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To effectively evaluate the traffic safety risk of urban expressways in real time and ensure their traffic safety and smoothness, a real-
time evaluationmethod of vehicle conflict risk of an urban expressway based on smartphone GPS data was proposed.We screened
and processed smartphone GPS data to obtain vehicle behavior data, including acceleration and angular acceleration, and road
state data, including average vehicle speed. Urban expressways were divided into four categories, closed straight section, closed
curve section, vehicle entry section, and vehicle exit section; the evaluation indexes of abnormal vehicle behavior were established.
Based on the improved entropy weight method, the vehicle conflict risk entropy was established to distribute the weight of
different types of abnormal behaviors of vehicles. -e evaluation system of vehicle conflict risk entropy was applied to the vehicle
behavior data. Urban Expressways with more abnormal vehicle behavior were obtained to evaluate the risk of vehicle conflict in
real time. -e results showed that the easily obtained smartphone GPS data may be effectively used to analyze the abnormal
behavior of vehicles, identify vehicle conflict risk points hidden in urban expressways in real time to provide effective methods for
batch and dynamic real-time evaluations of vehicle conflict risks on urban expressways, and improve the traffic safety service level
of urban expressways.

1. Introduction

With the recent emergence of mega cities and urban ag-
glomerations, countries have actively adopted the con-
struction of urban expressways to alleviate urban road traffic
congestion and improve urban road traffic service levels
[1, 2]. Urban expressways connect main roads and intercity
expressways in a city and are characterized by long distances,
high traffic volumes, and high speed. -ese expressways
occupy less than 6% of road traffic facilities but are re-
sponsible for greater than 30% of standard vehicle kilo-
meters [3]. However, to meet the travel needs of residents as
much as possible in the planning and design of urban ex-
pressways, the road characteristics of large numbers of
imports and exports, small spacing, and complex road
networks, which further lead to rapid changes in vehicle
speed and a high frequency of vehicle lane changes that
result in vehicle conflict risk and road traffic accidents, must
be considered. According to a statistical report on road

traffic accidents in China in 2017, there were an average of
554 road traffic accidents on urban expressways every
month, which resulted in nearly 140 deaths and 572 injuries
[4]. -erefore, real-time vehicle conflict risk assessments on
urban expressways and real-time corresponding traffic
control on sections with excessive vehicle conflict risk would
effectively improve the traffic service level of urban
expressways.

Current research on vehicle conflict risk has achieved
fruitful results in assessing road traffic safety and may be
primarily divided into the following two aspects:

(1) Data-driven: Based on the large number of vehicle
collision data and road traffic accident data collected,
based on improved neural network or Logit model,
or via the computer processing of video images, the
risk prediction of vehicle conflict may be realized.

(2) Model-driven: -e related factors that may affect the
risk of vehicle conflict, such as vehicle movement,
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road environment, and residents’ travel conditions,
were analyzed. Support vector machine (SVM) and
Bayesian methods were used to establish 3D collision
models or multivariate comprehensive evaluation
models to evaluate vehicle conflict risk.

Studies of vehicle conflict risk using data-driven as-
sessments. Liu and Chen [5] proposed a fuzzy reasoning
model based on a decision tree and adaptive neural network
to predict the risk of vehicle conflict in urban expressways in
real time. Sun et al. [6] considered the collision mechanism
under different road congestion conditions and the corre-
lation between vehicle collision and space; they established
three types of collision models and two spatial models,
respectively, and adopted a Bayesian method to determine
relevant parameters. Strickland et al. [7] performed in-depth
learning on traffic accident video streams via the Bayesian
convolution long short-term memory (LSTM) method to
realize the prediction of impending accidents. Basso et al. [8]
realized expressway accident prediction based on a random
forest program, support vector machine, and logistic re-
gression using the vehicle data collected with an automatic
vehicle identification function at a free flow toll station.
Hossain and Muromachi [9] evaluated the traffic safety of
ramp vehicles on urban expressways based on a random
polynomial logit model, and the prediction of vehicle col-
lision was realized based on the Bayesian belief network
model. Hassan and Abdel-Aty [10] studied the relevant
factors of vehicle collision under reduced visibility. -e
research showed that nearly 70% of vehicle collisions related
to visibility may be correctly identified. Hong et al. [11]
applied a double hurdle approach to analyze the risk factors
of multivehicle collision. Fountas et al. [12] developed a
random parameter logit framework to study the compre-
hensive impact of dynamic and static factors on traffic
conflict and considered the correlation between random
parameters. Kassu and Hasan [13] considered the impact of
the number of lanes on vehicle collisions on urban roads and
applied the negative binomial regression method to obtain
the key factors causing fatal and nonfatal injuries to road
traffic.

