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The detection and classification of moving targets have always been a key technology in intelligent video surveillance. Current
detection and classification algorithms for moving targets still face many difficulties, mainly because of the complexity of the
monitoring environment and the limitations of target characteristics. Therefore, this article conducts corresponding research on
moving target detection and classification in intelligent video surveillance. According to the Gaussian Mixture Background
Model and Frame Difference Method, this paper proposes a moving target detection method based on GMM (Gaussians
Mixture Model) and Frame Difference Method. This method first proposes a new image combination algorithm that combines
GMM and frame difference method, which solves the problems of noise and voids inside the target caused by the fusion of
traditional GMM and frame difference method. The moving target detection method can effectively solve the problems of
incomplete moving target detection, target internal gap, and noise, and it plays a vital role in the subsequent moving target
classification process. Then, the method adds image inpainting technology to compensate the moving target in space and obtain
a better target shape. The innovation of this paper is that in order to solve the multiobject classification problem, a binary tree
decision support vector machine based on statistical learning is constructed as a classifier for moving object classification.
Improve the learning efficiency of the classifier, solve the competitive classification problem of the traditional SVM, and increase
the efficiency of the mobile computing intelligent monitoring method by more than 70%.

1. Introduction

The rapid development of computer science and multimedia
technology has driven more andmore image and video appli-
cations to gradually extend to every corner of daily life. How-
ever, because the amount of information carried in images
and videos is often very huge, human energy is limited after
all. In some special scenes, complex and changeable harsh
environments may make it difficult for humans to directly
operate or cause vision due to huge workload. Fatigue,
reduced work efficiency, and even operational errors lead to
various unexpected and undesirable consequences. The intel-
ligent development of society and the continuous expansion
of application requirements, moving target detection and
tracking algorithms with good real-time performance, high

accuracy, and strong stability have become urgent needs in
various fields [1]. On the basis of detailed research on the
principles of various algorithms in the field of moving target
detection and tracking, this article improves these two algo-
rithms to make them have better real-time performance,
thereby further improving the performance of the algorithm
and improving the algorithm. Improving practicality in the
field of intelligence and video survillance.

Liu Xiayu believes that based on the fusion analysis of the
human body’s functional characteristics, he proposed a
method to monitor the natural limit of fatigue during
short-distance swimming. First, a physiological indicator sys-
tem was developed to monitor the natural fatigue limit of
short-distance swimming, and then, feature extraction was
performed to construct the natural limit of short-term
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swimmer fatigue. According to the characteristic analysis
method of human physiological indicators, the monitoring
characteristics of the dynamic analysis model were carried
out. Monitor and, finally, monitor the functional fatigue limit
of the human body in short-distance swimming. Perform
machine learning and pattern recognition methods, perform
short-term floating function fatigue limit monitoring, and
perform data fusion analysis. However, the experiment did
not carry out actual testing and lacked convincing [2]. Wang
Shaohong believes that as an important part of the scientific
training of competitive athletes, monitoring the physical con-
dition of athletes is the key to supporting the scientific train-
ing of coaches. Currently, the indicators used to monitor the
physical function of athletes are invasive (invasive) and non-
invasive (noninvasive). The latter are mainly simple and
easy-to-use noninvasive indicators, such as heart rate and
weight and blood oxygen saturation. With the continuous
improvement of the degree, these indicators are becoming
less and less able to meet the needs of sports training. How-
ever, the algorithm is not perfect and needs to be improved
[3]. Zhao Xuyang proposed a detection algorithm to deter-
mine the fatigue state of eye features and proposed a pattern
recognition system based on the boundary structure learning
machine to complete the tracking. When editing the facial
features in this document, first, use grayscale and binary
image processing, then use the KLT algorithm for face detec-
tion and positioning of the image eyes, and finally use an
extreme learning machine to detect fatigue. But the system
is too slow to be put into actual use [4].

