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Abstract: With the rapid development of E-bike industry, the traffic and public safety 

problems caused by it are increasingly prominent. This study analyzes the current 

situation of the development of E-bike, designs a position tracking system for the E-

bike, and analyzes the owner's permanent residence, occupation characteristics and 

daily behavior habits through the big data collected by the system. The big data 

analysis method and results of electric vehicle behavior trajectory based on public 

safety obtained in this study have practical application value for government 

departments and traffic safety departments. 
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1. Introduction 

In recent years, the rapid development of E-bike industry not only improves the travel 

efficiency of residents, but also becomes the main logistics production tool of new 

media related service industries such as express errands, catering and leisure. 

According to rough statistics, by 2020, the number of electric bicycles in China has 

exceeded 230 million, and Wenzhou, Zhejiang Province alone, has more than 3.05 

million. However, the related road traffic problems and social security problems have 

become increasingly prominent.  

Q1. E-bike speeding, retrograde, running red lights and other violations seriously 

disrupt traffic order and cause traffic accidents. According to statistics, traffic accidents 

involving electric bicycles account for more than 50% of the total number of accidents 

in major cities across the country, and increase at an annual rate of 10%. Taking 

Wenzhou as an example, there are more than 3.05 million electric bicycles in the whole 
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region. From 2018 to 2019, the average number of traffic accidents caused by electric 

bicycles in Wenzhou City is 500000 every year, of which the number of deaths 

accounts for 47.51% 、58.88%of the total number of deaths. Due to the limited 

compensation capacity of car owners and the lack of compulsory traffic insurance 

requirements, the accident owners escape frequently, and the claims and punishment 

are very difficult. How to manage the daily running of E-bike and reduce the traffic 

accident rate caused by E-bike has become an urgent problem to be solved. 

Q2.Electric bicycle theft cases occur frequently, and become the main means of 

transportation used by criminals. According to statistics, more than 80% of the 

suspects in urban public security cases use electric bicycles as means of transportation. 

The in-depth analysis and prediction of the use of E-bike can help the police improve 

the efficiency of solving cases and reduce the occurrence of social security cases. 

Based on the above background and actual needs, this study proposes to collect real-

time vehicle location big data based on the intelligent anti-theft tracking system of E-

bike, and use the method of data mining to obtain valuable information such as the 

daily driving track, user behavior characteristics, user residence, occupation 

background of E-bike, which can assist the government departments to strengthen 

the management of E-bike and effectively reduce the power consumption In order to 

improve the police's detection rate and ensure public safety, it is necessary to increase 

the violation rate and traffic accident rate of bicycles. 

 

2. Research status at home and abroad 

Most of the research work is based on the survey data at home and abroad. Through 

the analysis and Research on the problems and causes brought by the development 

of E-bike in Kunming City, Chen zhehan discussed the relevant countermeasures to 

solve the traffic problems from various aspects [3]; Wang Shaobing proposed a 

method to analyze the traffic capacity of E-bike in urban sections, and verified the 

effectiveness of the method by using a domestic urban road [4]. These methods have 

large investment, small sample size, and the analysis results are one-sided; moreover, 

they do not study the behavior of users, and the role of government departments in 

understanding this group is limited. 

At present, foreign scholars have little research on the moving trajectory of E-bike, 

while domestic and foreign scholars have done a lot of preliminary research in the 

field of traffic and crowd moving trajectory, which can be used for reference. 

Niedermayer et al. Used Markoff chain to model the position of the object, and used 

the transfer probability distribution between known positions in historical data to 

predict the uncertain position, so as to reduce the uncertainty of trajectory [5] [6]; 

Liu et al. Proposed a method for mining abnormal trajectory traffic between urban 
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areas [7] [8]. Trajectory data visualization [9] [10] can be divided into direct 

visualization, aggregation visualization and feature visualization [11]. Wang et al. Used 

the road traffic checkpoint data to realize the visual analysis system for exploring the 

change of urban traffic flow [12]; Wu et al. Designed a visual analysis system to study 

crowd co-occurrence behavior in cities based on mobile phone base station positioning 

data [13]. Based on the actual trajectory data, these researches use data mining, 

machine learning and other methods to mine the potential valuable information in the 

data, and provide decision support for practical application. 

However, the electric bicycle data used in this study is a new type of trajectory data, 

which has its own unique characteristics, such as the sampling period is not fixed, the 

positioning accuracy is low. The uniqueness of these data is not encountered in 

previous studies, so we need to improve or innovate on the basis of the existing 

trajectory data analysis methods, design methods suitable for E-bike data to mine the 

user's behavior characteristics, and provide a comprehensive analysis results of E-bike 

user behavior and driving trajectory for the management department. 

