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Abnormal behaviour detection algorithm needs to conduct behaviour analysis on the basis of continuous video inclination
tracking, and the robustness of the algorithm is reduced for the occlusion of moving targets, the occlusion of the environment, and
the movement of targets with the same colour. For this reason, the optical flow information between RGB (red, green, and blue)
images and video frames is used as the input of the network in view of group behaviour.'en, the direction, velocity, acceleration,
and energy of the crowd were weighted and fused into a global optical flow descriptor. At the same time, the crowd trajectory map
is extracted from the original image of a single frame. Following, in order to realize the detection of large displacement moving
target and solve the problem that the traditional optical flow algorithm is only suitable for the detection of displacement moving
target, a video abnormal behaviour detection algorithm based on the double-flow convolutional neural network is proposed. 'e
network uses two network branches to learn spatial dimension information and temporal dimension information, respectively,
and uses short- and long-time neural network to model the dependency relationship between long-time video frames, so as to
obtain the final behaviour classification results. Simulation test results show that the proposed method can achieve good rec-
ognition effect on multiple datasets, and the performance of abnormal behaviour detection can be significantly improved by using
interframe motion information.

1. Introduction

Abnormal behaviour detection is one of the important and
challenging research hotspots, which is based on the basis of
video image processing such as scene understanding and
visual target tracking [1, 2]. For a specified video or sur-
veillance image sequence, abnormal crowd behaviour de-
tection is to extract specific information representing the
abnormal behaviour of the crowd in the video sequence,
such as population density and group behaviour charac-
teristics, and perform classification [3–5]. Detecting ab-
normal crowd behaviours plays a very important role in the
field of computer vision [6–8].

Extracting useful information from massive surveillance
videos and detecting abnormal behaviours and events in the
video require a large number of workers to keep a high

degree of attention on the surveillance pictures for a long
time [9–11]. However, relying solely on manual detection
methods can easily lead to false alarms andmissed detections
[12]. 'erefore, how to extract useful information from
massive surveillance videos and improve the recognition
accuracy of emergencies and abnormal behaviours has a
wide range of economic and application value in the field of
security and social safety [13–16]. Abnormal behaviour
detection refers to the initial frame that can classify the event
and find the abnormal behaviour in time when there is an
abnormality in a video. In order to effectively distinguish the
normal events and abnormal events in the video, it is
necessary to extract the relevant features from the video
sequence and classify them. In traditional feature extraction
methods, researchers often use temporal and spatial features,
such as directional gradient histogram feature, optical flow
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histogram feature, dynamic texture feature, and social force
model, to model the motion patterns of video targets. At
present, with the wide application and development of the
deep neural network in industry and academia, it has
achieved high accuracy and good effect in speech recogni-
tion, natural language processing, and computer vision.
'erefore, more and more fields begin to use deep neural
networks to solve the problem of abnormal behaviour de-
tection in video. Although these methods have achieved
good results, the abnormal behaviour detection algorithm
needs to conduct behaviour analysis on the basis of con-
tinuous video inclination tracking. For the occlusion of
moving target, the occlusion of environment, and the
movement of the same colour target, the robustness of the
current algorithm is reduced.

Based on above, this paper takes the optical flow in-
formation between RGB images and video frames as the
input of the network. 'en, the extracted crowd movement
direction, velocity, acceleration, and energy are weighted
and fused into a global optical flow descriptor. At the same
time, the motion trajectory map is extracted based on the
single-frame original image. After that, two network
branches are used to learn spatial and temporal information,
and long- and short-term neural networks are used to model
the dependence between long-term video frames, to obtain
the final behaviour classification results.

'e remainder of this paper is organized as follows.
Section 2 reviews the related work. Section 3 introduces the
proposed methods, including optical flow methods and two-
stream convolutional neural networks. Section 4 reports the
experiments and results. Section 5 concludes our work.

