification of driving cycle from vehicle ’s historical 

running data, driving cycle prediction is the key step to estimation of electric vehicle's 

driving mileage and mileage power consumption. This paper proposes a prediction 

method for driving cycle of electric vehicles based on kernel density estimation. The 

method predicts the speed curve of the vehicle by using the historical running data of 

the vehicle and the information of the future driving routing (altitude information and 

real-time congestion information). Finally, the real vehicle test verification shows that 

the estimated speed curve is mostly close to the actual speed curve 
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1. Introduction 

Due to short driving range, long charging time, and lack of charging facilities for electric 

vehicles, users will have mileage anxiety, which limits the promotion and use of electric 

vehicles. Accurately estimating remaining driving mileage and mileage power 

consumption is one of the effective methods to reduce user's mileage anxiety. There 

are three main aspects of the estimation of the remaining driving mileage and mileage 

power consumption: vehicle’s energy consumption [1-3], driving cycle identification 

[4-7] and driving cycle prediction [8-10]. However, in the prediction of working 

conditions, many models such as Markov [9] and neural network [10] are used to 

predict. These methods can only predict the driving cycle in short time during the 

driving process. There is no prediction of driving cycle in the future driving segment 

before the user leaves. The driving condition of a vehicle is usually described by using 

a car speed-time curve. Therefore, the focus of this article is to predict the speed curve 

of the vehicle on a specific future driving routing. 
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A driving condition prediction method for electric vehicles based on kernel density 

estimation (KED) was proposed in this paper. The target vehicle’s historic running data 

and the future driving routing information was combined to predict vehicle’s driving 

conditions in that method. Specifically, probability distribution of vehicle speed at 

different altitude range was extracted from vehicle’s historic running data by KED. And 

the future driving routing information refers to the altitude curve and real-time road 

congestion information of the routing. 

 

2. Cluster Analysis of Altitude Variation in Fragments 

Since the altitude information of the road section is taken into account when predicting 

the speed curve, the cluster analysis is first performed on the variation of the altitude 

in the fragments, and the altitude classification centers of altitude in the fragments is 

obtained. Fuzzy C-means clustering method was used in this paper. 

Consider that there are three levels of flat road, uphill, and downhill in the actual road. 

The minimum C value is 3 in this paper. The jitter graph of altitude is shown in Figure 

1. It can be seen from the figure that the distribution of altitude does not form a 

number of distinct distinctions. Therefore, considering the gradient of uphill and 

downhill, the uphill and downhill slopes are divided into small slopes and large slopes 

Case. In summary, C is equal to 5. 

 

Fig. 1 The jitter graph of altitude 

 

After C=5 is determined, a fuzzy C-means clustering analysis is performed to obtain the 

classification of the five types of altitude variation cluster centers and the description of 

the characteristics of each category as shown in Table 1. The altitude clustering effect 

diagram is shown in Figure 2. 
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Table 1 Five cluster centers of altitude and characteristics 

Category Cluster center characteristics 

C1 394.9083664 Large elevation change, steep uphill 

C2 193.6894006 Middle elevation change, little steep uphill 

C3 36.26999692 Small elevation change, flat road 

C4 -115.5673888 Middle elevation change, little steep downhill 

C5 -290.9421889 Large elevation change, steep downhill 

 

 

Fig. 2 Altitude clustering result 

 

3. Probability Density Estimation of Speed in Five Kinds of Altitude  

Kernel density estimation is one of the important methods in nonparametric statistical 

tests and is often used to estimate unknown density functions. Suppose  is 

sample points of independent identical distribution F. The nuclear density estimate be 

below: 

                                          (1) 

Where h>0 is a smooth parameter, called bandwidth, K (*) is the kernel function. 

The kernel density function chosen in this paper is the most widely used Gaussian 

kernel function, and the best window width is determined by means of grid search and 

Leave One Out cross validation. Table 2 shows the best window width of five kinds of 

altitude. 
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Table 2 Optimal window width 

Category Optimal window width 

C1 2.36 

C2 3.27 

C3 3.27 

C4 4.98 

C5 4.13 

 

After determining the kernel density function and the optimal window width, the kernel 

density of the sample distribution of the data set is estimated by the Scikit-Learn library 

in Python. Probability Density of speed in 5 kinds of altitude variations is shown in 

Figure 3. As contract, the histogram in the figure is the result of density estimation 

using histogram estimation. As can be seen from the figure, the distribution of the two 

method is basically the same, but compared with the histogram estimate, the curve of 

kernel density estimation is more smoothly. 
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Fig. 3 Altitude clustering result 

 

4. Constraints of Vehicle Speed Curve Generation 

In order to correct the generated vehicle speed curve, considering the fixed 

information of the road section and the real-time road congestion situation, there are 

three constraints in the vehicle speed curve generation model in the segment. 

Firstly, real-time road congestion information. The road traffic congestion threshold 

determined in [11] is as shown in Table X. Based on that, taking into account the 

impact of real-time road congestion on the actual speed of the vehicle, the vehicle 

speed range can be obtained based on the congestion level of the segment. As one of 

the constraint conditions for generating the vehicle speed curve in the segment, the 

generated vehicle speed curve is corrected. 

