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Human multipose motion behavior is similar; there are many actions. However, it is difficult to recognize abnormal behavior. The
existing human motion behavior anomaly recognition methods have the problems of low accuracy and being time-consuming.
Therefore, an anomaly recognition method of human multipose motion behavior using Generative Adversarial Network
(GAN) is proposed. The Gauss model is used to segment the human multipose motion behavior image, and the image
foreground of the segmentation result is the human motion target detection result. The Shi-Tomasi algorithm is selected to
extract contour feature points from human motion object detection results. The extracted contour features are set as hidden
space random variables and input into the GAN. The GAN uses the generator and discriminator to recognize the multipose
human motion behavior and determine whether the multipose human motion behavior is abnormal. The results show that the
proposed algorithm can accurately recognize abnormal human multipose motion behavior, the recognition accuracy is higher
than 99%, and the average recognition time is less than 200ms. The shadow removal effect of the foreground image obtained
by the proposed algorithm can realize the accurate recognition of human multipose motion behavior abnormalities and
provide a reliable basis for research in related fields.

1. Introduction

Human posture behavior recognition is a research in the
field of video analysis. The goal of human posture behavior
recognition is to classify the specific actions of humans [1].
Human abnormal behavior detection is a branch of human
behavior recognition, that is, to recognize specific behaviors
in different scenes, such as fighting in banks and other liter-
ature behaviors. Human posture behavior technology has
been widely used in auxiliary medical treatment, video sur-
veillance, and so on. The recognition of multipose motion
behavior abnormalities needs to determine whether there
are abnormalities by analyzing human posture [2].

The specific position and specific behavior of the motion
target in a fixed time are analyzed through the abnormal rec-
ognition of multipose motion behavior [3, 4], so as to realize
the automatic recognition and positioning of human pos-
ture. The abnormal recognition of human multipose motion
behavior can be applied to many fields such as medical treat-

ment and security. Human motion posture has the features
of high nonlinearity and degree of freedom [5, 6] and has
high diversity and complexity. It is challenging to accurately
recognize human multipose motion behavior abnormalities.
The feature extraction of human motion posture is very
important [7]. The accuracy of feature extraction determines
the accuracy of multipose motion behavior. Feature extrac-
tion is realized by extracting texture features, color features,
contour features, and other features of human motion pos-
ture [8, 9]. Human motion is formed by posture sequence,
so it is more practical to extract human contour features
from images.

The main contributions of this paper are as follows. (1)
A new human multipose motion behavior anomaly recogni-
tion algorithm based on GAN is proposed to detect human
motion targets in human multipose motion images. (2)
Aiming at the problem of many similar actions of human
multipose motion behavior, the human motion region and
background region in the image are segmented, and the
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human motion posture features are extracted from the
human motion target region to reduce the difficulty of
behavior anomaly recognition. (3) The GAN is used to
obtain the abnormal recognition results of human multipose
motion behavior. The network has the features of flexible
application and strong learning ability. It is applied to the
abnormal recognition of human multipose motion behavior
to optimize the recognition performance.

2. Related Works

At present, there are many researches on motion recogni-
tion. Literature [10] applies convolutional neural network
(CNN) to human motion recognition and proposes three
different CNN structures. Firstly, four different information
channels are generated from each frame in the horizontal
and vertical directions through optical flow and gradient to
be applied to three-dimensional (3D) CNN. Then, three
architectures are proposed, namely, single stream, dual
stream, and four stream 3D CNN. In the single stream
model, four information channels per frame are applied to
the single stream. In the dual flow structure, optical flow-x
and optical flow-y are applied to one flow, and gradient-x
and gradient-y are applied to another flow. In the four
stream architecture, each information channel is applied to
four independent streams, by evaluating the architecture of
the action recognition system.

