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ABSTRACT The road traffic scenes are usually complex and the traffic video is vulnerable to external
factors such as light, weather, and obstructions. It is difficult to extract the traffic parameters and detect the
traffic anomaly exactly with the existing image processing and analysis technologies under such uncertainty
factors. Considering the advantages of the fuzzy theory in dealing with uncertain information, we use the
fuzzy theory to handle the complex issues in traffic video surveillance and put forward a traffic anomaly
detection algorithm. First, the fuzzy traffic flow is designed based on the virtual detection lines and the
fuzzy theory. Second, the fuzzy traffic density is designed based on the pixel statistics and the fuzzy
theory. Third, the target’s fuzzy motion state is designed based on the vehicle trajectory and the fuzzy
theory. Besides, the relevant membership functions for these traffic parameters are designed to perform
state evaluation. Finally, the traffic anomaly detection algorithm is designed based on above-mentioned
fuzzy traffic parameters and fuzzy control rules. The experimental results show that the algorithm proposed
performs well in road anomaly detection.

INDEX TERMS Fuzzy traffic parameters, traffic anomaly detection, fuzzy theory, video.

I. INTRODUCTION
With the development of traffic and video surveillance tech-
nologies, traffic management systems based on video surveil-
lance have become widely used in traffic management. In the
intelligent processing of traffic information, the detection and
recognition of traffic anomalies such as anchoring, traffic
congestion, traffic accidents and illegal driving have attracted
the attention of many researchers due to its importance in
traffic management. However, because of the complexity
of traffic scenes, traffic surveillance video is vulnerable to
external factors such as light, weather and obstructions. The
limitations of existing image processing and analysis tech-
nologies make the traffic parameters (traffic flow, traffic den-
sity, vehicle trajectory, speed, etc.) based on traffic video very
uncertain. As a result, currently it is very challenging to obtain
high accuracy of the traffic anomaly detection by means of
traffic parameters.

Considering the large amount of uncertain information
existing in traffic surveillance video and the advantage
of fuzzy theory in dealing with uncertain information,

we propose a traffic anomaly detection algorithm for straight
roads based on fuzzy theory. Our main contributions are as
follows.

a) The fuzzy traffic flow is proposed. Traffic flow reflects
the current traffic conditions and can be used to detect
traffic anomalies. The traffic flow based on the vir-
tual detection lines is obtained first and then member-
ship functions are designed to obtain the fuzzy traffic
flow.

b) The fuzzy traffic density is proposed. Traffic density
reflects the current traffic intensity, which is very help-
ful for traffic anomaly detection. The traffic density
based on the virtual detection lines is obtained first and
then membership functions are designed to obtain the
fuzzy traffic density.

c) The target’s fuzzy motion state is proposed. Since
our goal is detecting traffic anomalies, the target’s
fuzzy motion state is crucial. The target’s trajectory
is represented first and then membership functions are
designed to obtain the target’s fuzzy motion state.
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d) The traffic anomaly detection algorithm is proposed.
The proposed algorithm detects traffic anomalies by
using the above-mentioned fuzzy traffic parameters and
some designed fuzzy control rules. It can effectively
detect traffic congestion and abnormal moving targets.

II. RELEVANT WORK
In recent years, the development of traffic surveillance video
technology and its exuberant practical needs have attracted
many researchers to conduct in-depth research on traffic
anomaly detection. Seenouvong et al. [1] proposed a vehicle
vision counting algorithm based on computer vision, which
had high counting accuracy and improved the accuracy of
traffic monitoring. Nowosielski et al. [2] proposed a new
vehicle trajectory pattern recognition algorithm based on
the Camshift algorithm, which can accurately analyze and
identify the illegal parking or illegal turning of vehicles.
Lin and Hsu [3] proposed the Superpixel tracking algorithm
and vehicle trajectory analysis technology and applied them
to crossroad traffic monitoring. Hai-Feng et al. [4] pro-
posed a system for judging whether vehicles are retrograde
and overspeed by detecting and tracking vehicle trajectories.
Li et al. [5] used the method of extracting feature points to
detect and analyze traffic anomalies with improved accuracy.
Tan et al. [6] developed the sparse optical flow method to
detect traffic anomalies such as retrograde and crossing roads.
Ning et al. [7] jointly integrated various traffic information in
anomalies analysis procedure, and it helped to achieve better
applicability. Tageldin and Sayed [11] solved the problem of
the collision of people and vehicles in highly congested traffic
conditions, by virtue of judging the traffic situation through
the distance between targets on the road within a certain
time. Zhiyong et al. [8] successfully detect traffic incident
of expressway scene by employing fuzzy logic by combining
fuzzy logic and improved incremental comparison algorithms
in their model. The model analyzes events by extracting
vehicle speed and traffic flow information, but the premise
of the model detection has certain limitations due to the
complexity of traffic conditions. Liu et al. [9] used the GPS
data of a city taxi, including trajectory and speed, to detect
traffic congestion on urban roads. Although the accuracy
of this GPS-based method is high, it has the disadvantage
of high cost, which constrained its application. To address
these issues, a new algorithm which integrates more traffic
parameters is proposed in this paper. The proposed algorithm
can not only detect traffic anomalies more accurately and
meticulously, but also be effective to different situations.

