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The proportion of network video traffic in the network is increasing as Internet and streaming media technology continues to
advance. The current network environment is becoming more complicated as new application services emerge. ISPs are
grappling with how to effectively allocate limited network bandwidth resources while maintaining network service quality
(Internet service provider). Currently, in the process of physical coaching, trainers use the video replay and analysis
management method with less difficulty to explain the essentials of movements to athletes, but it is not intuitive enough to
identify and classify network video services and can guide Internet service providers (ISPs) to optimise network resource
management and rationally configure traffic engineering, in order to ensure the quality of service (QOS) of video services.
Finally, using the shot as the unit, find similar video clips in the video database based on the video examples submitted by the
user, and return retrieval results based on similarity. This paper uses streaming video as the research object and examines the
transmission control of sports video using the particle swarm optimization algorithm in detail, based on a comprehensive
introduction to the analysis and recognition of sports video in the process of physical coaching.

1. Introduction

In today’s world, the Internet has become fully integrated
into our daily lives as a result of continuous advancements
in Internet technology, and it is profoundly changing global
interest patterns, economic patterns, and security patterns
[1]. In society, the Internet has gradually formed a new eco-
nomic form. “Intelligence” and “integration” have become
the main core features of Internet development in the new
era [2] as a result of “internet plus.” The global Internet is
entering a new era of intelligent convergence, and smart
homes, car networking, virtual reality, and other industries
have emerged as competitive hotspots, furthering societal
development, and drastically altering people’s lifestyles [3].
Video data, as an expression medium for information, not
only contains low-level semantics like colour, texture, object
motion, and spatial position information between objects,
but it also contains high-level abstract semantics of events
[4]. For example, we can learn the character’s emotion, the
event’s background, the causal relationship of the event,
and so on from video data [5]. Simultaneously, Internet con-

tent has evolved from traditional simple text information to
multimedia information [6], with the proportion of video
data increasing day by day, and the advent of streaming
media technology provides a strong technical guarantee for
the application and popularisation of network video trans-
mission [7].

Traditional keyword-based text data retrieval methods
rely on humans to manually annotate multimedia clips like
videos. When querying, the content of videos is ignored,
and retrieval is based solely on precalibrated tags, such as
video keywords [8, 9]. The particle swarm algorithm-based
video analysis and recognition of physical coaching can
effectively analyse information by collecting a large number
of video images of high-level athletes in normal training
and competition, and analyse the athletes’ movement trajec-
tory by tracking the athletes in real time, which can change
the training mode in which coaches guide athletes’ technical
movements only by manual observation and experience and
improve the standardisation. Traditional network applica-
tions such as FTP, Email, and Web applications are account-
ing for less and less network traffic, while emerging
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applications such as live webcasts, online games, streaming
media videos, and instant messaging applications are
accounting for more and more [10]. We can effectively
reduce packet delay and packet loss rate, avoid network con-
gestion to some extent, and ensure that the multimedia
receiver can receive as many data packets as possible within
the effective time by controlling the transmission of stream-
ing media through feedback control and some optimization
control methods [11], to ensure smooth video and audio
playback and the desired picture and sound effect [12].
How to improve network service quality with limited net-
work resources while ensuring user QoE (quality of experi-
ence) has become an urgent problem for ISPs (Internet
service providers) to solve [13]. At the same time, the cur-
rent Internet architecture and best-effort service mode are
insufficient for streaming media transmission [14].

As a result, implementing particle swarm optimization
to analyse and recognise sports video in the physical coach-
ing process is critical in order to guide Internet service pro-
viders (ISPs) in better allocating bandwidth resources,
providing better services for users, and ensuring a positive
user experience. It can also ensure that athletes intuitively
understand their own shortcomings and improve the quality
of physical training under the guidance of coaches during
the physical training process [15].