 

Figure 1 Result chart of E-bike user information and driving route analysis 

 

3. Research ideas and Implementation 

(1)Basic ideas 

Mining the peak traffic flow, speeding phenomenon, retrograde phenomenon and 

other group driving characteristics of all kinds of electric bicycle intersections, 

providing effective data basis and guidance for the traffic police departments to 

coordinate the deployment of police force, red and green, barrier and other traffic 

resources, reduce the road traffic pressure and reduce the traffic accident rate; 

The results of user occupation background, residence and behavior characteristics of 

the vehicle owner provide convenience for traffic accident handling, and provide 

effective information for public security departments to arrest suspect. Figure 1 shows 
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the example graphical interface of the Research team after analyzing and visualizing 

the location information data of an electric bicycle. 

 

4. Implementation of the study 

Based on a large number of previous studies, the basic architecture of the research 

work is designed, and the overall architecture is shown in Figure 2. 

 

Figure 2 Research framework 

 

Figure 3 Structure diagram of intelligent anti-theft system for electric bicycle 

 

Based on the above figure, this paper takes the big data collected by the intelligent 

anti-theft tracking system of electric bicycle in a city in China as an example to 

introduce the research scheme. 

(1) Data sources and characteristics analysis of electric bicycle 

 

1. Data sources and characteristics analysis of E-bike 

2. Data cleaning, location detection and data segmentation 

 

 

3. Mining of resident and 

residential areas of users 
5. Research on road matching 

and moving trajectory 

algorithm 

 
4. Clustering analysis of user behavior based on schedule 

visit  

Data preprocessing 

Data analysis 

6.Data visualization 

Database/Web server 

Internet 

base station base station base station 



Volume 8 Issue 4 2021 
 

   26 

Data collection sources 

The data collection source of this case is the E-bike anti-theft tracking system. The 

structure of the E-bike intelligent anti-theft tracking system is shown in Figure 3. 

The system consists of three parts: server center, base station receiving signal and 

low-power sensor node. 

A. The local government has laid base stations in the main roads, parking lots, sentries 

and other places to receive signals, and the communication distance of the base 

station is usually 100 meters to 150 meters; the government requires the electric 

bicycle manufacturers to register each electric bicycle sold and install low-power 

sensor nodes. 

B. The node periodically transmits radio frequency signals. When the E-bike installed 

with the node appears in the effective identification range of the base station, the 

node can communicate with the base station based on radio frequency identification 

technology, so that the server center can collect a large number of real-time position 

data of the E-bike. 

Data characteristic analysis 

At present, there are more than 1.2 million electric bicycles registered and installed 

sensor nodes in a city. More than 2000 base stations are installed in the urban area, 

and the total amount of various types of data is 300 million.  

The Research team took a small part of the data set for experimental analysis. The 

data set includes 1713 base stations and 627960 data records. Each E-bike data record 

includes: record unique number, E-bike number, base station number, time 

information, base station latitude, base station longitude. Select part of the data of an 

E-bike and sort it by time, call Baidu map JavaScript API to map it to geospatial  

Based on the data, the driving route and the location of the E-bike can be roughly 

obtained, which can be used to study the behavior characteristics of E-bike users. 

Based on the analysis of the number of records of all base stations in the data set, the 

records of each base station are counted according to the number of times, and the 

results show that the frequent locations of E-bike activities are mainly concentrated in 

the urban center. Through statistical analysis, the Research team found that the data 

of E-bike generally have the characteristics of low sampling frequency and weak spatial 

correlation, and there are problems such as data error, repetition and abnormality. 

(2) Data cleaning and location extraction of E-bike 

Technical difficulties: there are some problems in the original data, such as data error, 

repetition and abnormality, and some stop points in the track data of electric bicycle 

are detected by multiple base stations, so it is difficult to accurately locate the stop 

points.  

Solutions: in view of the above problems, the Research team has designed a set of 
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targeted data cleaning and data mining solutions, and the specific solutions are as 

follows. 

Data preprocessing 

For data errors, duplication, exceptions and other problems. Firstly, the geographic 

location error records in the data are eliminated and duplicate data records are merged. 

For the data anomaly problem, the article adopts a heuristic outlier detection algorithm 

to detect and eliminate the abnormal data points. First, all data are classified according 

to the number of electric bicycle and sorted by time; then, for each electric bicycle 

data, select the upper speed speedmax of electric bicycle. When driving at the 

maximum speed, the distance between two adjacent data points within the 

corresponding time interval time is calculated. If the actual distance between the two 

data is greater than the calculated distance, namely distance > Speedmax * time (as 

shown in Figure 4, P4 - >p5, P5 - >p6 and P9 - >p10), it means that the positioning 

drift has occurred, that is, the latter data point is an abnormal point and it is eliminated. 