-ere are some studies on vehicle conflict risk using
model-driven assessments. Wang et al. [14] used Bayesian
logistic regression and a support vector machine model to
explore the impact of the number of residents and travel
conditions on the vehicle collision risk of expressway ramps.
Wu et al. [15] used a simulated vehicle network physical
system (VCPS), based on the Kalman filter (KF) algorithm,
combined with driver behavior and road geometry infor-
mation to detect vehicle collision risk. Habtemichael and De
Picado Santos [16] used a microtraffic simulation method
and VISSIM simulation software to quantitatively evaluate
the safety impact of aggressive driving behavior. Katrakazas
et al. [17] developed a joint framework of interactive per-
ception motion model and dynamic Bayesian network to
perceive vehicle collision risk. Hosseinpour et al. [18] used
multivariate Poisson log-normal model with spatial corre-
lation to predict multivehicle collision frequency. -e time

factor had a great impact on collision, and Chen et al. [19]
developed the unbalanced panel data hybrid logit model to
study the possibility of hourly collision on expressways and
confirmed that real-time weather conditions, road condi-
tions, and traffic conditions had a significant impact on the
occurrence of vehicle conflict.

However, some imperfections in previous research
methods remain. (1) -e evaluation and prediction of ve-
hicle collision based on historical accident data do not take
into account the differences in vehicle movement behaviors
at different dates and time periods. -erefore, it cannot
accurately evaluate the risk of vehicle collision and road
safety based on the current actual situation, which results in
poor timeliness. (2)-e real-time data acquired by road-side
units and lane cameras are small and have poor continuity,
which makes it impossible to accurately judge the specific
speed and lane changes of each vehicle and has a low rec-
ognition rate. -e comprehensive evaluation method
combined with various factors could not achieve real-time
and accurate evaluations, and it tended to overconsider the
impact of environment on vehicle conflict without con-
sidering the specific motion state of vehicles, which resulted
in a low accuracy rate.

With the continuous development of intelligent trans-
portation systems and mobile devices [20], some scholars
used vehicle OBD or GPS data for vehicle conflict assess-
ments. Stipancic et al. [21] used vehicle GPS travel data from
Quebec City to extract vehicle hard braking and acceleration
information and then compared it with historical crash data
for evaluation.-e results showed that the number of vehicle
acceleration and braking incidents was directly related to the
severity of the collision. However, the above literature only
analyzed changes in vehicle speed without judging or
evaluating the actual conditions of specific roads. -erefore,
it was not applicable to actual urban expressways or some
specific road conditions. Cai et al. [22] established road
traffic safety entropy based on on-board OBD data to de-
termine the correlation between abnormal driving behaviors
and road traffic accident points. However, the on-board
OBD did not have Internet communication, and it could not
make real-time and accurate statistics of the movement state
data of vehicles on the road to evaluate the risk of vehicle
conflict in real time.

-erefore, the present article used driver smartphone
real-time GPS data to obtain the vehicle behavior infor-
mation.We analyzed the impact of the dangerousmovement
state of vehicles in different sections of urban expressways on
vehicle conflict and divided the urban expressway to es-
tablish a vehicle conflict risk entropy evaluation model and
realize the real-time evaluation of vehicle conflict risk on
urban expressways.

2. Research Method

(1) Collection of vehicle satellite positioning data in real
time using the GPS module of drivers’ smartphones.
-e data were bound to the road to accurately
correspond to the actual road coordinates to sort,
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filter, and calculate the data and obtain vehicle in-
formation and traffic information, such as vehicle
speed, acceleration, angular velocity, angular accel-
eration, and average vehicle speed.

(2) Analyses of the traffic and vehicle behavior char-
acteristics of urban expressway and evaluation of the
possible collision types of vehicles. -e urban ex-
pressway was divided into a closed straight section,
closed curve section, vehicle entry section, and ve-
hicle exit section. According to the different effects of
abnormal vehicle behaviors on collision types in
different sections, the evaluation indexes of abnor-
mal vehicle behaviors, including rapid acceleration
and deceleration, were established.

(3) Construction of traffic conflict risk entropy using the
improved entropy method with vehicle behavior as
indicators, to establish traffic conflict risk entropy in
different types of urban expressway road vehicles of
all kinds of abnormal behavior to determine the
vehicles with various kinds of abnormal behavior for
a specific road vehicle’s risk degree of the impact of
the conflict.

(4) Using the established vehicle conflict risk entropy
and based on the GPS data of online ride-hailing in
Chengdu city, the vehicle conflict risk levels of dif-
ferent types of sections of urban expressways were
evaluated in real time. We established the thermal
map of vehicle conflict risk level of urban express-
ways and ultimately determined the vehicle conflict
risk concentration point of the Second Ring Ex-
pressway in Chengdu city to provide vehicle conflict
risk early warnings for drivers and reasonable sug-
gestions for traffic management departments.