Literature [11] applied shape time dynamics to human
motion recognition and proposed a human motion recogni-
tion framework with constant depth perspective, which is a
new integration of two important motion clues: motion
and shape time dynamics (STD). The motion flow encapsu-
lates the motion content of the action into RGB dynamic
image, which is generated by approximate rank pool (ARP)
and processed by fine-tuning reception V3 model. The
STD stream uses a series of long short-term memory
(LSTM) and Bi LSTM learning models to learn the long-
term view invariant shape dynamics of actions. Human pose
model (HPM) generates view invariant features of human
pose frames with key depth based on structural similarity
index matrix (SSIM). According to three types of postfusion
techniques, namely, maximum average and multiplication,
the final prediction of single stream fraction is made. Litera-
ture [12] proposed an effective method for human motion
recognition (HAR) from silhouette image sequences in
video. The effectiveness of this method lies in feature extrac-
tion and action classification. The method includes scale
translation normalization and distortion contour removal,
which are used to extract the newly introduced spatiotempo-
ral features, namely, active region energy feature (AREF),
and trajectory analysis. In addition, the method uses low-
dimensional eigenvectors, which makes the cost of the whole
process effective in terms of time requirements. The results
on the published Weizmann and Muhavi data sets clearly
verify the efficiency of the proposed technology in the
related work on the accuracy of human behavior detection.
Literature [13] proposed a human behavior anomaly detec-
tion method based on the combination of deep learning
and artificial features. Firstly, the key points of human 3D

skeleton in time series are extracted by Yolo V4, and the
mean shift target tracking algorithm is applied. Then, the
key points are transformed into spatial RGB and put into
multilayer convolutional neural network for recognition,
abnormal behaviors such as hitting, throwing, climbing,
and approaching. Literature [14] uses deep learning technol-
ogy, including CNN and LSTM network, to build a deep net-
work in a multiperspective framework to learn the long-term
correlation of human behavior recognition from video. Two
cameras are used as sensors to effectively overcome the
problems of occlusion and fuzzy contour and improve the
accuracy and performance of multiview frame. After a series
of image preprocessing on the original data, the human con-
tour image is obtained as the input of the training model.
Literature [15] combines spatiotemporal CNN with hand-
made feature sets for anomaly detection in continuous video
frames. Handmade features learn sparse features extracted
from moving human image units, including moving pixels
to reduce computing costs. The CNN model architecture is
used to extract spatiotemporal features and complete the
recognition of human abnormal behavior. However, human
multipose motion behavior is similar, and there are many
actions. This leads to the question of low accuracy and being
time-consuming in the application of the above existing
methods.

3. Methodology

3.1. Detecting Human Moving Targets. The multipose
motion image of human contains background factors such
as shadow and illumination. Therefore, it is difficult to
obtain human target from the image. The human motion
target detection process for segmenting human motion tar-
get and image background is as follows.

3.1.1. Establish Gaussian Model. Let Xi be the pixel color of
the random point in the human multipose motion image,
and the probability density function expression of the pixel
color is established as follows:

f Xi = xð Þ = 〠
k

i=1
φi:t ⋅ α x, βi:t , Σi:tð Þ, ð1Þ

where βi:t and φi:t are the mean and weight of Gaussian dis-
tribution when the time is t, respectively. Σi:t and αð⋅Þ are
covariance matrix and Gaussian distribution, respectively.
According to equation (1), the utilization number of pixel
color Xi probability density function is k. When the time is
t, the expression of the ith Gaussian distribution αð⋅Þ is as
follows:

α x, βi:t , Σi:tð Þ = e− 1/2ð Þ xt−βi:tð ÞTΣ−1
i,t xt − βi:tð Þ

2πð Þn/2 Σi:tj j1/2
, ð2Þ

where n represents the dimension of pixel color Xi, i = 1, 2
,⋯, k.
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3.1.2. Update Model. Let the random pixel value in the image
be It . The expression that the Gaussian function matches the
pixel value is as follows:

It − βi:t−1j j ≤D ⋅ λi:t−1: ð3Þ

The expression of each parameter update is as follows:

λ2i,t = 1 − ρð Þλ2i,t−1 + ρ It − βi:t−1ð Þ2,
βi:t = 1 − ρð Þβi:t−1 + ρIt ,
φi:t = 1 − að Þφi:t−1 + a,

ð4Þ

where a and ρ represent adjustable learning rate and param-
eter learning rate, respectively.