III. TRAFFIC ANOMALY DETECTION ALGORITHM
A. THE FRAMEWORK OF THE ALGORITHM
Traffic scenes are often complex and diverse. In a traffic
scene, there are areas unrelated to traffic, such as roadside
trees and blue sky. In order to reduce these areas’ impact on
traffic information parameters and improve real-time perfor-
mance, a trapezoidal area for traffic detection operations in
traffic scene is delineate. The area is denoted asA. The shaded

FIGURE 1. Anomaly detection area in traffic scene.

area in Fig.1 is the anomaly detection area A, and the upper
left corner of the traffic scene is set as the coordinate origin O.

The overall framework of our algorithm is shown in Fig.2.

FIGURE 2. Framework of the traffic anomaly detection algorithm.

B. FUZZY TRAFFIC FLOW
The traffic flow reflects the current traffic conditions and can
be used to detect traffic anomalies. Therefore, a new fuzzy
traffic flow is designed in our work. The algorithm to obtain
the fuzzy traffic flow is described in detail as follows.

Assuming that there are N lanes in a road, the unit time for
statistics is T . Unk (n ∈ [1,N ]) is the number of vehicles of
the nth lane in the k th unit time. In order to obtain the number
of vehicles in each lane, a vehicle statistics method based
on virtual detection lines is designed in this paper. Firstly,
the foreground object information is acquired by using the
Mixture of Gaussians (MOG) and background subtraction.
Then, in the foreground detection area A, a virtual detection
line is set for each lane. When a vehicle passes the detection
line,Unk will increase by 1. Then, the sum of vehicles on each
lane in the k th unit time denoted as traffic flow αk , and it can
be obtained as Eq.1.

αk =

N∑
n=1

Unk (1)

The Gaussian distribution model of traffic flow can be
built for normal traffic in the period of K units of time.
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Its expectation µ and variance σ 2 are given as follows.

µ =
1
K

K∑
k=1

αk (2)

σ 2
=

1
K

K∑
k=1

(αk − µ)2 (3)

Subsequently, the traffic flow is analyzed according to the
3σ principles [13] and fuzzy logic. The 3σ principles are
shown as follows.

P(µ− σ < αk ≤ µ+ σ ) = 68.3%
P(µ− 2σ < αk ≤ µ+ 2σ ) = 95.4%
P(µ− 3σ < αk ≤ µ+ 3σ ) = 99.7%

(4)

Fuzzy sets L, M and H are used to represent the three
states of the fuzzy traffic flowwhich are low, normal and high
respectively. According to the 3σ principles, the membership
functions of L, M and H shown in Eq.5-Eq.7 are designed.
The membership function diagram is shown in Fig.3.

fL(αk ) =


1, 0 ≤ αk < µ− 2σ

−
αk

σ
+
µ

σ
− 1, µ− 2σ ≤ αk ≤ µ− σ

0, else

(5)

fM (αk ) =



αk

σ
−
µ

σ
+ 2, µ− 2σ ≤ αk < u− σ

1, µ− σ ≤ αk < µ+ σ

−
αk

σ
+
µ

σ
+ 2, µ+ σ ≤ αk ≤ µ+ 2σ

0, else

(6)

fH (αk ) =


1, µ+ 2σ ≤ αk
αk

σ
−
µ

σ
− 1, µ+ σ ≤ αk < µ+ 2σ

0, else

(7)

FIGURE 3. The membership function diagram of the fuzzy traffic flow.