3. Data Acquisition and Processing

3.1. Data Acquisition and Preprocessing. -e results and
discussion may be presented separately, or in one combined
section, and may optionally be divided into headed
subsections.

3.2. Advice on Equations. With the continuous development
of “Internet + transportation,” urban public transportation
services have gradually shifted from the traditional “taxi” to
a diversified mode of “online ride-hailing + taxi.” According
to statistics from China’s online ride-hailing regulatory
information exchange platform, Chengdu city ranks first
and second among China’s 36 central cities in the number of
licenses and orders for online ride-hailing vehicles, re-
spectively. A large amount of vehicle satellite positioning
data is generated daily in Chengdu city, Sichuan Province,
China based on the GPS module in the smartphones of
online ride-hailing drivers.

As shown in Figure 1, each green dot represents the
vehicle GPS data of the online ride-hailing platform in
northeast Chengdu city on October 15, 2016 (Coordinate
range [30.727818, 104.043333], [30.726490, 104.129076]
[30.655191, 104.129591], [30.652828, 104.042102]). Vehicle

GPS data of the network ride-hailing platform are obtained.
-e original data set contained driver information, order
number information, UNIX timestamp information, and
vehicle longitude and latitude coordinates, which were
collected every 2–4 s. -ere were approximately 1.8 billion
pieces of monthly statistical data, with a total size of ap-
proximately 88.04GB.

To comply with legal provisions and use relevant data
reasonably and effectively, the following preliminary pro-
cessing was performed on the collected data. (1) -e GPS
coordinate information was bound to the road. Positioning
in the civil GPS module often has a certain coordinate offset,
which does not ideally correspond to the actual road po-
sition. To ensure that the GPS data of the driver’s smart-
phone accurately corresponded to the actual roads in
Chengdu city, the collected longitude and latitude coordi-
nates were bound to the road. (2) Personal information was
processed. From the vehicle GPS data, the departure and
destination coordinates of each online ride-hailing order
were reflected. -erefore, to protect the personal informa-
tion of drivers and passengers, driver identification (ID) and
order ID were encrypted. To ensure the privacy of pas-
sengers, the coordinates of passenger origin point and
destination point were removed. Some online ride-hailing
order information and data extracted after preprocessing are
shown in Table 1.

3.3. Data Processing. Cleaning and screening for the col-
lected data. For datamissing from some nodes generated due
to smartphone network conditions and other reasons, the
weighted average algorithm is used to complete the missing
data to achieve data continuity. In order to avoid the in-
fluence of such data on the average speed of the vehicle, the
data of temporary vehicle parking caused by boarding and
boarding passengers, traffic accidents, and drivers’ or pas-
sengers’ subjective intentions are eliminated.

Processing of the cleaned and screened data.-e cleaned
and filtered data were converted using the following
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Figure 1: GPS data of online ride-hailing in Chengdu city.
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methods to reflect the vehicle motion state, including speed,
acceleration, angular speed, and angular acceleration, and
the road traffic state, such as the average speed of vehicles on
the road.

Equation (1) was used to obtain the vehicle displacement
between two time nodes using the vehicle longitude and
latitude coordinates at time n and time n+ 1.

S
n
ij � arccos cos 90 − Lan+1

ij  · cos 90 − Lan
ij  + sin 90 − Lan+1

ij  · sin 90 − Lan
ij  · cos Lon+1

ij − Lon
ij  , (1)

where Lon
ij and Lan

ij represent the longitude and latitude
coordinates of the vehicle, respectively, when the driver in
the ith place executes Order No. J at the time n.

As shown in Figure 2, because of the time node dif-
ference of the collected data is 3 s compared with the
complete movement time of the vehicle, the vehicle dis-
placement may be approximately equal to the forward
distance of the vehicle in a short period.

Equation (2) was used to obtain the displacement of
vehicle movement at each time interval as approximated
Xn

ij.

X
n
ij ≈ S

n
ij. (2)

Equations (3) and (4) were used to obtain the instan-
taneous speed and acceleration of the vehicle, which were
further determined.

V
n
ij �

X
n
ij

ΔTn, (3)

a
n
ij �

V
n
ij

ΔTn. (4)

Vehicle lateral movement is one of the main causes of
vehicle conflict [23–25]. To effectively evaluate the rela-
tionship between vehicle behavior and vehicle conflict, it was
necessary to further determine vehicle angular velocity and
angular acceleration. To obtain the change in vehicle in-
stantaneous azimuth θn

ij, from equation (1), the vehicle
displacement between two time nodes were obtained using
the vehicle longitude and latitude coordinates at time n and
time n+ 1, as shown in Figure 3.

Substituting the displacement Xn
ij and Xn+1

ij in the n and
n+ 1 segments calculated from equation (1) into equation
(5), the instantaneous change in azimuth angle of the vehicle
θn

ij was calculated.