Repeat the above calculation until all records of the electric bicycle are traversed. 

 

Figure 4 Outliers in E-bike data 

The result data preprocessed above is a sequence of location points p={p1, P2, P3 , 

pn}, as shown on the left side of Figure 5. These position points can be linked into a 

track according to the time sequence, as shown on the right side of Figure 5, P_ I 

represents the base station through which the electric bicycle passes, and the arrow 

represents the direction of movement. The residence time of some location points in 

the track exceeds a certain range, which has specific context meaning (such as 

residence, work place, etc.), which we call "place of stay". Generally, there is only one 

base station in the area where the electric bicycle stays, such as the place of stay 1; 

sometimes, the electric bicycle is detected by multiple base stations within a certain 

space range in a certain period of time, then the track of the section includes multiple 

location points {p5, P6, P7, p8}. For example, the residence location 2, it is necessary 

to determine the center coordinate of the stay space range of the electric bicycle 

according to these location points.  
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Figure 5 Location of stay in E-bike data 

Stopover excavation 

Considering the above two types of residence location characteristics, the Research 

team sets that if the time of the electric bicycle in a certain space exceeds a certain 

threshold, a stop location will be extracted. Enter the location data of electric bicycle 

sorted by time, and specify the time threshold timethresh and distance threshold 

disthreh. Starting from the first record, calculate the distance between each position 

point and the next position point. If it is greater than disthreh, calculate the time 

interval between the two location points. If the time interval is greater than timethresh, 

a stop location is detected, Then the next round of stop detection starts at the next 

location point. Among them, the selection of disthreh and timethresh will be 

determined in the implementation according to the sampling frequency and research 

purpose of track data.  

(3) Residential area mining and behavior characteristics analysis of E-bike users 

User residence mining. 

 

Figure 6 Four layer model of user residence mining 

The place where users live every night may be different; multiple base stations may 

be deployed near the user's residence, which results in different base stations in the 

electric bicycle data when the user is in the same residence at different times. This 

paper designs a hierarchical model and algorithm to automatically and effectively mine 

the user residence from the residence. The model considers the diversity of user 

residence and the uniqueness of base station near the residence, and can effectively 

mine the user's residence. As shown in Figure 6: 
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The model consists of four layers: the residence location, the candidate residence, the 

candidate residence and the user residence. The specific flow of the algorithm is as 

follows.  

A. Place of stay - > candidate settlements 

In order to solve the problem of diversity of users' residential places at night, the 

candidate residential places are selected from all users' residential places. Settlements 

are generally reflected in the time rule of people going out early and coming back late. 

Based on this, the Research team sorts all the stops of each user according to the 

arrival time; takes 23:59 as the daily dividing point, and selects the two places with 

the earliest departure time and the latest arrival time from all the stops of each day 

to form the candidate settlements set s, each of which includes longitude and latitude.  

B. Candidate residence - > candidate residence 

Because multiple base stations may be deployed near the user's residence, the location 

data of base stations recorded each time may be different. The residential points in 

the candidate residential area set s are clustered to form a new residential area. Firstly, 

the number of occurrences of each residential area is counted to form the following 

data form {pointid, latitude, longitude, count}, where pointid is the residential area 

ID, latitude and longitude are the latitude and longitude of the residential area, and 

count is the number of occurrences of the residential area. Considering that for a 

certain location, the more users get out early and return late, the more likely the 

location is to be a place of residence. The leader clustering algorithm [17] is used to 

cluster the set of candidate settlements s, and several candidate settlements are 

obtained, each of which is a set of candidate settlements. 

C. Candidate place of residence - > place of residence 

Finally, count the total number of all settlements in each residential location, that is, 

count the frequency of each residential location, and select the residential location 

with the most frequency as the user's residence. The location of residence is the 

location center of all settlements contained in the residence. 