2. Related Works

Abnormal behaviour detection mainly includes feature ex-
traction, feature fusion, and behaviour classification. In the
process of feature extraction, people can select appropriate
manual extraction of low-level features and use the deep
learning method to extract high-level features based on low-
level features. 'e extracted features are then fused to form a
more complete spatiotemporal feature that represents a
moving target. Finally, according to the extracted features,
an appropriate classifier is designed to judge the behavioural
characteristics of the represented population and output the
correct behaviour detection results [17–19].

Mass detection methods can be divided into different
categories according to different standards. 'is article di-
vides the literature into three categories according to the
research purpose, such as group behaviour analysis, mass
behaviour analysis, and anomaly detection and location.'e
three types of population detection methods are described
below with detailed introduction.

2.1. Group Behaviour Analysis. Group behaviour analysis is
aimed at the group and analyses the behaviour by detecting
and tracking the group. In [20], template matching is used to
track individuals, and a Voronoi diagram is generated in
each frame. Use the Voronoi diagram to determine the time

evolution of some sociological and psychological parame-
ters, such as personal spatial distance. 'rough the analysis
of these parameters, the group is formed and divided into
normal or abnormal. In [21], a two-layer tracking target
method is proposed. 'e first layer tracks the active area
based on low-level operations and generates a set of features.
'e second layer uses a Bayesian network-based statistical
model to consistently label the detected fragments. In [22],
the feature histogram of each frame is extracted to express
their group connectivity and motion characteristics. 'en,
these features are extracted by using detection and tracking,
and the features are represented by bag of words. Finally,
SVM is trained to classify video clips for event recognition.

2.2.Mass BehaviourAnalysis. Mass behaviour analysis is the
first step in anomaly detection research, and anomaly de-
tection is inseparable from behaviour analysis. In [23], a
target detection method based on motion estimation is
proposed. In motion estimation, block matching, optical
flow, and Gabor filtering techniques are used to implement
the HS method. When the calculated stop time exceeds the
threshold, and the position is not where you normally want
to stop, the system will issue an alarm. In [24], a variant of
the counter flow detection for subway stations is proposed.
By filtering the obtained optical flow motion vector, the
noise of the motion trajectory construction is reduced, and
then the motion trajectory is used to detect the reverse flow.
In the literature [25], a method for detecting abnormalities
in dense mass is proposed. Firstly, optical flow is used to
track to obtain trajectories, and then trajectories that are
close to each other in space and have similar motion di-
rections are clustered. Finally, manually analyse the
movement and detect abnormalities. In [26], the feature-
tracking algorithm is used to count the moving mass. Track
the mass through the KLT algorithm, then use the con-
nection graph to combine these features, and count the
combined features to calculate the number of objects. 'e
literature [27] is an unsupervised method for detecting
independent movement in a mass. 'e feature tracker is
used to generate trajectories, and the unsupervised Bayesian
clustering method is used to cluster the trajectories, so that
each cluster corresponds to a different independent move-
ment in the mass. 'e purpose of the study is to detect
abnormal movements of individuals in low-density pop-
ulations. 'e literature [28] uses a set of particle trajectories
generated by optical flow to locate the region of interest in
the scene. Use the characteristic values and angles of par-
ticles to determine the behaviour types in crowded scenes. In
the literature [29], a method of tracking shallow particles to
avoid blockage was proposed to determine the abnormality
of the crowd. In the literature [30], a method of dividing
individuals in a group based on Bayesian is proposed. First, a
3D human bodymodel is used to extract the foreground, and
then the shape, height, camera model, head candidate,
foreground object, and other features of the person are
integrated into the Bayesian framework based on the
Markov chain Monte Carlo probability model. In [31], a
monitoring system was developed to estimate the degree of
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congestion in subway stations. 'rough the background
subtraction algorithm of Kalman filter, the neural network is
trained for foreground features. Moreover, integrate the
neural network into the fuzzy decision rules to get an overall
neurofuzzy classifier for judging the degree of congestion.