3.1.3. Segmented Image. Normalize all the weights obtained,
and sort all Gaussian distributions φi:t/λi:t according to the
order from large to small. The first M distributions to be
sorted must meet the following conditions:

〠
iM

k=i1
φi:t ≥ ς: ð5Þ

The firstM distributions are the background distribution
of human multipose motion image, ς is the weight threshold.

Randomly select pixels, which are foreground pixels
when they can meet the established Gaussian mixture model
[16]. When the pixel cannot meet the established Gaussian
mixture model, this pixel is the background pixel [17].
Through the above process, the foreground and background
of human multipose motion image are segmented, and the
motion targets in human multipose motion image are
detected.

3.2. Extracting Contour Feature Points. After segmenting the
foreground and background of human multipose motion
image, it is necessary to extract the contour feature points
in the foreground of human motion image, so as to provide
the basis for human multipose motion behavior anomaly
recognition based on GAN. Harris corner detection is the
most widely used image contour feature extraction method.
A corner is the intersection of two edges. However, Harris
corner detection needs to calculate the empirical constant k
, and the operation process has high complexity. Therefore,
the Shi-Tomasi algorithm is proposed. Since the stability of
the Harris corner detection algorithm is related to the value
of the empirical constant k and the empirical constant k is an
empirical value, it is difficult to set the optimal value. Shi-
Tomasi found that the stability of corner points is actually
related to the smaller eigenvalue of the matrix, so the smaller
eigenvalue is directly used as the score, so there is no need to
adjust the k value. Therefore, the application of Shi-Tomasi
is simpler, and the image contour feature points obtained
by Shi-Tomasi are also very accurate.

The Shi-Tomasi algorithm is selected to extract contour
feature points in human motion image. ðx, yÞ and Iðx, yÞ
are the random point coordinates of the multipose motion

grayscale image of the human and the gray value of the
point, respectively. The point ðx, yÞ as the center point is
using window S is established. The window size is n × n,
window ½x, y� is translated, and the gray value changes as fol-
lows after translation:

L Δx, Δyð Þ = 〠
x,yð Þ∈S

ϕ x, yð Þ I x + Δx, y + Δyð Þ − I x, yð Þ½ �2: ð6Þ

Taylor expansion process Iðx + Δx, y + ΔyÞ, delete the
terms higher than the second order, and the expression is
as follows:

L Δx, Δyð Þ = Δx2 〠
x,y∈Sð Þ

ϕ x, yð ÞI2x + 2ΔxΔy 〠
x,y∈Sð Þ

IxIy + Δy2 〠
x,y∈Sð Þ

ϕ x, yð ÞI2y ,

ð7Þ

where Ix and Iy are the partial derivatives of human multi-
pose motion images and ϕðx, yÞ is the Gaussian filter.

Equation (7) can be transformed into the following
matrix:

L Δx, Δyð Þ = Δx, Δy½ �M
Δx

Δy

" #
: ð8Þ

The expression in equation (8) is as follows:

M = 〠
x,yð Þ∈S

ϕ x, yð Þ
I2x IxIy

IxIy I2y

2
4

3
5: ð9Þ

The Shi-Tomasi algorithm extracts contour feature
points from human multipose motion images. The extrac-
tion rules are as follows:

(1) Randomly select the pixel point, let the pixel point be
the midpoint, establish a window with size n × n, and
move the window in different directions [18]

(2) Compare the changes of gray value in human multi-
pose motion images. When the window is moved in
different directions, when the gray value in the image
is fixed, it means that the area is flat [19], and there is
no feature point; when moving along a fixed direc-
tion and there is only a small change in the gray
value, it means that the area is a straight line area

(3) When the established window moves in a random
direction [20], when the gray level in the multipose
motion image of the human changes greatly, the cen-
ter point of the established window is the feature
point of the human motion image, and this feature
point can be used to realize the anomaly recognition
of human multipose motion behavior