θn
ij � arccos −

X
n
ij 

2
+ X

n+1
ij 

2
− Dist2(n − 1, n + 1)

2X
n
ijX

n+1
ij

⎛⎝ ⎞⎠,

(5)

where Dist2(n − 1, n + 1) represents the displacement be-
tween the n− 1 time node and n+ 1 time node.

According to equations (6) and (7), the instantaneous
angular velocity and angular acceleration of the vehicle were
further determined.

ωn
ij �

θn
ij

ΔT
, (6)

z
n
ij �

ωn
ij

ΔTn. (7)

In addition to the vehicle’s own behavior, the road traffic
conditions, including the average vehicle speed, will also
affect the frequency and probability of vehicle conflict. -e
online ride-hailing data collected in this article generate
about 60 million vehicle positioning data every day. Because
the average time interval of data collection is 3 s, it represents
that in the northwest of Chengdu city, the instantaneous
online ride-hailing operation number is nearly 2800 based
on the daily online ride-hailing operation of 12 h. -erefore,
the short-term average speed of online ride-hailing can
effectively represent the average speed of vehicles in each
section of the Second Ring Expressway in Chengdu city.
According to equation (8), the average vehicle speed Vn

ij of
this section was obtained at the n time node, as shown in
Figure 4.

V
n
ij �

ijV
n
ij

i + j
, (8)

where ijV
n
ij represents the sum of the average speeds of all

vehicles in the microsegment.

Table 1: Sample of ride-hailing data.

Driver ID Order ID Unix Longitude Loij Driver ID Laij

eb4, . . ., 2bf 660, . . ., 959 1476462916.00 104.0681 30.65824
e5c, . . ., 9f8 c29, . . ., c38 1476510400.00 104.0659 30.65853
e7d, . . ., a3b 150, . . ., 70f 1476537902.00 104.0710 30.65721
213, . . ., ad7 862, . . ., 8c6 1476520440.00 104.0791 30.66735
000, . . ., e06 428, . . ., 62e 1476491503.00 104.0453 30.65924
000, . . ., 34b 80b, . . ., f50 1476503116.00 104.1104 30.67071
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Based on NumPy, Pandas, and other functions in the
Python programming language, the above methods were
used to process online ride-hailing order information and
original data to obtain vehicle motion behavior data. -e
data processing example is shown in Table 2.

4. Establishment of the Division of Vehicle
Conflict Risk Sections on Urban Expressways
and Vehicle Conflict Risk Evaluation System

-ere were numerous correlations between different types of
road vehicle conflict risk and vehicle behavior, including the
characteristics of the road section itself, such as speed limit
and road shape, which affected vehicle behavior to a certain
extent. As shown in Figure 5, based on the calculated vehicle
behavior data, by classifying and defining the road section
characteristics and possible vehicle behavior, the urban
expressway was divided into four categories: closed straight
section, closed curve section, vehicle entry section, and
vehicle exit section.

4.1. Classification of Urban Expressway Section Types

(1) Closed straight sections (as shown in I in Figure 5)
are most widely used in expressway design due to
high vehicle traffic efficiency and low construction
cost. However, according to the statistics of all kinds
of linear traffic accidents in China, the traffic

accident rate of straight road sections was high. An
in-depth analysis of vehicle behavior revealed pri-
marily two reasons:①Vision is wide, the road is flat,
and the road traffic condition is good in the straight-
line section. -e driver will inadvertently increase
the vehicle speed, relax his vigilance, and reduce their
observation of adjacent lanes and nearby vehicles.②
-ediscrete speed of vehicles in straight-line sections
is large, which results in frequent overtaking [26].

As shown in Figure 6, the analyses of the instanta-
neous displacement, velocity, acceleration, change of
instantaneous azimuth, angular velocity, and angular
acceleration of vehicles in the selected closed straight
section showed that for the closed straight section of
the urban expressway, the average speed of vehicles
was mostly less than 15m/s, and the range of vehicle
longitudinal acceleration was widely distributed with
a high degree of dispersion. For the lateral changes of
vehicle, the angular velocity and angular acceleration
were below 5 rad/s, and the amount of left-hand
angle change was roughly equal to right-hand angle
change, which was consistent with the actual situ-
ation of vehicle lane change and overtaking.

(2) Closed curve section (as shown in II in Figure 5), as a
section type of urban expressway, was primarily used
near the four vertices of the circular expressway.
Statistics showed that the severity of traffic accidents
caused by curved sections was higher than straight
sections. -e following main causes of curve traffic
accidents were identified:① when the vehicle drives
into the curve from the closed straight road section,
the field of vision gradually narrows, and the driver
engages in stress behaviors, such as deceleration,
after the field of vision narrows, which impacts other
vehicles. ② After the vehicle enters the curve, the
driver needs to constantly adjust the steering wheel
to keep the vehicle driving along the track of the lane
boundary. If the steering wheel is not adjusted in
time or over adjusted, the vehicle will deviate from
the normal driving route.