2.3. Anomaly Detection and Location. People pay more and
more attention to anomaly detection, and there are more
and more methods. In the literature [32], a method for
estimating sudden changes and abnormal motion changes
was proposed. First, generate a motion heat map to use as the
foreground of the video. 'en, use optical flow to detect
features and track them. Calculate a set of statistical mea-
sures and determine thresholds based on these measures to
make decisions. In the literature [33], the social force model
is used to detect and locate anomalies. 'e algorithm first
uses the optical flowmethod to extract the particle trajectory.
'en, use the social force model to calculate the force flow
for each pixel. Finally, based on a fixed threshold likelihood
estimation, normal and abnormal are marked. In the lit-
erature [34], the force field model is used to describe the
clustering behaviour with attributes such as direction, lo-
cation, and group size. 'e group attribute that appears
suddenly is marked as an abnormal event. In [35], an ab-
normal event detection for occluded scenes is proposed. 'e
algorithm first uses the average displacement method to
segment the video into regions and then uses the shape
matching method to match the model with the video seg-
ment. 'e literature [36] uses the principle of thermal
imaging to detect pedestrian posture in a mass. After
background subtraction and head detection, a number of
weak classifiers combined with the human body model are
used to detect abnormal poses. Model-based anomaly de-
tection methods [37–40] have received widespread attention
due to their high success rate. However, most of these
methods require learning and training and the model is
complex.

3. Abnormal Behaviour Detection Algorithm

3.1. Abnormal Behaviour Description and Algorithm
Framework. Normally, the direction and speed of crowds
are similar. However, when an abnormal event occurs,
people will run away quickly due to fear to avoid potential
danger. However, the abnormal behaviour of the crowd has
the characteristics of fast movement speed, sudden increase
in acceleration, and obvious concentration of movement in a
certain direction or balance in multiple directions, large
movement range, large pace, panic expression, and chaotic
trajectory. Among them, the calculation of characteristics
such as speed, acceleration, direction, and motion amplitude
is relatively simple and can be expressed by optical flow. 'e
extraction of features such as steps and expressions is more
complicated. In order to reduce the complexity of the
proposed method, this paper extracts the characteristics of
themoving target’s speed, acceleration, direction, movement

amplitude, and trajectory to detect abnormal crowd
behaviour.

Traditional abnormal behaviour detection algorithms
only use RGB images as the input of the network, without
considering the hidden motion information in the video
sequence. In order to overcome this problem, this paper
proposes a video abnormal behaviour detection algorithm
based on dual-stream convolutional neural network. 'e
algorithm first takes the optical flow information between
the RGB image and the video frame as the input of the
network. 'en, the extracted crowd movement direction,
velocity, acceleration, and energy are weighted and fused
into a global optical flow descriptor. At the same time, the
motion trajectory map is extracted based on the single frame
original image. Finally, the global optical flow descriptor and
trajectory map are input into DCNN to detect abnormal
crowd behaviour. 'e algorithm framework is shown in
Figure 1.

3.2. LK Optical Flow Algorithm. Optical flow is the instan-
taneous speed of the pixels observed by the moving object
from space to the imaging plane, which is caused by the
movement of the moving object itself, the movement of the
monitoring device, or the joint movement of the two. It uses
the correlation between time-domain pixels and the map-
ping between two adjacent frames to calculate the instan-
taneous velocity of the object between the current frame and
the previous frame.

'e optical flow method has good temporal and spatial
characteristics. It can detect independent moving objects in
the crowd under unknown prior information scenes and
accurately calculate their movement speed, so it can be used
to describe the movement information such as the speed and
direction of the moving target.

'e Lucas–Kanade (LK) optical flow algorithm is a two-
frame difference optical flow estimation algorithm. It was
proposed by Bruce D. Lucas and Takeo Kanade, so it is called
LK optical flow algorithm. Among them, the LK optical flow
algorithm only needs to specify a set of feature points with a
certain characteristic for tracking calculation, so it is rela-
tively stable and reliable.