Daily behavior modeling of E-bike users  

Based on the location information, the Research team represents the user's schedule 

visit behavior as a location preference matrix PM, as shown in Figure 7, to express the 

user's time distribution in different locations in different time periods. Figure 7 (a) is a 

place preference matrix of a user's schedule visit behavior, which can effectively 

represent the user's daily visit rules to different places. 
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Stop B 0 15 -- 53 60 -- 12 0 55 

On the 
move 

0 0 -- 15 0 -- 13 0 0 

Figure 7 (a) the place of stay preference matrix of user's schedule visit behavior 

(time unit is minutes) 

In order to analyze and study the user's multi day schedule access behavior, the user's 

schedule access behavior is further abstracted as a destination label vector FV based 

on the destination preference matrix. For each column of the destination preference 

matrix, the size of each row element is compared, and the destination label 

corresponding to the largest element is selected as the element of the corresponding 

column of the vector. If the user's place of stay a is marked as 1 and place of stay B 

is marked as 2, the place of stay preference matrix in (a) can be transformed into a 

place of stay label vector representing the user's schedule access behavior, as shown 

in Figure 7 (b). 
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Stop Id 1 1 -- 2 2 -- 1 1 2 

Figure 7 (b) stop label vector of user's schedule access behavior (stop a: 1: stop B: 

2) 

Figure 9 the representation of user schedule access behavior 

The location labeling matrix FM can be obtained by combining the location labeling 

vectors of users for many days. In the matrix, the columns represent 24 hours a day, 

the rows represent dates in order, and one row represents a day. Every element Y in 

the matrix FM_ Ij represents the number of the user's place of stay in the j-th time 

period on the i-th day, as shown in Figure 8 (a). The location labeling matrix can be 

visually encoded as a pixel map, as shown in Figure 8 (b). According to the labeling 

matrix and the corresponding pixel map of the place of stay, we can understand the 

user's visit behavior to different places in different days, and infer the user's living 

habits and professional background. 
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Figure 8 (a) shows the location labeling matrix of user's schedule access behavior 
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Figure 8 (b) shows a pixel diagram of a user's schedule access behavior 

Length of stay (1-24 hours), yellow for address a, green for address B 

Figure 8 shows the location labeling matrix and the corresponding pixel diagram of 

the user's schedule access behavior 
(4) Clustering based on user behavior 

Technical difficulties: the daily schedule access behavior of users may be different, 

even the difference is very big, and the number of access locations of different users 

is also different. How to measure the similarity between users based on schedule 

access behavior.  

Solution: the article proposes a new method to measure the similarity of schedule 

access behavior among users. The more days a certain number of stops appear, the 

more important it is to the user behavior. The residence time t is divided into t > = 5 

hours, 3 ＜ = T < 5 hours, 1 ＜ = T < 3 hours and T < 1 hours. Then, the number of 

places of stay of users in different stay periods is counted, and vector vect is obtained. 

The user behavior of multi days is fused. The vector vector vect of the number of 

places of stay of the user in all days is taken as the average value, and the feature 

vector featvect is obtained to represent the user behavior.  

After obtaining the user behavior feature vector, the similarity between users is 

measured by using the Euclidean distance (DIS), as shown in Formula 1. The behavior 

eigenvectors of two users are x= (x1,..., xn) and y= (Y1,..., yn), where Xi and Yi 

represent the number of places of stay under the corresponding stay time period of 

the two users. The larger the European distance indicates that the more behavioral 

differences between dual-use users, the higher the similarity between users. 

Dis(X, Y) = √∑ (xi − yi)
n
i=1

2
                                             (1) 

Kmeans clustering algorithm based on partition is used to cluster users. The specific 

process is as follows: firstly, K users' behavior feature vectors are randomly selected 

as the initial clustering centers; then, for all the remaining objects, the Euclidean 
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distance formula (1) is used to calculate the similarity (distance) between them and 

these clustering centers, and they are assigned to the nearest or most similar category; 

finally, the clustering centers of each new category are updated The above process is 

repeated until all clustering centers are no longer changed, and finally the clustering 

analysis results of user behavior are obtained.  

After getting the clustering results, we can divide the occupational background 

according to certain rules of user categories. For example, if the average number of 

places where a certain type of users stay more than 5 hours a day is close to 2, and 

there are almost no places for the rest of the stay time, it indicates that this type of 

users are most likely to be office workers with a fixed place of work, using electric 

bicycles as the means of transportation for commuting to and from work; or the 

average number of places where a certain type of users stay more than 5 hours a day 

is more uniform and scattered. It shows that this kind of users visit more places every 

day, and their behavior regularity is poor. This kind of users may be engaged in service 

industries such as errand express, and use electric bicycles as labor tools. The specific 

clustering scheme will be further designed for data refinement in the implementation. 

 
5. Conclusion 

This study analyzes the current situation of the development of E-bike, designs a 

position tracking system for the characteristics of E-bike, and analyzes the owner's 

permanent residence, occupation characteristics and daily behavior habits through the 

big data collected by the system. The big data analysis method and results of electric 

vehicle behavior trajectory based on public safety obtained in this study have practical 

application value for government departments and traffic safety departments. 
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