From Eq.5 and Fig.3, it can be seen that the larger
fL(αk ), αk is more likely to be in L. If αk < µ − 2σ ,
αk belongs to L. If αk ∈ (µ − 2σ,µ − σ ), αk belongs to
the critical state between L and M .
From Eq.6 and Fig.3, it can be seen that the larger fM (αk ),

αk is more likely to be in M . If αk ∈ (µ − 2σ,µ − σ ),
αk belongs to the critical state between L and M . If αk ∈
(µ − σ,µ + σ ), αk belongs to M . If αk ∈ (µ + σ,µ + 2σ ),
αk belongs to the critical state between M and H .

From Eq.7 and Fig.3, it can be seen that the larger
fH (αk ), αk is more likely to be in H . If αk ∈ (µ+σ,µ+2σ ),
αk belongs to the critical state between M and H . If αk >
µ+ 2σ , αk belongs to H .

C. FUZZY TRAFFIC DENSITY
The traffic density reflects the current traffic intensity, which
is very helpful for traffic anomaly detection. Therefore, a new
fuzzy traffic density is designed in our work. The algorithm
to obtain the fuzzy traffic density is described in detail as
follows.

In order to obtain the density of vehicles, a traffic density
detection method based on statistics of pixel is designed.
The algorithm binarizes the foreground image obtained by
modeling a Gaussian mixture. Then the value of any pixel Pi
is Xi (Xi = 0 or 1), the value of the pixels that make up the
moving target is Xi = 1. Assuming that the number of pixels
in the anomaly detection area A is αpix and the traffic density
is ρpix . Then the traffic density ρpix is obtained by using the
following formula.

ρpix =

∑
Xi

apix
(8)

where Xi is a pixel’s value in A.
Since the traffic density ρpix of the k th unit time can be

obtained according to Eq.8, we also use Gaussian distribution
to measure traffic density.

Fuzzy sets S, U and V are used to represent the three
states of the fuzzy traffic density which are sparse, normal
and dense. Then the membership functions of S, U and V
shown as Eq.9-Eq.11 are designed. In Eq.9-Eq.11, ρ1 and ρ2
is the critical value between S and U , ρ3 and ρ4 is the critical
value between U and V . The membership functions diagram
is shown in Fig.4.

fS (ρpix) =


1, 0 ≤ ρpix < ρ1
ρpix

ρ1 − ρ2
+

1
ρ2 − ρ1

, ρ1 ≤ ρpix ≤ ρ2

0, else

(9)

fU (ρpix) =



ρpix

ρ2 − ρ1
+

ρ1

ρ1 − ρ2
, ρ1 ≤ ρpix < ρ2

1, ρ2 ≤ ρpix < ρ3
ρpix

ρ3 − ρ4
+

ρ4

ρ4 − ρ3
, ρ3 ≤ ρpix ≤ ρ4

0, else

(10)

fV (ρpix) =


1, 0 ≤ ρpix < ρ1
ρpix

ρ4 − ρ3
+

ρ3

ρ3 − ρ4
, ρ3 ≤ ρpix ≤ ρ4

0, else

(11)

From Eq.9 and Fig.4, it can be seen that the larger fS (ρpix)
is, ρpix is more likely to be in S. If ρpix ∈ (0, ρ1), then ρpix
belongs to S. If ρpix ∈ (ρ1, ρ2), then ρpix belongs to the
critical state between S and U .

From Eq.10 and Fig.4, it can be seen that the larger
fU (ρpix) is, ρpix is more likely to be in U . If ρpix ∈ (ρ1, ρ2),
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FIGURE 4. The membership functions of the fuzzy traffic density.

then ρpix belongs to the critical state between S and U .
If ρpix ∈ (ρ2, ρ3), then ρpix belongs to U . If ρpix ∈ (ρ3, ρ4),
then ρpix belongs to the critical state between U and V .
From Eq.11 and Fig.4, it can be seen that the larger

fV (ρpix) is, ρpix is more likely to be in V . If ρpix ∈
(ρ3, ρ4), then ρpix belongs to the critical state between
U and V . If ρpix ∈ (ρ4, 1), then ρpix belongs to V .