'e LK algorithm originated in 1981 and was originally
used to find dense optical flow. After adding feature points, it
is often used to find sparse optical flow. 'e original two
basic assumptions did not have a good solution, so another
assumption, the “spatial consistency assumption,” was
added to solve this problem. Assuming that adjacent pixels
have similar motion, that is, in a certain area around the
target pixel, each pixel has the same optical flow vector.

'e optical flow in a neighbourhood is minimized by the
weighted sum of squares:

 λ2(a) Fa • α + Fb • β + Fc( . (1)

Among them, λ2(a) is the weight of the window, so that
the weight in the neighbourhood is larger than the sur-
rounding ones.
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'e specific steps of the algorithm are as follows:

(1) First, a Gaussian pyramid is established for each
frame. As the number of pyramid layers’ increases,
the resolution of the image gradually decreases.

(2) Calculate optical flow. Calculate continuously from
the top layer, by minimizing the error and calcu-
lating the optical flow in the top image:

Of �   F(a, b) − H a + wa, b + wb( ( 
2
. (2)

'e displacement of each layer is

wn �
w

2n. (3)

Among them, w is the displacement size of the
original image and n is the number of layers.

(3) 'e input of each layer of image is the output result
of the previous layer; connect it to the end, and
calculate the optical flow value of each layer in
sequence:

Of vn−1 � 2∗ Of vn + wn( . (4)

(4) It can be seen that the acquisition of the optical flow
value is the superposition of the optical flow vectors
of all layers.

(5) Calculate from top to bottom along the pyramid,
repeat the estimation operation, and get the optical
flow size of the bottom image as

Of v � Of v0 + w0( . (5)

'e schematic diagram visually shows the simple
implementation process of the LK optical flow algorithm, as
shown in Figure 2. 'e advantage of the pyramid LK optical
flow method is that the optical flow value calculated for each
time is relatively small, and the result is to amplify all the

values cumulatively. In this way, a smaller neighbourhood
window can handle larger pixel motions.

3.3. Trajectory Single-Frame Image Extraction. Optical flow
information represents the instantaneous information of
motion, while the trajectory contains continuous motion
information.When an emergency occurs, sudden changes in
speed, acceleration, direction, and energy caused by ab-
normal crowd behaviour can be represented by optical flow.
However, the chaotic and intersecting crowd movement
trajectories are easily overlooked. In order to improve the
performance of abnormal behaviour detection, this paper
considers adding motion trajectory information in a single-
frame image.

'e detection of crowd abnormal behaviour in medium-
and high-density places has problems such as intergroup
occlusion and small individual target size.'e use of Kalman
filtering and YOLO network are susceptible to pedestrian
occlusion or collision, which makes it impossible to obtain
complete individuals. 'e target further reduces the target
tracking performance, as shown in Figures 3(a) and 3(b). In
response to the above problems, this paper regards indi-
viduals as moving particles and uses the KLT feature point-
tracking algorithm to track the moving particles in the
group. In this paper, Harris corner extraction algorithm is
used in the KLT feature point-tracking algorithm to obtain
stable and reliable tracking performance. Different from the
traditional multitarget tracking algorithm, the proposed
algorithm comprehensively considers the problems of in-
tergroup occlusion and small individual target size and has a
better detection effect for crowded people with more serious
occlusion, as shown in Figure 3(c).

In normal group movement, pedestrians follow pedes-
trians with the same direction of travel in a self-organizing
manner; that is, the trajectories are similar. Moreover, be-
cause there is a safe distance between pedestrians, the tra-
jectories will not cross in a short time, as shown in
Figure 4(a). However, when an abnormal event occurs, the

Image/video input

Track single frame

RGB flow

Optical flow

Speed

Acceleration

Energy

Direction

Cyberspace flow

Network time flow

Convolutional layer
Fully connected layer

Convolutional layer
Fully connected layer

Softmax

Classifer

Abnormal

Normal

Apply
Farneback
algorithm

Analysis
of

amplitude
and

orientation

Feature
extraction

Fully
connected

layer

Figure 1: Abnormal behaviour detection algorithm based on global optical flow.
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pedestrian deviates from the expected trajectory due to panic
and escapes in different directions at a speed different from
the normal traveling speed. At this time, the trajectory is

chaotic and easy to collide with others, causing the trajectory
to cross, as shown in Figure 4(b). In summary, the crowd
trajectory helps distinguish normal and abnormal