Since the mobile computing intelligent monitoring
method has many advantages, such as economy, conve-
nience, and safety, compared with the traditional detection
method, if it is confirmed that the mobile computing intelli-
gent monitoring method can significantly improve the swim-
ming ability of the swimming athletes and improve the
training and competition performance, then this monitoring
method will. It is a good choice for endurance sports to
improve athletic ability. The influence on the athletic ability
of swimmers is the most important indicator for evaluating
this training method [5, 6]. This article attempts to reveal
the influence of short-distance swimming physical function
fatigue limit on swimmers’ athletic ability through compara-
tive experiments, analyze the mechanism of its effect on the
body, evaluate the training effects, and propose scientific
training methods [1].

2. Mobile Computing Intelligent
Monitoring Method

2.1. Interframe Difference Method.When a foreground target
appears in a video sequence, the images of the two frames
before and after it will change significantly. The frame
difference method uses this function to subtract the video
sequence frame by frame to obtain the brightness difference
[2, 7]. To determine whether the current frame contains fore-
ground objects, you need to compare the difference with the
set threshold. The frame difference method has low algo-
rithm complexity, good real-time performance, and strong
robustness for image sequences with relatively clear fore-

ground target contours. However, this algorithm cannot
accurately identify a complete foreground target and can only
extract the approximate outline of the target, thereby forming
a large number of holes in the foreground area. And for
images with blurred target contours, it is often impossible
to achieve better detection results [8, 9].

2.2. Background Subtraction. In order to solve the problem of
the frame difference method, Glober et al. used a prospect
extraction method combined with mathematical statistics.
First, the median method is used to construct a background
sample set for the image, that is, the median value of the pixel
in the adjacent frames is obtained for sampling. Then, the
newly arrived image and the sample set are subjected to a dif-
ferent operation to extract the foreground pixels. Although
this algorithm can overcome the problem that the frame
difference method can only detect the target contour, its time
efficiency and space efficiency are not high, and large detec-
tion errors are often prone to occur in video sequences with
unstable lighting conditions [10, 11]. In order to overcome
this problem, Wren et al. introduced the Gaussian model to
improve the sample modeling and set a threshold to classify
the pixels.

2.3. Other Target Detection Methods. The development of
background subtraction has gone through a process from
simple to complex and, then, from complex to simplification
[12, 13]. While the background subtraction method con-
tinues to improve, other target detection algorithms with dif-
ferent principles have gradually entered people’s sight, such
as target detection algorithm combined with fuzzy theory,
target detection algorithm combined with motion estima-
tion, and target detection algorithm combined with neural
network. In order to solve the problem of low accuracy and
poor stability in the detection process of some background
subtraction methods [14, 15], some researchers have pro-
posed a method that combines target detection algorithms
with fuzzy theory. The experimental results do verify that this
type of algorithm has high accuracy and stability, but its time
and space efficiency do not have good real-time performance
under current hardware conditions [16].

3. Correlation Experiment of Moving Target
Detection and Classification Algorithm

In computer image processing and analysis, moving target
detection technology has always been a research hotspot in
video sequence analysis. The so-called moving object detec-
tion is the process of separating moving objects from the
background image of the video. Due to the complex back-
ground, illumination changes, and severe weather in the real
scene, the detection of moving objects still faces huge
challenges [17, 18].

3.1. Optical Flow Method. Assume that in the case of n
dimensions (the same applies to 3D and higher dimensions)
after time t and time t, the gray value of the pixel ðx, yÞ of the
video frame is f ðx, yÞ, and the pixel is at move x1 in x direc-
tion and y1 in y direction. The pixel value corresponding to
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the pixel at this moment is f ðx + x1, y + y1Þ [19]. Assuming
that t is small, the gray value of the pixel will remain
unchanged in a very short time, so formula (1) can be used
to express that the pixel values of the two points are equal.

f x, y, tð Þ = f x + x1, y + y1, t + t1ð Þ: ð1Þ

Since the displacement is very small, the Taylor
expansion of equation (1) is performed to obtain the
equation [20, 21]:

f x + x1, y + y1, t + t1ð Þ = f x, y, tð Þ + σ2: ð2Þ

Among them, ∂ is the partial derivative of f ðx, y, tÞ with
respect to x, y, t of the second order and above, which can be
ignored, so formula (3) can be obtained:

df
dx

x + df
dy

y + df
dt

t = 0: ð3Þ

Divide both sides of the equation by t to obtain equation
(4):

df
dx

dx
dt

+ df
dy

dy
dt

+ df
dt

dt
dt

= 0: ð4Þ

When t approaches 0, there are [22, 23]:

df
dx

Wx +
df
dy

Vy +
df
dt = 0: ð5Þ

The vector sum ofW and V is the luminous flux of a cer-
tain pixel in the video image. Equation (5) is called the optical
flow constraint equation.