D. FUZZY MOTION STATE
When the traffic anomaly is detected, the trajectory of the
target vehicle is in a changing state at each moment. It is
difficult to define the motion state of the target vehicle by
quantitatively outputting the displacement distance and the
vector direction. Therefore, we design a new fuzzy motion
state to measure the motion state of the moving target.

1) DISPLACEMENT VECTOR OF VEHICLES
In this paper, the trajectory of the target vehicle is obtained
by extracting and tracking the target. In the normal traffic
situation, assuming that the time of the target vehicle Obj
passes through the detection area A is 1t . The trajectory of
Obj in A can be described by its set of positions on each frame
in the video, that is

TrajObj = {p1, p2, · · · , pm}

= {(x1, y1), (x2, y2), · · · , (xm, ym)} (12)

Where (x1, y1) is the starting point, and (xm, ym) is the
ending point. For ease of calculation, the displacement vector
from the starting point to the end point is used to approximate
the trajectory of the target.

−−−→
P1Pm =

−−→
OPm −

−−→
OP1 (13)

Where
−−→
OP1 is the vector from the origin O to P1, and

−−→
OPm

is the vector from the origin O to Pm. Assuming xs and ys
are the displacement component of the target Obj in different
directions x and y, that are:{

xs = xm − x1
ys = ym − y1

(14)

According to the actual traffic situation, when xs 6= 0,
there is movement in the x direction, it may be cases that
the vehicle normally changes lanes or a pedestrian/vehicle

crosses the road. And when ys 6= 0, it is indicated that there
is movement in the y direction, it may result from normal
driving or reverse driving.
Since there is a limitation in the range of the slope expres-

sion in a Cartesian coordinate system, the direction of the
displacement vector

−−−→
P1Pm is analyzed by using the angle θ

between the x-axis and
−−−→
P1Pm. Assuming that r is the modulus

value. θ and r can be calculated by Eq.15 and Eq.16.

θ =



arctan(
ys
xs
)+ π, xs < 0, ys 6= 0

arctan(
ys
xs
)+ 2π, xs > 0, ys < 0

arctan(
ys
xs
), xs > 0, ys > 0

0, xs = 0, ys = 0
π

2
, xs = 0, ys > 0

3π
2
, xs = 0, ys < 0

(15)

r =
√
x2s + y2s (16)

The lower boundary of A is y = L, and the direction of the
traffic flow is along the positive direction of y-axis, the direc-
tion discussed in this paper is based on the straight direction.
When ym > L, it means that the target is driving or has been
driven out of the detection area. Otherwise, it means that the
target fails to exit the detection area normally.

2) FUZZY MOTION STATE
The fuzzy motion state motθ of the moving target Obj is in
the following 4 situations: cross the road to the right(short
for Ra), drive normally(short for Nm), cross the road to the
left(short for La) and retrograde(short for Re). In other words,
the fuzzy sets of the motion state of the target are Ra, Nm, La
and Re. The corresponding membership functions are shown
as follows.

fRa(θ ) =



√
3
2

tan θ +
3
2
,

5π
3
< θ <

11π
6

1,
11π
6
≤ θ < 2π or 0 ≤ θ ≤

π

6

−

√
3
2

tan θ +
3
2
,

π

6
< θ <

π

3
0, else

(17)

fNm(θ ) =



√
3
2

tan θ −
1
2
,

π

6
< θ <

π

3

1,
π

3
≤ θ ≤

2π
3

−

√
3
2

tan θ −
1
2
,

2π
3
< θ <

5π
6

0, else

(18)
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fLa(θ ) =



√
3
2

tan θ +
3
2
,

2π
3
< θ <

5π
6

1,
5π
6
≤ θ ≤

7π
6

−

√
3
2

tan θ +
3
2
,

7π
6
< θ <

4π
3

0, else

(19)

fRe(θ ) =



√
3
2

tan θ −
1
2
,

7π
6
< θ <

4π
3

1,
4π
3
≤ θ ≤

5π
3

−

√
3
2

tan θ −
1
2
,

5π
3
< θ <

11π
6

0, else

(20)