As shown in Figure 7, the positive acceleration of
vehicles in curve sections was lower than that in the
closed straight section, but the negative acceleration
was higher than that in the closed straight section.
-erefore, the impact of vehicle deceleration on
vehicle conflict was greater than that in closed
straight section. For the lateral movement of vehi-
cles, the direction of angular change and the lateral
movement direction of the vehicles were the same
because the intercepted section was a one-way
turning section.

(3) Vehicle entry section (as shown in III in Figure 5):
Vehicles enter the main road via ramps and accel-
eration lanes. -e following main reasons for po-
tential traffic safety hazards were identified. ① For
vehicles entering the main road, oppressive or co-
operative behavior was used to merge into the main

Xn
ij

Xij
n+1

Figure 2: Vehicle instantaneous displacement.

θijn+1

θijn–1

θnij

Figure 3: Vehicle instantaneous angular displacement.

Vij
n

Vij

Vij
n–1 Vij

n+1

Figure 4: Average vehicle speed.
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road, which affected the normal vehicles in the main
road. ② -e normal running vehicles on the main
road slow down and avoid or accelerate due to the
entry of vehicles on the right side, which have a
certain impact on the normal running of vehicles
behind.
As shown in Figure 8, the lateral collision frequency
of vehicles increased in this section, and the change
in negative angular velocity and angular acceleration
was greater than the positive angular velocity and
angular acceleration due to the entry of vehicles.

(4) Vehicle exit section (as shown in IV in Figure 5): -e
vehicle enters the deceleration lane via lane change
or continuous lane change and drives out of the
urban expressway. -e following main reasons for

the existence of potential traffic safety hazards were
identified.① For outgoing vehicles, lane change and
continuous lane change caused potential safety
hazards to other normal vehicles on the main road.
② For vehicles that did not plan to leave via this exit,
they were oppressed by the right direction due to the
lane change of vehicles, which resulted in the forced
deceleration or lane change of vehicles and caused
safety risks to themselves and other vehicles.

As shown in Figure 9, the lateral collision frequency of
vehicles increased in this section, and the change in positive
angular velocity and angular acceleration were greater than
the negative angular velocity and angular acceleration due to
the departure of vehicles.

5. EstablishmentofVehicleBehaviorEvaluation
System for Urban Expressway

-e in-depth analysis of the types of urban expressway
sections and the hidden dangers of road traffic safety was
used to establish the vehicle behavior evaluation system of
urban expressway using the closed straight sections, closed
curve sections, vehicle entry sections, and vehicle exit sec-
tions as the primary indicators and vehicle behavior, such as
vehicle acceleration, and angular acceleration, as the sec-
ondary indicators, as shown in Figure 10.

-e vehicle will have large longitudinal and transverse
speed changes in the closed straight section due to over-
speed, lane change, and other behaviors. -erefore, vehicle
acceleration (E11), deceleration (E12), left and right angular
acceleration (E13), and vehicle speed greater than the av-
erage vehicle speed (E14) were secondary indicators of
vehicle behavior in the closed straight road section (E1).

Vehicles reduce their longitudinal speed and change
transverse speed in the closed curve section due to decel-
eration, steering, and other behaviors. -erefore, vehicle
deceleration (E21), vehicle left and right angular acceleration
(E22), and vehicle speed greater than the vehicle average
speed rate (E23) were the secondary indicators of vehicle
behavior in the closed curve section (E2).

Vehicles reduce their longitudinal speed and change
lateral speed to the left in the vehicle entry section due to
deceleration, avoidance, entering vehicles, and lane
changing. -erefore, vehicle deceleration (E31), vehicle left
angular acceleration (E32), and speed greater than the ve-
hicle average speed rate (E33) were the secondary indicators
of vehicle behavior in the vehicle entry section (E3).

Table 2: Sample vehicle behavior data.

Drivers ID Order ID Xn
ij Vn

ij an
ij θn

ij ωn
ij zn

ij

000, . . ., e06 072, . . ., 887 19.93 6.643 −1.23 3.14 0.02 0.01
000, . . ., e06 072, . . ., 887 31.57 10.523 1.293 3.1 −0.01 −0.01
000, . . ., e06 072, . . ., 887 38.21 12.737 0.738 0 −1.03 −0.34
000, . . ., e06 072, . . ., 887 30.17 10.057 −0.893 3.14 1.05 0.69
000, . . ., 34b 698, . . ., 190 21.99 7.33 −0.29 2.61 0.17 −0.3
000, . . ., 34b 698, . . ., 190 24.28 6.07 −0.315 3.05 0.11 −0.02
000, . . ., 34b 698, . . ., 190 15.41 5.137 −0.311 3.1 0.02 −0.03

III III

IV

Figure 5: Urban expressway section type division.