(a) (b) (c)

Figure 3: Comparison of multitarget tracking algorithms: (a) Kalman filter, (b) YOLO network, and (c) KLT.
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Figure 2: Pyramid LK optical flow diagram.
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Figure 4: Crowd movement trajectory under normal and abnormal conditions: (a) normal scene; (b) abnormal scene.
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behaviours. 'erefore, the proposed method adds trajectory
information to a single-frame image to improve the per-
formance of crowd abnormal behaviour detection.

3.4. Two-Stream Convolutional Neural Network. CNN au-
tomatically learns the complex features of the image in the
input CNN for image classification and recognition by using
hierarchical training operations. Compared with manually
generated features, this process can achieve higher efficiency
and better performance. Because video sequences have more
time sequence concepts than images, they introduce more
information for time-dependent recognition and detection
tasks.'e traditional method generally divides the video into
single frames and then trains and learns each frame of image,
then sums and averages the confidences of all the obtained
prediction values, and finally classifies and recognizes the
extracted feature maps. However, this method only uses the
appearance information of the video, and it is easy to pay
attention to irrelevant and unimportant information. It
cannot be classified accurately when the feature difference is
large.

By imitating the human visual process, based on pro-
cessing the video space information, understanding the
video time information, while considering the space and
time domain, this paper proposes the DCNN network. For
the middle-to-high-density population, the size of individual
targets is small and there are correlations between moving
targets. If the size of the input image is greatly reduced, the
correlation between more motion information and moving
targets is easily lost. However, large-size input images easily
lead to a large amount of calculation, and there is a problem
of nonconvergence, which affects the performance of ab-
normal behaviour detection. In summary, this article has a
uniform size of 256× 256 for the input image. In order to
effectively use the global optical flow descriptor and the
trajectory single frame image information, retain the cor-
relation of moving targets, and appropriately reduce the
amount of calculation and control overfitting and under-
fitting, the first layer of the network convolution kernel is
7× 7. 'e purpose is to extract dynamic information such as
colour, texture, and trajectory.'e size of the pooling layer is
2× 2, and the maximum pooling is used to reduce repetitive
information and retain important feature point information
of the moving target. 'e second layer of convolution kernel
is 5× 5 to ensure that the key feature point information is not
lost during feature extraction.'e subsequent three layers of
convolution kernels are all 3 ∗ 3 in size, and more abstract
and advanced features are extracted. Finally, design three
fully connected layers. Since there are only two types of
output, the number of nodes is two. Due to the small training
sample size, dropout is added to the fully connected layer to
prevent network overfitting and enhance network general-
ization performance.

In the softmax layer or convolutional layer, spatial and
temporal information fusion is realized, and the classifica-
tion function is realized only through the spatial part, which
is insensitive to time and does not make good use of time
information. However, the time information in the

abnormal behaviour detection based on the video sequence
is the key clue and cannot be ignored. 'is paper merges
after convolution, does not cut off the spatial network after
the fusion, and continues the transmission of time and space
network. After the fully connected layer, it merges again to
realize the pixel correspondence of the space and time in-
formation. 'e network structure can be obtained as shown
in Figure 5. 'e fusion process does not cause model pa-
rameters to be too complicated and does not cause loss of
model performance. At the same time, complete spatio-
temporal features can be formed, thereby improving the
performance of crowd abnormal behaviour detection.

'e Relu function can enhance the nonlinear charac-
teristics of the convolutional layer and even the entire CNN
and can speed up the convergence speed. 'erefore, this
article uses the Relu function. In addition, cross entropy can
be used as a loss function to avoid slow training speed. 'e
cross entropy loss is shown in the following formula:

loss �  a∗ log(b) +(1 − a)log(1 − b). (6)

Among them, variable a is the true value of the sample
and b is the predicted value of the sample.