 

Table 3 Congestion level determination of actual traffic conditions 

Congestion level Speed(km/h) Traffic density(car/m) 

Smooth v≥30 k≤0.5 

amble 20≤v<30 0.5<k≤0.75 

congestion 10≤v<20 0.75<k≤0.9 

severe congestion v<10 k>0.9 

 

Secondly, the resulting speed profile is equal to the segment mileage. The 

segmentation period is 50 meters, then the integration result for the speed profile 

generated in the segment should be 50. 

                                                             (2) 

Where S is the mileage,  is the travel time of segment i, T is the time series cycle, take 

1s, v(k) is the speed of k moment. 

Finally, speed does not change much in a short time. The constraint is based on the 

actual situation of the vehicle. In a very short time, the speed will not change drastically. 

Through the analysis of historical data, we can see that:  

Where  is speed step. 
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5 Generation of Speed Curve 

5.1 Generation of Random Speed Point 

Because of the foregoing, the probability density function of vehicle speed obtained by 

using nuclear density estimation is not continuous and cannot be get Analytical 

expressions. Therefore, it is not possible to use the inverse transform method when 

generating random vehicle speed values that match this distribution from these velocity 

probability densities. In this paper, the random selection method is used to generate 

the random value of the vehicle speed. According to the principle of suffrage selection, 

the specific implementation steps are as follows: 

(1) Deteminate Xmin, Xmax, and Ymax. 

(2) Generate a uniform distribution of random numbers x between [Xmin, Xmax]. 

(3) Generate a random number y distributed uniformly between [0, Ymax]. 

(4) If y<f(x), accept this sample value, otherwise reject it, where f(x) is the probability 

density function. 

(5) Repeat steps (2) -(5). 

According to the above steps, the probability density function of the vehicle speed 

below the 0th class altitude is taken as an example to generate 2000 random velocity 

values. In order to verify the random speed value generated by the round-off method 

and obey the original probability density function, the 2000 kernel random number is 

used to estimate the nuclear density. The comparison between the probability density 

of the generated random speed value and the original probability density in the 

category 0 altitude change is shown in Figure 4. The red solid line is the probability 

density of the generated random velocity values, and the black dotted line is the 

original probability density. As can be seen from the figure, the two are basically the 

same. 

 

 

 

Fig. 4 The contrast between the PDF of generated random numbers and the original 

PDF 
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5.2 Generation of Random Speed Point 

The model of vehicle speed curve generated in the future driving segment is shown in 

Figure 5. The process of generating the speed curve is: 

(1) The latitude and longitude sequence, real-time congestion information, and altitude 

information of the future travel segment are obtained through the navigation system. 

According to latitude and longitude information, segments are divided into 50-meter 

cycles. 

(2) Calculate the altitude change value in each segment and determine the category 

attribution of the segment to be identified according to the principle of the shortest 

distance. The formula is: 

                                                      (3) 

Where  is the distance of the segment to be identified from the i-th altitude cluster 

center, h is the altitude variation of the segment to be identified, and hi is the cluster 

center of the i-th altitude. 

(3) For each segment, identify the altitude category and use the turn-off method to 

generate a vehicle speed value that obeys the probability density of the altitude below 

this level, and the jump before and after the value is less than 2.8. 

(4) According to the real-time congestion information, determine the road congestion 

level in the segment, and correct the vehicle speed value generated in (3) according to 

the vehicle speed range under different congestion levels in Table X. 

(5) Integrate the speed value in the clip and adjust the speed value until the integral of 

all speed values in the clip is equal to 50. 

(6) Repeat step 4-6 until the generation of the vehicle speed value set in all clips is 

completed. Connect the vehicle speed value point of each clip, which is the speed curve 

of the future driving segment. 
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Fig. 5 Speed curve generation model 
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5.3 Verification of Vehicle Driving Cycle Prediction Method 

In order to verify the accuracy and universality of vehicle driving conditions forecasting 

methods, actual testing is conducted. Before starting, according to the starting point 

and ending point of the target path, the traveling speed curve is predicted, and then 

the electric vehicle is driven from the starting point to the ending point, and the vehicle 

speed curve during the running of the vehicle is recorded through the onboard terminal. 

The comparison of the predicted speed curve and the actual test value is shown in 

Figure 6. 

 

Fig. 6 Comparison of predicted speed curves and actual test values 

 

It can be seen from the figure that the estimated speed curve is mostly close to the 

actual speed curve. The comparison between the estimated value and the test value 

shows that the prediction method of electric vehicle driving condition based on the 

nuclear density estimation proposed in this paper is feasible and can guarantee a 

certain accuracy. 

 

 Acknowledgements 

This paper proposes a prediction method for driving condition of electric vehicles based 

on kernel density estimation. It predicts driving conditions by predicting the speed 

curve of the vehicle through the historical running data of the vehicle and the 

information of the future driving routing. The probability distribution of the vehicle 

speed under different altitude changes is extracted from the historical operating data. 

The future road section information includes the altitude curve of the road section and 

the real-time road congestion information. A practical example verifies the feasibility of 

predicting driving conditions of electric vehicles based on nuclear density estimation. 

This method will provide a new way for electric vehicles to improve the prediction of 

driving range and the accuracy of mileage consumption. 
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