2. Related Work

To effectively distinguish P2P traffic, literature [16] pro-
posed a semisupervised clustering algorithm that used four
statistical characteristics of packet size, maximum, mini-
mum, mean, and standard deviation. A traffic classification
method based on multiobjective evolutionary fuzzy classi-
fiers was proposed in the literature [17] (MOE FCS).
MOEFCs have a high level of equilibrium precision and
interpretability. The advantages and disadvantages of exist-
ing identification and classification methods in identifying
various P2P services are discussed in literature [18]. Then,
based on support vector machine research, a new P2P traffic
identification model is proposed, which uses three statisti-
cal features to effectively detect P2P video analysis. An
improved method of random forest network flow classifica-
tion was proposed in the literature [19]. For the first time, lit-
erature [20] classified text and image information from
WeChat and discovered C4. The decision tree algorithm
has the best performance, with an overall accuracy of 99.93
percent. Based on feature weight learning, reference [21] pro-
posed an improved support vector machine network traffic
classification method. Feature weight learning is used in this
method, and the corresponding weight is assigned based on
the importance of each feature to classification. C4 5 and ran-
dom forest are compared in detail in reference [22], and it is
noted that C4 5 has the highest recognition accuracy, and
random forest has the highest operation efficiency in the
experimental data set of 25000 samples. A method for auto-
matically extracting the field colour in sports video was pro-
posed in the literature [23]. Unlike previous studies, this
method obtains the parameters using a Gaussian mixture
model and algorithm. The experiment is similar to the one

that came before it. The hidden Naive Bayes (HNB) model
is used to classify video analysis in the literature [24], and
the classification accuracy is 15% higher than that of tree aug-
mented Naive Bayes (tan). A one-dimensional convolutional
neural network-based end-to-end encrypted traffic classifica-
tion method was proposed in the literature [25]. This method
combines feature extraction, feature selection, and a classifier
into a single end-to-end framework with the goal of learning
the nonlinear relationship between the original input and
expected output automatically.

3. Analysis and Recognition of Sports Video in
Sports Training

3.1. Adaptive Threshold Moving Target Separation Based on
Particle Filter Prediction. How to select appropriate feature
subsets from massive data has become another research hot-
spot in video analysis and classification [26]. The schematic
diagram of particle filter prediction is shown in Figure 1
below.

Source IP address, source port number, destination IP
address, destination port number, and transport layer proto-
col type are among the features. For example, the quintuple
192.168.168.1, 100, 192.168.168.2, 80, and TCP means that a
terminal with an IP address of 192.168.168.1 passes port
100, uses the TCP protocol, and has an IP address of
192.168.168.1. The connection weights of neural networks
are usually determined in one of two ways: one, directly
according to specific requirements, such as when the Hop-
field network is used for optimization calculation, and the
other, through learning, which is used by most artificial neu-
ral networks [27–29]. It is a new multimedia information
processing and organisation technology that is not like the
old retrieval methods. Content-based video retrieval differs
from traditional keyword-based text retrieval due to the dif-
ferences between video and traditional text data. Each colour
space has its own context or application field, and different
colour spaces should be used for different situations [30].

The athletes in the training video sequence separation
are the moving target. To improve the accuracy of moving
target collection, an adaptive threshold moving target sepa-
ration algorithm based on particle filter prediction is used.
The faster the speed, the better in practise. Unless there is
an oversized storage device, the faster the speed is at the
expense of the pixels in each image frame. Moving object
separation is a crucial preprocessing step for video analysis
and classification using machine learning methods, and it
has a big impact on the classifier’s performance. For data
transmission, most network applications will use the TCP
or UDP protocols. The type of application will be indicated
by a 16-bit identifier in the corresponding packet header.
The application’s port number is this identifier. The neural
network automatically corrects the weight of the intercon-
nections in the network and gradually reduces the error
between the actual output and the target output using a
learning algorithm. The neural network automatically cor-
rects the weight of the interconnections in the network and
gradually reduces the error between the actual output and
the target output using a learning algorithm. Analyzing color
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images directly with hue and saturation yields better results
that reflect the nature of the color. Extraction of keyframes:
a key step in video processing is shot-segmentation-based
moving object separation, which involves extracting one or
more image frames that can reflect the main content of a
video shot. The quality of keyframes has a significant impact
on content-based video retrieval performance.