From Eq.17 it can be seen that the larger fRa(θ ) is,
the greater the degree to which motθ belongs to Ra.
If 11π /6≤θ<2π or 0≤θ≤π /6, then motθ belongs to Ra.
If π /6<θ<π /3, then motθ belongs to the critical state of Ra
and Nm. If 5π /3<θ<11π /6, then motθ belongs to the critical
state of Ra and Re.
From Eq.18 it can be seen that the larger fNm(θ ) is, the

greater the degree to whichmotθ belongs toNm. If π /3≤ θ ≤
2π /3, then motθ belongs to Nm. If π /6<θ<π /3, then motθ
belongs to the critical state of Nm and Ra. If 2π /3<θ<5π /6,
then motθ belongs to the critical state of Nm and La.
From Eq.19 it can be seen that the larger fLa(θ ) is,

the greater the degree to which motθ belongs to La.
If 5π /6≤θ≤7π /6, thenmotθ belongs to La.If 2π /3<θ<5π /6,
then motθ belongs to the critical state of La and Nm.
If 7π /6<θ<4π /3, then motθ belongs to the critical state of
La and Re.

From Eq.20 it can be seen that the larger fRe(θ ) is,
the greater the degree to which motθ belongs to Re.
If 4π /3≤θ≤5π /3, thenmotθ belongs toRe. If 7π /6<θ<4π /3,
then motθ belongs to the critical state of Re and La.
If 5π /3<θ<11π /6, then motθ belongs to the critical state of
Re and Ra.

E. TRAFFIC ANOMALY DETECTION
1) TRAFFIC CONGESTION DETECTION
In this paper, fuzzy traffic flow and fuzzy traffic density
are used as two input parameters for traffic congestion
fuzzy logic reasoning. The traffic condition output variable
obtained by fuzzy logic inference is η. And we fuzz η to
fuzzy sets Nc, Sc, Hc. The meanings of each fuzzy values
are as follows: normal traffic(short for Nc), slight traffic con-
gestion(short for Sc), heavy traffic congestion (short for Hc).
And the relationship between the fuzzy traffic flow, the fuzzy
traffic density and the output variable η is determined by
the following fuzzy control rules which are obtained through
experience and experiments.

From Fig.3 and Fig.4, we can see that each αk and ρpix
corresponding to the membership functions and either of
them will result in no more than two simultaneous non-zero
outputs of membership functions. The following discussion

is made on the case where αk and ρpix both belongs to two
possible fuzzy sets.E

α1, α2 ∈ {L,M ,H}, αk belongs to two possible fuzzy
sets α1 and α2, and fα1(αk ) 6= 0, fα2(αk ) 6= 0.E

ρ1, ρ2 ∈ {S,U ,V }, ρpix belongs to two possible fuzzy
sets ρ1 and ρ2, and fρ1(ρpix) 6= 0, fρ2(ρpix) 6= 0.

¬ If αk ∈ α1, and ρpix ∈ ρ1, then η is η11
­ If αk ∈ α1, and ρpix ∈ ρ2, then η is η12
® If αk ∈ α2, and ρpix ∈ ρ1, then η is η21
¯ If αk ∈ α2, and ρpix ∈ ρ2, then η is η22
fη11 is the membership function of the output of α1 and

ρ1 in Table 1. Analogously, fη12, fη21 and fη22 can be given,
where η11, η12, η21, η22 ∈ {Nc, Sc,Hc}.

Because the fuzzy control rules connect the two conditions
to ‘‘and,’’ we use the minimum method to determine the
membership functions of the four rules, as below:

fη11(η) = min{fα1(αk ), fρ1(ρpix)}

fη12(η) = min{fα1(αk ), fρ2(ρpix)}

fη21(η) = min{fα2(αk ), fρ1(ρpix)}

fη22(η) = min{fα2(αk ), fρ2(ρpix)} (21)

Finally, we defuzzify the output η. According to the
attribute of η and Table 1, we group fη11, fη12, fη21, fη22 into
set fNc, fSc, fHc and take the maximum value fi of fNc, fSc, fHc.
Set the road congestion coefficient to C(C ∈ [0, 1]). wi is the
weight of fi and the defuzzified output is calculated by Eq.22.

C =

∑
fi × wi∑
fi

(22)

TABLE 1. Fuzzy control rules of traffic congestion detection.