3.3. Anomaly Recognition of GAN. The discriminator in the
GAN is used for the final recognition of human multipose
motion behavior. The discriminator has the function of clas-
sification [21] and can judge whether the input sample data
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belongs to the generated sample data or real data. GAN is an
important GAN algorithm with high linear correlation per-
formance. When the GAN recognizes the multipose move-
ment behavior of human, it can quickly obtain the
recognition results [22]. There is no need to interfere with
the learning process of the GAN, and accurate recognition
results can be obtained only by evaluating the model effect
after learning. The structure of GAN is shown in Figure 1.

x and z represent the sample data and random noise of
the input GAN, respectively, and A and B represent the gen-
erator and discriminator of the GAN, respectively. The
expression of the GAN is as follows:

min
A

max
B

V B, Að Þ = Ex∼P xð Þ B xð Þ½ � + Ez∼P zð Þ lg 1 − B A zð Þð Þð Þ½ �,
ð10Þ

where lg ð1 − BðAðzÞÞÞ and lg BðxÞ are generated data and
discriminator judgment, respectively, and V and E represent
objective function and discriminator function, respectively.

The discriminator and the generated data play games
with each other by using the maximum and minimum
values, and the optimization of parameter B and parameter
A is completed through multiple iterations until the discrim-
inator and the generated data are in Nash equilibrium.

The GAN is prone to gradient dispersion in the estab-
lished minimization objective function. Therefore, the objec-
tive function cannot update the generator in the GAN [23],
which will reduce the stability of the GAN. LSGAN method
is selected to solve the training instability of GAN. LSGANs
ensure the classification accuracy of GAN through cross-
entropy. The objective function expression of GAN discrim-
inator optimized by LSGANs is as follows:

min
B

Ex∼Pdata xð Þ B xð Þ − bð Þ2� �
+ Ez∼Pz zð Þ B A zð Þð Þ − að Þ2� �

:

ð11Þ

The objective function expression of GAN generator is
as follows:

Ez∼Pz zð Þ B A zð Þð Þ − cð Þ2� �
: ð12Þ

After completing the antagonistic generation network
training, the adjusting parameters a, b, and c need to meet
the following conditions:

b − c = 1,
b − a = 2:

(
ð13Þ

Through the above process, the uncertainty caused by
the training process of GAN can be improved [24], the
diversity of GAN is effectively improved, and the recognition
accuracy of human multipose motion behavior abnormali-
ties is improved.

The GAN is applied to the abnormal recognition of
human multipose motion behavior. The process of abnor-
mal recognition is shown in Figure 2.

According to Figure 2, firstly, the multipose human
image with abnormal behavior to be recognized is seg-
mented. After the image segmentation is completed, the
detection results of human motion targets are obtained, the
contour features of human motion behavior are extracted
from the extracted human motion targets, and the extracted
features are set as hidden space random variables and input
into the GAN. The GAN outputs the abnormal behavior rec-
ognition results of multipose human motion behavior to
determine whether the multipose human motion behavior
is abnormal.

3.4. Data Sets and Evaluating Index. In order to verify the
effectiveness of the proposed algorithm in recognizing
abnormal human multipose motion behavior by GAN, the
Occlusion_person 3D data set and CMU panoptic data set
are selected as the test data set. Occlusion_person 3D data

Human motion
image sample 

Output results

Discriminator

Is behavior
abnormal 

SET B(A(z))ˆ0 by x

SET B(A(z))ˆ1 by z

Judge

Yes

No

Image contour
feature Generator

?

Figure 1: Structure of abnormal recognition behavior of GAN.