4. Results and Discussion

4.1. Datasets. 'e network training samples in this paper
mainly come from the UCSD dataset, Avenue dataset, and
Behave dataset:

(1) Ped1 and Ped2 datasets in UCSD: the Ped1 dataset
contains 34 training video clips and 36 test video
clips, while the Ped2 dataset has 16 training video
clips and 12 test video clips. In these datasets, the
training video clips contain only normal behaviour,
while the test clips not only have normal behaviour
but also mix with a lot of abnormal behaviour. In
these two datasets, the main background is public
pedestrian roads, so cycling, roller skating, and the
presence of vehicles on nearby pedestrian roads are
regarded as abnormal events.

(2) Avenue dataset: the dataset contains 16 normal event
training videos and 21 test videos. 'ese videos are
obtained in the real world, including normal and
abnormal events. Walking on the sidewalk is a
normal event, while abnormal events include run-
ning, abnormal gait or going in the wrong direction,
and packet loss.

(3) Behave dataset: surveillance video clips contain two
perspectives in which people interact with each
other, and capture data at a rate of 25 frames per
second. 'e original team members developed sev-
eral basic categories, namely: free gathering of
people, separation of people, chasing, fighting, and
running together. Among them, 40 video clips
containing only normal behaviour are cut as training
datasets, and 25 video clips containing normal be-
haviour and abnormal behaviour are used as test
datasets.
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'e above is the dataset used in this experiment, the
training set only contains normal behaviour fragments, and
the test set mixes abnormal behaviour fragments with
normal behaviour fragments, in which part of the training
set is divided into parts for verification. 'e specific dataset
distribution is shown in Table 1.

4.2. Effectiveness of Multimodal Input. AUC and EER are
indicators to evaluate model performance. Since the network
uses RGB images and optical flow images as inputs, we use
different inputs to calculate the AUC of the network to
obtain the true positive rate and false positive rate, thereby
obtaining EER. It can be seen from Figure 6 that the
multimode input mode proposed in this paper is better than
other input modes. In addition, the RGB feature and the
optical flow feature were used as input for testing separately.
From Figures 6(a) and 6(b), it can be seen that the network
that only uses optical flow as input is in the abnormal ap-
pearance of the UCSD Ped1. It performs well on the dataset
because RGB features are more sensitive to appearance.
Nevertheless, the results of other datasets show that the
network with multiple inputs has higher AUC and smaller
EER than the single-input network. In short, multiinput
models make up for their respective shortcomings and
outperform the latest methods on public datasets.

In addition, RGB features and optical flow features are
used as inputs to get regularity scores. Figure 7 shows the
abnormal score curves of optical flow feature input, RGB
feature input, and the fusion of the two as input for the same
test video segment. 'e experimental results clearly show
that the model obtained by fusing optical flow features and
RGB features can more effectively detect whether there are
abnormal behaviours in the test video. Compared with
multifeature input, due to the complexity of the environ-
ment when detecting abnormal events, single-feature input
will have a certain error, while multifeature input integrates
RGB features and optical flow features, which can get better
results on the dataset.

4.3. Performance Analysis of Abnormal Behaviour Detection.
'e ROC curve on the Avenue dataset is shown in Figure 8.
'e figure shows an intuitive comparison of the detection
results of this method and the other three methods at the
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Figure 5: DCNN network structure.

Table 1: Experimental dataset description.

Dataset Ped1 Ped2 Avenue Behave
Training set 13000 12242 15210 15731
Validation set 1000 1100 1300 1300
Testing set 5000 4000 4630 3023

Complexity 7



0.
88

7 0.
90

2

0.
80

5

0.
85

9

0.
90

8 0.
92

2

0.
78

2

0.
89

1

0.
92

1 0.
93

6

0.
81

8

0.
90

8

Ped2 Avenue BehavePed1
Different datasets

0.77

0.82

0.87

0.92

0.97
A

U
C 

va
lu

e

Optical flow
RGB
Mixed

(a)