We use the calculated congestion coefficient C to deter-
mine that the actual traffic condition corresponds to the spe-
cific fuzzy value in η.

2) ABNORMAL DRIVING DETECTION
After the congestion coefficient C is obtained, it is used as a
screening condition for anomaly detection of moving targets.
Let the straight track set ls = {Nm,Re}, cross track set
la = {Ra,La}. If the motion state belongs to both ls and la,
we determine its motion state by the following equation.

pro =
λ× C × fs
(1-C)× fa

(23)

where fs, fa respectively correspond to the membership func-
tion of the fuzzy motion state in ls, la. And λ is the propor-
tional coefficient.
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When pro≥1, then motθ is the corresponding motion state
in ls. When the congestion coefficient is high, the traffic
conditions at this time tend to be congested. So the probability
of occurrence of the motion state in la will be reduced. That
is to say, the closer pro is to infinity, the greater the degree of
motion state belonging to ls.
When pro<1, then motθ is the corresponding motion state

in la. When the congestion coefficient is low, the traffic
conditions at this time tend to be normal. So the effect of
congestion on detecting the motion state in la will be reduced.
That is to say, the closer prois to zero, the greater the degree
of motion state belonging to la.
Finally, we detect whether the trajectory of the moving

target is abnormal by the fuzzy control rules shown in Table 2.

TABLE 2. Fuzzy control rules of vehicle abnormal driving detection.

F. STEPS
In summary, the traffic anomaly detection algorithm on the
straight road in this paper is as follows:
Step 1: According to Eq.2 and Eq.3, we calculate the

expected value µ and the variance σ 2 to train the initial
Gaussian distribution model.
Step 2:Use the fuzzy traffic flow detection algorithm based

on virtual detection lines and relatedmembership functions to
obtain the fuzzy traffic flow.
Step 3: Based on binarized foreground likelihood, fuzzy

density parameter is obtained by Eq.8 and related member-
ship functions.
Step 4: According to Eq.15, the vehicle trajectory repre-

sentation method based on the virtual coordinate system is
used to obtain the target’s fuzzy motion state.
Step 5: Use fuzzy traffic parameters obtained in step 2-

step 4 and fuzzy control rules to detect traffic anomalies.

IV. EXPERIMENTAL SETTINGS
In this paper, we use the one-way traffic video sequence
SNA2014-Nomal recorded by us as experimental data to
train the initial Gaussian distribution model and verify the
algorithm by experimenting with different video scenes with
video numbers 1 to 3. The relevant information of the
SNA2014-Nomal video is shown in Table 3. The initial
Gaussian distribution is shown in Fig.5.

In order to better demonstrate the applicability of the pro-
posed algorithm, video sequences from three different scenes
are utilized to experimentally verify the traffic anomaly
detection. And we do experiments on the following three
scenes.

TABLE 3. Training video SNA2014-Nomal’s vehicle information.

FIGURE 5. Initial Gaussian distribution.

A. SCENE 1
As shown in Fig.6, the traffic environment in Scene 1 is
normal, but there are a number of traffic anomalies, such as
retrograde and crossing the road.

FIGURE 6. The normal and abnormal traffic screenshot in Scene 1.
(a) Normal traffic. (b) Retrograde. (c) Cross the road to the left. (d) Cross
the road to the right.

B. SCENE 2
As shown in Fig.7, there are multiple traffic congestion in
Scene 2.

C. SCENE 3
The traffic conditions of Scene 3 are more complex. There are
roads to different directions in front of the lane, where there
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FIGURE 7. The normal and abnormal traffic screenshot in Scene 2.
(a) Slight traffic congestion. (b) Heavy traffic congestion.

FIGURE 8. The normal and abnormal traffic screenshot in Scene 3.

are many vehicles selecting lanes. Because the road is in the
sun, changes in shadows and light also affect the detection.

The performance of the algorithm is evaluated with the
accuracy rate (AR) and the false detection rate (FDR), which
given by

AR =
Correct detected abnormal events

Actual abnormal events
× 100% (24)

FDR =
False detected events
Total detected events

× 100% (25)

where false detected events include both error detected events
and missed detected events.