Begin

Collect multi pose human images of 
abnormal behavior to be recognized

Segmentation of image foreground
and background 

Detecting human motion targets

Extracting abnormal behavior features 
of multipose human 

The extracted features are set as
hidden space random variables 

Input GAN 

Output recognition results

End

Figure 2: Abnormal recognition process of human multipose
motion behavior.
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set has 4.8 million 3D human postures and corresponding
images, a total of 200 experimenters, and a total of 23 action
scenes. CMU panoptic data set is produced by CMU Univer-
sity and collected by 480 VGA cameras, 30+ HD cameras,
and 10 kinect sensors. The above two data sets are typical
human posture data sets. The two data sets include walking,
running, kicking, jumping, standing, squatting, hands up,
reverse, head down, head up, and other postures, which are
extremely typical. Forty thousand images were randomly
selected from the two data sets. In this experiment, twenty
thousand images are selected for data training, and the
remaining half are used for experimental test and analysis.
The number of images of each behavior posture is shown
in Table 1. In the simulation platform, the abnormal behav-
ior of the image is recognized.

The accuracy, precision, and recall are selected as the
evaluation indexes to evaluate recognition performance of
the proposed algorithm. The calculation expressions of three
indexes are as follows:

accuracy =
rp + rn

rp + rn + hp + hn
,

precision =
rp

rp + hp
,

recall =
rp

rp + hn
,

ð14Þ

where rp and rn represent the number of abnormal behaviors
recognized by the algorithm as abnormal behaviors and
nonabnormal behaviors, respectively. hp and hn are the
numbers of abnormal motion behaviors and nonabnormal
behaviors, respectively. The accuracy and precision are used
to measure the recognition level of the algorithm and the
level that can avoid misrecognition, and the recall rate
reflects the level at which the algorithm can correctly classify
whether the behavior is abnormal sports behavior.

4. Results and Discussion

The proposed algorithm is used to recognize multipose
human motion behavior, and the abnormal behavior recog-
nition results of the proposed algorithm are compared with
actual abnormal behavior results, as shown in Table 2.

According to Table 2, for the 10 motion behaviors, the
total number of images is between 168 and 667, and the
number of abnormal images is between 19 and 63. The pro-
posed method is used to recognize these images, and the
results are close to the actual number of abnormal images.
The recognition rate of walking, jumping, standing, squat-
ting, and hands up can be 100%. The data shows that the
proposed algorithm used to recognize abnormal human
multipose motion behavior and the actual abnormal human
multipose motion behavior is very small; it shows that the
proposed algorithm has high effectiveness in recognizing
abnormal human multipose motion behavior.

The proposed algorithm randomly divides one of the
images and detects the result of human motion targets, as
shown in Figure 3.

According to Figure 3, the proposed algorithm can
achieve accurate detection of human motion targets in mul-
tipose human motion images. The proposed algorithm has a
high level of image segmentation. It can accurately extract
human motion targets through effective image segmentation
ability, which provides the basis for accurate recognition of
abnormal motion behavior.

The proposed algorithm is compared with the algorithm
in literature [10–14]. The comparison results of the accuracy
and recall of the six algorithms for the abnormal recognition
of multipose motion behavior in the experimental data set
are shown in Figures 4 and 5. The squatting posture is
selected for the same posture test.

According to Figures 4 and 5, under different postures,
the accuracy of the proposed algorithm is always higher than
99%. For the abnormal behavior recognition of the same
posture, the accuracy always fluctuates between 99% and
100%. In contrast, in the process of different posture recog-
nition, the recognition accuracy of literature [10] algorithm,
literature [11] algorithm, literature [12] algorithm, literature

Table 1: Image sample set attributes.

Type Resolution (dpi) Space size (kb)

Walking 120 11779

Running 140 7354

Kicking 80 20374

Jumping 70 5216

Standing 100 12538

Squatting 68 4297

Hands up 100 7541

Reverse 50 1569

Head down 80 20685

Head up 67 6328

Table 2: Abnormal recognition results.