Ped2 AvenuePed1
Different datasets

0

0.05

0.1

0.15

0.2

0.25

0.3

EE
R 

va
lu

e

Optical flow
RGB
Mixed

0.
17

8

0.
18

7

0.
26

2

0.
25

2

0.
16

2

0.
16

4

0.
23

8

0.
20

2

0.
14

2

0.
13

5

0.
19

9

0.
18

8

Behave

(b)

Figure 6: AUC and EER of different input modes: (a) AUC comparison of different inputs for the same algorithm; (b) EER comparison of
different inputs for the same algorithm.
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Figure 7: 'e regularity score curve of the same data with different inputs: (a) only use optical flow information as input; (b) only RGB
information as input; (c) mixed information as input.
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Table 2: AUC and EER for global abnormal behaviour detection in the Avenue dataset.

Method AUC EER
Optical flow 0.839 0.278
Social force 0.927 0.136
EMT 0.962 0.135
Ours 0.976 0.128
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Figure 9: Continued.
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frame level.'e other three methods are optical flowmethod
[41], method based on social force model [42], and energy
model with threshold method (EMT) [43]. It can be seen
from Figure 8 that the optical flow method only uses the size
and intensity information of the optical flow and the global
anomaly cannot be described completely, or some infor-
mation will be lost; the social force model has an effect on the
individual’s hope based on the optical flow. 'e resultant
force of force and social interaction force is calculated, and
there is a misdetection caused by the maximum local cor-
relation. 'e experimental results can be drawn that the
method proposed in this article has certain advantages over
the other three methods. 'e method proposed in this paper
can suppress the interference of surrounding environmental
factors, and the algorithm is more stable and effective than
other methods.

Table 2 shows a comparison of the AUC value and EER
value including the method in this article and the other three
methods. Observing the data in the observation table, the
method proposed in this paper has the largest AUC value
and the smallest EER value, indicating that the method in
this paper has both high accuracy and low misjudgement
rate.

In order to observe the effect of the algorithm more
intuitively, the experimental results are visualized, and the
normal behaviour score curve of the video to be tested is
drawn, as shown in Figure 9. 'e experimental results show
that using the method in this paper, abnormal event can be
correctly detected in surveillance videos in public places.'e
green area indicates when the actual abnormal behaviour
occurred. 'e model only learns normal behaviour events,
but no abnormal events. When an abnormality occurs in the

video segment to be tested, the reconstruction error will
increase and the regularity score will decrease.

5. Conclusion

Crowd abnormal behaviour detection technology is one of
the research hotspots in the field of vision, and it is an
important part of the field of intelligent surveillance. It is
widely used in the smart security of airports, shopping malls,
schools, and communities. With the continuous deepening
of research on crowd abnormal behaviour detection algo-
rithms, significant progress has been made. However, it is
still a challenging task to perfect the detection technology of
abnormal behaviour in complex scenes. In order to improve
the accuracy and robustness of the crowd abnormal be-
haviour detection algorithm, for the low performance of
crowd abnormal behaviour detection caused by complex
environment, this paper proposes a crowd abnormal be-
haviour detection algorithm based on global optical flow.
First, the optical flow information between the RGB image
and the video frame is used as the input of the network. After
that, the motion trajectory map is extracted based on the
single frame original image. Finally, a video abnormal be-
haviour detection algorithm based on the dual-stream
convolutional neural network is proposed. Experimental
results show that the proposed method can achieve better
recognition results on multiple datasets, and the use of
interframe motion information can significantly improve
the performance of abnormal behaviour detection.

Although the algorithm in this paper can achieve better
recognition effect on multiple datasets by using interframe
motion information, the algorithm only works with two
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Figure 9: 'e regularity score curve of abnormal fragments: (a) abnormal fragment 1; (b) abnormal fragment 2; (c) abnormal fragment 3;
(d) abnormal fragment 4.
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frames. Our future work is to further improve the perfor-
mance of abnormal behaviour detection by simultaneously
utilizing the information between multiple frames of images.
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