Vn
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Figure 6: Box diagram of vehicle behavior in the closed straight
section.
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-e longitudinal speed reduction and lateral speed
change in the right direction occur in the vehicle exit section
due to the deceleration of the vehicle and the lane change of
some outgoing vehicles. -erefore, vehicle deceleration
(E41), vehicle right angular acceleration (E42), and vehicle
speed greater than the vehicle average speed rate (E43) were
the secondary indicators of the vehicle behavior in the
section where the vehicle drives out (E4).

6. Vehicle Conflict Risk Entropy Model

6.1. Model Building. As a measure of system disorder, en-
tropy reflects the amount of useful information carried by
each index. -e greater the amount of information carried
by each index, the smaller the entropy, and the smaller the
amount of information carried, the greater the entropy. -e
entropy weight method assigns weight to each index
according to the impact of the relative transformation degree
of each evaluation index on the evaluation system. -is
model has been widely used in various comprehensive
evaluations [27, 28]. -e evaluation system of vehicle

conflict behavior established in this article mainly includes
the comprehensive evaluation of vehicle longitudinal ac-
celeration, angular acceleration, and other behaviors.
-erefore, the applicability and rationality of the vehicle
conflict risk entropy evaluation model are mainly due to the
following two aspects: (1) Entropy weight method judges the
discretization degree of an index through entropy value. It is
considered that the higher the discretization degree of an
index, the greater its role in the whole evaluation system. In
the process of vehicle movement, the greater the change of
vehicle longitudinal acceleration or transverse acceleration,
the higher the probability of vehicle conflict risk. (2) During
the application of entropy weight method because it judges
the dispersion degree of an index through entropy, the
amount of entropy data will have a great impact on the
evaluation results. When the amount of data are insufficient,
it will have a certain impact on the judgment results. -e
amount of vehicle behavior data used in this study is huge,
which can effectively and accurately evaluate the risk of
vehicle conflict. -erefore, the establishment of an improved
entropy weight evaluation model can comprehensively
evaluate the impact of vehicle behavior on vehicle conflict.

-e traditional entropy weight method is a measure of
the degree of deviation between the index and the ideal
solution. However, among the indicators of vehicle conflict
risk, the degree of vehicle velocity dispersion, vehicle ac-
celeration dispersion, and vehicle overspeed dispersion have
different effects on the risk of vehicle conflict and are related
to some extent. -erefore, this model improves the entropy
weight method by taking 85% of the maximum value of
vehicle speed and angular velocity as the evaluation standard
to adjust the two evaluation indexes, as shown in equations
(9) and (10):

δPv �
vij 

n×m

vij 
n×m

MAX ∗ 0.85
, (9)

δPω �
ωij 

n×m

ωij 
n×m

MAX ∗ 0.85
. (10)

According to equation (11), the corresponding evalua-
tion matrix P is constructed based on the constructed
evaluation index of vehicle conflict behavior on urban
expressways.

P � pij 
n×m

, (11)

where pij is the j evaluation index of sample No. I.
To further eliminate the influence of different index

dimensions, the evaluation indexes were standardized. For
the vehicle conflict evaluation indexes, including vehicle
longitudinal acceleration and angular acceleration, the ve-
hicle is considered best in the stationary state, and equation
(12) was used to consider the indexes greater than zero, such
as longitudinal acceleration and angular acceleration.
Equation (13) was used to process the indexes less than zero,
such as longitudinal deceleration, to obtain the standardized
evaluation matrix Bij.
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Figure 7: Box diagram of vehicle behavior in the closed curve
section.
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Figure 8: Box diagram of vehicle behavior in the vehicle entry
section.
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bij �
maxj pij  − pij

maxj pij  − minj pij 
, (12)

bij �
pij − minj pij 

maxj pij  − minj pij 
. (13)

Equation (14) was used to calculate the characteristic
proportion Zij of the ith evaluation object under the jth
evaluation index.

Zij �
bij


n
i�1 bij

. (14)

In equation (15), the entropy value ej of the jth index
may be obtained as follows:

ej � −
1

ln n


n

i�1
Zij ln Zij. (15)

Equation (16) was used to obtain the coefficient gj of
differentiation of the jth index.

gj � 1 − ej. (16)
Using equation (17), the weight coefficient of the eval-

uation index wj of item j was finally obtained:

wj �
gi


m
i�1 gi

. (17)

6.2. Model Application. -e entropy evaluation model of
abnormal vehicle behavior was applied to the processed
vehicle behavior data. Because the data volume of all of the
data was too large, it was difficult to directly use it to cal-
culate the weight coefficient of the evaluation index.
-erefore, the random sampling method was used.
According to the divided road section types, three groups of
100,000 lines of data were selected for the four types of road
sections, and the entropy weight method was used to
evaluate these data. Equation (18) was used to analyze the

accuracy of the evaluation results of each group according to
the root mean squared error. If the error was within a
reasonable range, the result was considered effective.