Motion
behavior

Total number
of images
(piece)

Actual
abnormal

quantity (piece)

Abnormal
recognition

quantity (piece)

Walking 351 38 38

Running 254 48 47

Kicking 184 52 51

Jumping 645 34 34

Standing 284 19 19

Squatting 168 27 27

Hands
up

294 34 34

Reverse 587 29 28

Head
down

667 47 46

Head up 566 63 62
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[13] algorithm, and literature [14] algorithm fluctuates
between 90% and 98.5%, and the recognition accuracy of
the same posture is always lower than 96%. The recognition
accuracy of the proposed algorithm is significantly higher
than that of the other five algorithms. In addition, the recall
rate of the proposed algorithm for recognizing multipose
and the same posture human motion behavior abnormality

is higher than 99%, and the recall rate of literature algorithm
for recognizing multipose human motion behavior abnor-
mality is lower than the proposed algorithm. The compari-
son results verify that the proposed algorithm has high
performance of human motion behavior anomaly recogni-
tion. The proposed algorithm effectively segments the multi-
pose human motion behavior image, selects the GAN, and

(a) Original image (b) After segmentation

Figure 3: Human motion target extraction results.
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Figure 4: Comparison results of recognition accuracy.
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uses the segmented image to realize the accurate recognition
of multipose human motion behavior anomaly.

In order to further measure the recognition perfor-
mance of this algorithm, F1 value is selected as the test
index to measure the recognition of abnormal human
multipose motion behavior. Six algorithms are used to rec-

ognize the F1 value of abnormal human multipose motion
behavior in two data sets. The F1 value is affected by the
accuracy rate and recall rate. The higher the accuracy rate
is, the higher the recall rate is, and the better the F1 index
is. The statistical results of F1 value indexes are shown in
Figure 6.
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Figure 5: Comparison results of recognition recall rate.
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As can be seen in Figure 6, the F1 value of the proposed
algorithm to recognize the abnormal multipose motion
behavior of humans is higher than that of the other five algo-
rithms. It is verified again that the proposed algorithm has
high recognition performance. This is because this algorithm
uses Gaussian model to segment human multipose motion
behavior image, and the image foreground of the segmenta-
tion result effectively reduces the difficulty of image segmen-
tation, improves the recognition accuracy of human posture
behavior, and makes F1 value higher.

The real-time performance of the recognition algorithm
is very important. Six algorithms are used to recognize the
recognition time of abnormal human multipose motion
behavior. The statistical results are shown in Figure 7.

As can be seen in Figure 7, the average recognition time
of using the proposed algorithm to recognize human multi-
pose motion behavior abnormalities is less than 200ms,
which verifies that the proposed algorithm has high recogni-
tion real-time performance. This is because the proposed
algorithm selects the Shi-Tomasi algorithm to extract the
contour feature points in the human motion image from
the human motion target detection results. Based on this,
the extracted contour features are set as hidden space ran-
dom variables and input into the GAN to determine whether
the multipose human motion behavior is abnormal. GAN is
a very mature technology for enhancing image quality and
has application advantages. The proposed algorithm has a
wide range of applications, and the real-time performance
of the algorithm is very important. The proposed algorithm

has high real-time recognition performance, which can
improve the application performance of the algorithm.

5. Conclusions

GAN is applied to human multipose motion behavior anom-
aly recognition. Firstly, the multipose human motion image
is segmented to obtain the human motion target area in the
image, and the human motion contour features are extracted
from the human motion target area. Based on the GAN, the
extracted features are used to realize the abnormal recogni-
tion of human multipose motion behavior. Experiments
show that the recognition results of human multipose
motion behavior abnormalities have high accuracy, and the
proposed algorithm has high feasibility. The proposed algo-
rithm can not only realize the abnormal recognition of
human multipose motion behavior and ensure the recogni-
tion accuracy but also has the advantage of high real-time
recognition. The proposed algorithm solves the defect of
low recognition performance caused by too few sample data
in the past.

However, for specific occasions, the multipose behavior
of humans is greatly affected by light, resulting in great dif-
ficulty in image acquisition, and the collected image is prone
to distortion. In the practical application of human behavior
recognition method, the combination of light compensation
technology and motion target detection algorithm to
enhance the effectiveness of data set still needs further
research.
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