3.2. Frame Difference Method. The frame difference method
uses the difference operation of two or three consecutive
frames in the video sequence and uses the time difference
to extract the moving area in the image, thereby obtaining
the moving target. Figure 1 shows the effect of the frame dif-
ference method on moving target detection.

f ðx, y, tÞ, f ðx, y, t − 1Þ represent the current frame and
the previous frame of the current frame, respectively, assum-
ing Dðx, y, tÞ is the difference between the current frame and
the previous frame. The result can be expressed by equation
(6) [23, 24]:

D x, y, tð Þ = f x, y, tð Þ − f x, y, t − 1ð Þ, ð6Þ

where ðx, yÞ represents the position of the pixel Rðx, yÞ,
R xyk represents the image after binarization processing,
Rðx, yÞ takes 1 to indicate that the current pixel is a moving
target, Rðx, yÞ takes 0, which indicates that the current pixel
is the background, andTrepresents the threshold [25, 26].

R x, yð Þ =
1 D x, yð Þ ≥ T

0 D x, yð Þ ≤ T

(
: ð7Þ

The frame difference method is simple to implement, does
not require background modeling and updating, the algorithm
is fast, is not sensitive to changes in lighting, and can adapt to
complex and changeable environments, and is suitable for
scenes with high real-time requirements. However, the frame
difference method cannot completely extract the moving tar-
get; only the contour information can be extracted, so the target
information is incomplete. If the target feature is subsequently
extracted, the feature information will be incomplete [27].

4. Short-Distance Swimming Physical Function
Fatigue Limit Analysis

4.1. Effect of Intermittent Hypoxia Training on Swimmers. In
this study, the serum ferritin of the athletes in the experimen-
tal group and the control group was in the normal range
before and after the experiment, and there was no significant
difference, indicating that the two groups did not decrease
serum ferritin due to a lot of training. Iron is the raw material
for red blood cell production, and serum ferritin is an indica-
tor for detecting human iron reserves.

It can be seen from Table 1 that before the start of the
experiment, there was no significant difference in the red
blood cell counts of the athletes in the experimental group
and the control group, and the two groups were comparable;
in the simulated hypoxic environment caused by living high
and training low, the red blood cell counts of the athletes in
the experimental group were short-term. Although there
was an increase in internal, it did not reach statistical signif-
icance. Until the end of the experiment, the number of red

Figure 1: Examples of moving target detection pictures.

Table 1: The dynamic changes of intermittent hypoxia training on
athletes’ RBC.

Test group Control group

Before the experiment 4.54 4.52

Day 4 4.66 4.50

Day 8 4.80 4.52

Day 11 4.86 4.57

Day 15 4.79 4.48

Day 18 4.68 4.42

Day 21 5.10 4.65
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blood cells increased significantly compared to before the
experiment. There was no significant change in the number
of red blood cells of the athletes in the control group before
and after the experiment. It shows that the training method
of intermittent hypoxic training can significantly increase
the red blood cell count and enhance the body’s oxygen-
carrying capacity, but this effect must be displayed after
about 3 weeks of training, so pay attention to intermittent
hypoxic training time control. Since the life span of normal
red blood cells in the human body is 120 days, after the athlete
returns to normal training after the intermittent hypoxic train-
ing, the high level of RBC will remain for a period of time.

As shown in Figure 2, before the start of the experiment,
there was no significant difference in hematocrit between the
test group and the control group, and the two groups were
comparable. In the simulated hypoxic environment caused
by living high and training low, the hematocrit of the exper-
imental group had a significant increase on the 8th day, and it
continued to reach the highest value at the end of the exper-
iment. There was no significant change in the hematocrit of
the control group athletes before and after the experiment.
Within a certain range, the hematocrit is directly propor-
tional to the blood’s oxygen-carrying capacity, that is, the
larger the HCT, the stronger the blood’s oxygen-carrying
capacity; however, when the HCT exceeds a certain range
(generally considered to be more than 50%), the blood is

sticky. Sexual enhancement affects blood rheology. Experi-
ments show that the HCT of all athletes is in the best range,
indicating that the effective oxygen uptake of the athletes’
“red blood cells” is in the best state.