According to definition in Eq.24 and Eq.25, it can be
understood that larger AR or smaller FDRmeans higher accu-
racy of our algorithm for detecting traffic anomaly events.

V. EXPERIMENTAL RESULTS AND ANALYSIS
We did experiments on the video sequences of the three
scenes described above, and performed statistics and analysis
on the experimental results, as shown in Table 4. Herein, Cr,
Re, Sc and Hc stand for crossing, retrograde, slight conges-
tion, and heavy congestion, respectively.

TABLE 4. Total detected traffic abnormal events in Scenes 1–3.

And in the experiment, the detection of traffic conditions
is conducted for every 125 frames. Table 5 shows the total
detected events in Scene 1-3.

TABLE 5. Total detected events in Scenes 1–3.

TABLE 6. Correct detected and actual abnormal events.

Then we compare the detection results with the actual
situation and obtain Table 6, where N_correct and N_actual
mean the correct detected and actual abnormal events, respec-
tively. From Table 6, it can be seen that the correct detected
and actual abnormal events show good agreement, which can
demonstrate the validity of our algorithm.

Furthermore, based on the results in Table 4, Table 5 and
Table 6, AR and FDR are calculated with Eq.24 and Eq.25 to
measure the performance of our algorithm. The results are
shown in Table 7.

TABLE 7. Accuracy rate and false detection rate results in Scenes 1 - 3.

The results in Scene 1 show that our algorithm detected up
to 100% events of interest in retrograde, slight congestion and
severe congestion. The detection accuracy in crossing is also
very high. This means that in the less complex traffic envi-
ronment, our algorithm shows excellent accuracy in detecting
traffic anomalies.

The accuracy of the proposed method is gradually lowered
down when it goes to Scenes 2 and Scene 3 is significantly
lower than that in Scene 1. This is because the clustering of
the moving targets in the binary map will inevitably occur,
when there are a lot of vehicles on the road and the traffic
is in a congested state. Most systems will detect the aggre-
gated multiple cars as one car, causing a decrease in traffic
flow and interfering with the judgment of traffic conditions.
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The innovation of our algorithm lies in the combination of
traffic flow and traffic density. When the obtained traffic flow
does not match the current traffic density level, the system
will make comprehensive judgments according to the degree
of match, which can effectively reduce the false detection
rate. The experimental results in Scene 2 and Scene 3 show
that our system also has false detection, but the false detection
rate is relatively low.

In addition, in terms of detection of slight congestion, the
average accuracy rate reaches 93.4%. The average accuracy
rate in detecting heavy congestion is 72.2%. What’s more,
the average false detection rate of our algorithm in the four
abnormal conditions is less than 3%, which also shows that
our algorithm is quite robust in complex traffic conditions.

VI. CONCLUSION
In order to deal with a large amount of uncertainty informa-
tion in traffic video surveillance, a traffic anomaly detection
algorithm based on fuzzy theory is proposed. The algorithm
uses fuzzy theory to fusemultiple traffic anomaly information
to accurately detect traffic anomalies and solves the problem
that it is difficult to deal with uncertainty information using
deterministic theory and methods. And it makes up for the
lack of high false detection rate and poor stability of single
traffic information detection. Finally, experiments show that
the algorithm proposed in this paper can accurately detect the
traffic anomaly. It has high accuracy rate and strong robust-
ness. It adds a new method for traffic abnormal intelligence
detection.

REFERENCES
[1] N. Seenouvong, U. Watchareeruetai, C. Nuthong, K. Khongsomboon, and

N. Ohnishi, ‘‘A computer vision based vehicle detection and counting
system,’’ in Proc. IEEE Int. Conf. Knowl. Smart Technol., Feb. 2016,
pp. 224–227.

[2] A. Nowosielski, D. Frejlichowski, P. Forczmanski, K. Gosciewska, and
R. Hofman, ‘‘Automatic analysis of vehicle trajectory applied to visual
surveillance,’’ in Proc. Image Process. Commun. Challenges, 2016,
pp. 89–96.

[3] D.-T. Lin and C.-H. Hsu, ‘‘Crossroad traffic surveillance using superpixel
tracking and vehicle trajectory analysis,’’ in Proc. IEEE Int. Conf. Pattern
Recognit., Aug. 2014, pp. 2251–2256.