RMSE �

�������������

1
m



m

i�1
y − yi( 

2




. (18)

(1) -e comprehensive evaluation results of the closed
straight section are shown in Table 3. Figure 11
shows that the longitudinal acceleration of vehicles
had the greatest impact on road traffic safety in
closed straight sections and accounted for 46.22%.
-e longitudinal deceleration of vehicles had the
second impact on road traffic safety and accounted
for 23.07%. -e left and right angular acceleration
and speed greater than the average speed of vehicles
accounted for 18.44% and 12.25%, respectively.

(2) -e comprehensive evaluation results of closed curve
sections are shown in Table 4. Figure 12 shows that
the longitudinal deceleration of vehicles had the
greatest impact on road traffic safety in the closed
curve section and accounted for 98.42%. -e rates of
the left and right angular acceleration and speed of
vehicles were greater than the average speed of ve-
hicles and accounted for only 0.67% and 0.89%,
respectively, which had little impact on road traffic
safety.

(3) -e comprehensive evaluation results of the vehicle
entry section are shown in Table 5. Figure 13 shows
that the left angular acceleration of vehicles had the
greatest impact on road traffic safety in the section
where vehicles converged and accounted for 70.78%.
-e rates of vehicle longitudinal deceleration and
vehicle speed greater than the average speed of ve-
hicles accounted for 18.35% and 11.15%,
respectively.

(4) -e comprehensive evaluation results of the vehicle
leave section are shown in Table 6. Figure 14 shows
that the right-hand angular acceleration of the ve-
hicle had the greatest impact on road traffic safety in
the section where vehicles leaved and accounted for
69.77%, and the rates of vehicle longitudinal de-
celeration and vehicle speed greater than the average
vehicle speed accounted for 18.95% and 11.27%,
respectively.

7. Expressway Real-Time Traffic Conflict
Risk Points

Using equation (19), based on the entropy evaluation model
of the abnormal behavior of vehicles on urban expressways,
the real-time evaluation of vehicle conflict risk level was
performed for different sections of the urban expressway.

Val �  

m

j�1
wjbij. (19)
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Figure 9: Box diagram of vehicle behavior in the vehicle exit
section.
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In the formula, the obtained evaluation index weight wj

was used to sum the various behaviors bij of each vehicle,
and the sum of abnormal vehicle behaviors in each small
section was ultimately determined to calculate the real-time
evaluation of vehicle conflict risk in various fast sections.

7.1. Change Trend of Daily Conflict Risk. In order to effec-
tively and intuitively analyze the above experimental results,
the vehicle conflict risk heat maps of various road sections
on October 15, 2016 are selected, in which the ordinates of
Figures 15–18 represent UNIX timestamp information and
the abscissa represents the longitude coordinates of the road
section. By analyzing heat maps of vehicle conflict risk in
four sections, the daily variation trend of vehicle conflict risk
in different sections of urban expressways can be obtained.

Figure 15 shows that the risk of vehicle conflict in closed
straight sections began to increase around 8 a.m., reached
the peak of the day at 11 a.m., then decreased slowly and
remained stable to about 4 p.m. With the beginning of the
evening peak, the risk of vehicle conflict reached another
peak at 7 p.m., then remained stable and decreased slowly.

Figure 16 shows that the risk of vehicle conflict in closed
curve sections began to increase at 8 a.m., increased rapidly
at 10 a.m., reached the peak of the day at 2 p.m., remained
stable to about 7 p.m., and then decreased slowly.

According to Figures 17 and 18, the traffic flow of ve-
hicles entering and leaving the road was less than the main
road. However, the time node of vehicle conflict risk was
similar to the closed straight sections. -e risk started to
increase at about 7 a.m., reached the peak of the day at 10
a.m., then slowly decreased and remained stable to about 4
p.m. With the beginning of the evening peak, the vehicle
conflict risk reached another peak at 6 p.m. and then
remained stable and slowly decreased.

Longitudinal acceleration of vehicle (E11)

�e vehicle decelerated longitudinally (E12)
Angular acceleration of vehicle (E13)
�e speed of vehicles is higher than the

average traffic speed rate (E14)

�e vehicle decelerated longitudinally (E21)

Angular acceleration of vehicle (E22)

�e vehicle speed (E23)

�e vehicle decelerated longitudinally (E31)

Le� angular acceleration of vehicle (E32)
�e speed of vehicles is higher than the

average traffic speed rate (E33)

Vehicle deceleration (E41)

�e vehicle is accelerating to the
right (E42)

�e speed of vehicles is higher than the
average traffic speed rate (E43)

Vehicle exit section (E4)

Vehicle entry section (E3)

Closed curve section (E2)

Close the straight road
section (E1)

Vehicle Evaluation System (E)

Figure 10: Vehicle behavior evaluation system.