4.2. Effect of Intermittent Hypoxia Training on the Body
Water of Swimmers. The stable state of human physiological
processes relies on the close coordination of nerves and body
fluids. Generally speaking, nerve regulation is rapid and
short-lived, while body fluid regulation is slow and long.
The two complement each other and are in harmony.

Test group Control group

Before the experiment 41.54 45.2

Day 4 49.66 50.51

Day 8 48.24 47.52

Day 11 44.86 46.57

Day 15 41.79 44.48

Day 18 45.68 39.42

Day 21 38.16 34.65

41.54
45.2

49.66 50.5148.24 47.52
44.86 46.57

41.79
44.4845.68

39.4238.16
34.65

0

10

20

30

40

50

60

D
at

a

Group

Before the experiment
Day 4
Day 8
Day 11

Day 15
Day 18
Day 21

Figure 2: The dynamic changes of HCT of athletes during intermittent hypoxia training.

Table 2: Weight measurement values before and after intermittent
hypoxia training.

Test
group

Control
group

Experimental group
compared with control

Before the
experiment 1

67.08 63.38 P > 0:05

Before the
experiment 2

66.37 63.42 P > 0:05

In experiment 1 66.39 63.33 P > 0:05
In experiment 2 66.20 63.17 P > 0:05
After the
experiment

65.29 63.43 P > 0:05
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It can be seen from Table 2 that the weight of athletes in
the experimental group before intermittent hypoxic training
is not significantly different from that of the control group
(P > 0:05), indicating that the two groups are comparable;
tested in the experiment and after the experiment, the exper-
imental group had no significant difference between the ath-
letes’ weight and the control group (P > 0:05). There was no
significant difference in weight before and after the experi-
ment in the control group athletes. The weight of the athletes
in the experimental group decreased significantly after the
experiment compared with before the experiment (P < 0:05
), indicating that the athletes’ weight decreased significantly
after the intermittent hypoxic training.

As can be seen from Figure 3, the amount of exercise
curve goes from low to high and, then, from high to low.
The exercise volume in the first two weeks is higher, which
is to adapt to the exercise load stimulation and hypoxic stim-
ulation to make the athlete’s body produce and improve the
exercise adaptability. At 15 days, the red blood cell count
and hemoglobin showed a downward trend, indicating that
the athletes had accumulated a certain degree of fatigue after
two weeks of training. Therefore, in the third week, the
amount of exercise decreased and the exercise intensity
increased moderately.

5. Conclusions

This paper combines the idea of background difference in the
target detection algorithm to realize the automatic initializa-
tion of the search box. Aiming at the problem that the Cam-
shift algorithm is easy to lose the target when the lighting
conditions change drastically, a judgment strategy of the
average value and the actual value of the Hue component is
introduced to realize the real-time update of the color prob-
ability model. Aiming at the problem of tracking failure of
the Camshift algorithm after the target moves at a high speed
or is temporarily occluded, this paper combines the Kalman

filter algorithm to introduce a motion prediction mechanism,
which predicts the possible position of the target in the next
frame during the tracking process. Experimental results show
that the improved Camshift algorithm can maintain a good
tracking effect even under sudden changes in lighting. In
addition, when the target moves at a high speed or is tempo-
rarily occluded, the improved algorithm can still maintain a
stable recognition rate. This paper proposes an improved
strategy for the deficiencies of the ViBe target detection algo-
rithm and the Camshift target tracking algorithm, and the
effectiveness of the improvement is verified through experi-
ments. However, there are still some unresolved problems
in the research process. Therefore, the realization of adaptive
sharpening of the target area will be the focus of future
research. It is also in the future to extend the improved Cam-
shift algorithm to the application of multitarget tracking, a
new direction of work.

Data Availability

The data that support the findings of this study are available
from the corresponding author upon reasonable request.
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