[4] S. Hai-Feng, W. Hui, and W. Dan-Yang, ‘‘Vehicle abnormal behav-
ior detection system based on video,’’ in Proc. IEEE Comput. Intell.
Design (ISCID), Oct. 2012, pp. 132–135.

[5] Y. Li, W. Liu, and Q. Huang, ‘‘Traffic anomaly detection based on
image descriptor in videos,’’ Multimedia Tools Appl., vol. 75, no. 5,
pp. 2487–2505, 2016.

[6] H. Tan, Y. Zhai, Y. Liu, and M. Zhang, ‘‘Fast anomaly detection in traffic
surveillance video based on robust sparse optical flow,’’ in Proc. IEEE Int.
Conf. Acoust., Mar. 2016, pp. 1976–1980.

[7] L. Ning, L. Gang, R. C. Xie, and Y. Hang, ‘‘Study on vehicle driving state
estimation based on multiple information fusion,’’ Comput. Simul., no. 12,
pp. 125–130, 2015.

[8] Y. Zhiyong, M. Hongwei, and C. Xiaoping, ‘‘Freeway incident detection
algorithm based on fuzzy logic,’’ J. ChongQingUniv., Natural Sci., vol. 32,
no. 6, pp. 1247–1251, 2013.

[9] S. Liu, Y. Liu, L. Ni, M. Li, and J. Fan, ‘‘Detecting crowdedness
spot in city transportation,’’ IEEE Trans. Veh. Technol., vol. 62, no. 4,
pp. 1527–1539, May 2013.

[10] S. Nadarajah, ‘‘A generalized normal distribution,’’ J. Appl. Stat., vol. 32,
no. 7, pp. 685–694, 2005.

[11] A. Tageldin and T. Sayed, ‘‘Developing evasive action-based indicators
for identifying pedestrian conflicts in less organized traffic environments,’’
J. Adv. Transp., vol. 50, no. 6, pp. 1193–1208, 2016.

YANSHAN LI received the M.Sc. degree from the
Zhejiang University of Technology in 2005 and
the Ph.D. degree from the South China University
of Technology, China, in 2015. He is currently
an Associate Professor with the ATR National
Key Laboratory of Defense Technology, Shenzhen
University, China. His research interests cover
computer vision, machine learning, and image
analysis.

TIANYU GUO is currently pursuing the B.E.
degree in information and engineering with
Shenzhen University, Shenzhen, China. He is a
member of the ATR National Key Laboratory of
Defense Technology, Shenzhen University. His
research interests include intelligent information
processing, machine learning, video processing,
and activity recognition.

RONGJIE XIA received the B.E. degree in
information and engineering from Shenzhen
University, Shenzhen, China, in 2017, where he
is currently pursuing the M.S. degree in signal and
information processingwith theATRNational Key
Laboratory of Defense Technology. His research
interests include intelligent information process-
ing, video processing, and pattern recognition.

WEIXIN XIE received the degree from Xidian
University, Xi’an. He was a Faculty Member with
Xidian University in 1965. From 1981 to 1983,
he was a Visiting Scholar at the University of
Pennsylvania, USA. In 1989, he was a Visiting
Professor with the University of Pennsylvania.
He is currently with the School of Informa-
tion Engineering, Shenzhen University, China. His
research interests include intelligent information
processing, fuzzy information processing, image
processing, and pattern recognition.

40288 VOLUME 6, 2018


	INTRODUCTION
	RELEVANT WORK
	TRAFFIC ANOMALY DETECTION ALGORITHM
	THE FRAMEWORK OF THE ALGORITHM
	FUZZY TRAFFIC FLOW
	FUZZY TRAFFIC DENSITY
	FUZZY MOTION STATE
	DISPLACEMENT VECTOR OF VEHICLES
	FUZZY MOTION STATE

	TRAFFIC ANOMALY DETECTION
	TRAFFIC CONGESTION DETECTION
	ABNORMAL DRIVING DETECTION

	STEPS

	EXPERIMENTAL SETTINGS
	SCENE 1
	SCENE 2
	SCENE 3

	EXPERIMENTAL RESULTS AND ANALYSIS
	CONCLUSION
	REFERENCES
	Biographies
	YANSHAN LI
	TIANYU GUO
	RONGJIE XIA
	WEIXIN XIE