Table 3: Evaluation result of closed straight section.

(E11) (E12) (E13) (E14)
Test1 0.350447 0.250286 0.238371 0.160897
Test2 0.544678 0.216923 0.119302 0.119098
Test3 0.491546 0.225020 0.195811 0.087623
Result 0.462224 0.230743 0.184495 0.122539
RMSE 0.081963 0.014213 0.049264 0.030016
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Figure 11: Proportion of each index of closed straight section.

Table 4: Proportion of each index of closed curve section.

(E21) (E22) (E23)
Test1 0.981896 0.007565 0.010540
Test2 0.981334 0.008788 0.009878
Test3 0.989590 0.003964 0.006446
Result 0.984273 0.006772 0.008955
RMSE 0.003766 0.002049 0.001794
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7.2. Real-Time Conflict Risk Assessment. Real-time assess-
ments of vehicle conflict risk points on urban expressways
may provide effective and intuitive urban expressway traffic
safety risk points for traffic management departments in real
time, facilitate police force distribution and road traffic
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Figure 12: Proportion of each index of closed curve section.

Table 5: Proportion of each index of vehicle entry section.

(E31) (E32) (E33)
Test1 0.121438 0.766066 0.121438
Test2 0.208209 0.679298 0.112493
Test3 0.221088 0.678273 0.100639
Result 0.183578 0.707879 0.111523
RMSE 0.044253 0.041146 0.008518
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Figure 13: Proportion of each index of vehicle entry section.

Table 6: Evaluation results of vehicles leaving the road section.

(E41) (E42) (E43)
Test1 0.133483 0.743416 0.123100
Test2 0.209290 0.683447 0.107264
Test3 0.225745 0.666353 0.107902
Result 0.189506 0.697738 0.112755
RMSE 0.040179 0.033044 0.007319
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Figure 14: Proportion of various indicators of vehicles leaving the
road section.
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Figure 15: Daily variation of vehicle conflict risk in partially closed
straight sections.
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Figure 16: Daily variation of vehicle conflict risk in closed curve
sections.
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control, and ultimately improve the traffic safety service level
of urban expressways.

In the closed straight section at the north end of the
Second Ring Expressway in Chengdu city, the coordinates
and risk levels of road traffic safety risks were mostly
concentrated in the locations with large vehicle speed and
large changes in acceleration and deceleration. Vehicle
conflict risk points and risk levels are shown in Figure 19.

In the closed curve section in the northeast of the Second
Ring Expressway in Chengdu city, the coordinates and risk
levels of road traffic safety risks were mostly concentrated in
positions where the curve curvature was large and vehicles
were about to enter the curve. Vehicle conflict risk points
and risk levels are shown in Figure 20.

In the northeast part of the second Ring Expressway in
Chengdu city, the coordinates and risk levels of traffic safety
risks were mostly concentrated near the center of the in-
tersection between the vehicle entrance and the trunk road.
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Figure 18: Daily variation of vehicle conflict risk in vehicle exit
section.
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Figure 17: Daily variation of vehicle conflict risk in vehicle inflow
section.
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Figure 19: Safety assessment of closed straight section.
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Figure 20: Safety assessment of closed curve section.
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Figure 21: Safety assessment of vehicle entry section and vehicle
exit section.
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Vehicle conflict risk points and risk levels are shown in
Figure 21.

In Chengdu city on expressway in the east and north
road, all of the coordinates of road traffic safety risk and risk
grade primarily concentrated in the straight sections of the
vehicle speed or speed rate larger flat road center position,
the bent section curvature maximum limit position, and
vehicle location near out of conflict. Vehicle conflict risk
points and risk levels are shown in Figure 22.

8. Conclusions

(1) -is article proposed an extraction and analysis
method of smartphone GPS data to obtain the real-
time vehicle movement behavior of an urban ex-
pressway. According to the vehicle behavior and
traffic characteristics of various sections of an urban
expressway, the evaluation index of vehicle conflict
behavior and the risk entropy evaluation model of
vehicle conflict on urban expressway were
constructed.

(2) Based on the GPS positioning data of smartphones of
ride-hailing drivers in Chengdu city, this study
evaluated the risk of vehicle conflict on the second
ring road in Chengdu city in real time and deter-
mined the risk points of vehicle conflict in the north
and east of the second ring expressway in Chengdu
city using the constructed evaluation index of vehicle
conflict behavior and the risk entropy evaluation
model of vehicle conflict.

(3) -e road traffic safety risk prediction system
constructed only considered relevant situations in
fast urban sections, and it is not applicable to
general urban roads or expressways. Future work
should include the influence of vehicle behavior
and road traffic safety on different types of roads
and sections as objectives. -e conclusions section
should clearly explain the main findings and

implications of the work, highlighting its impor-
tance and relevance.
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