3.2. Moving Object Tracking in Moving Video. The training
process starts to learn according to the successfully separated
basic action video sequence and motion model, and the con-
ditional random field model of athletes’ basic actions is
obtained through training. The recognition process is shown
in Figure 2.

Tracking is mainly composed of two parts: prime search
algorithm and feature evaluation. By using the search algo-
rithm, we can find the subset that gives the best score of
the feature evaluation function, that is, the optimal subset.
The principle of the flow classification method based on port
number mapping is to realize traffic identification according
to the one-to-one mapping relationship between the port

number allocated by the Internet assigned numbers author-
ity (IANA) and the network application. Although the oper-
ation function of each neuron is very simple and the signal
transmission rate is low (about 110 times/s), due to the
extremely parallel interconnection function between neu-
rons, an ordinary human brain can finally complete the task
that the current computer needs at least 1.1 billion process-
ing steps in about 1 second. In the actual process of video
retrieval service, the ultimate requirement of users is to be
able to directly access the specified objects in the video, such
as whether a star has played a certain role in a movie. Based
on probabilistic reasoning and sampling process, the ran-
dom search method analyzes the influence of features on
classification results, gives different weights to each feature
in the search process, and finally selects the feature subset
according to the set threshold. The method is to detect the
payload of the data packet by DPI (deep packet inspection)
technology, then identify the unique protocol string or sig-
nature that can be distinguished from different applications
in the payload content and then find out whether the string
or signature is contained in the feature library, so as to

Last frame segmentation result

Particle initialization

Acquire that predicted target
value of each particle

Calculate the weight of each
particle

Re-sampling

Predict the probability that pixels in the next frame
belong to the background

Figure 1: Schematic diagram of particle filter prediction.

Feature acquisition

Normative action Numeric difference Semantic rules

Data acquisition

Observation sequence

Figure 2: Identification process.
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achieve the purpose of network flow identification and clas-
sification. Because the pixel comparison method is very sen-
sitive to the motion of objects, many researchers propose to
use the color histogram method to detect the lens boundary.
If the number of clusters is too small, the classification
results will be inaccurate, resulting in many backgrounds
being divided into foreground targets. If the number of clus-
ters is too large, it will be seriously interfered by noise and
other factors, and it will not be easy to see the change of
the rule of cluster center value, and the cost of the algorithm
will also increase.

Each feature subset generation is random and has no
bearing on the current feature subset. The size of the search
space can be limited by changing the maximum number of
iterations, despite the fact that the search space is O(2N).
The elements of the activation mode (input vector) are pro-
vided by the source node of the input layer to form the input
signal of the neuron (calculation node) of the second layer
(the first hidden layer). The second layer’s output signal is
used as the input for the third layer, which is constantly
transmitted. The network output is given by the final output
layer in relation to the source node’s activation mode. It
divides the image’s grey space into components and then
counts how many pixels fall into each subspace. This method
overcomes the drawback of relying too heavily on port num-
bers, and it is simple, practical, and accurate. However, this
method requires constant updating of the feature library, a
large amount of data, and a large amount of processing and
storage resources. Furthermore, for unknown application
types or encrypted data traffic, this method is useless.

4. Analysis of Sports Video Transmission
Control Based on Particle Swarm
Optimization Algorithm

4.1. Motion Feature Extraction. The purpose of key frame
extraction is to eliminate the duplicate information of
images in the shot and to represent the main content of
the shot with one or more images that can express the con-
tent of the shot, thus reducing redundancy and facilitating
the management of content-based video retrieval process.
The goal of sports video recognition in physical coaching is
to identify irregular training actions and then to constrain
the training standards adopted by athletes. The mean filter-
ing method can restrain the bad invasion of noise, and the
new background separation probability obtained is as fol-
lows:

Pf i, jð Þ = 1
9 〠

1

m=−1
〠
1

n=−1
P i +m, j + nð Þ: ð1Þ

For feature selection, relevance measurement mainly
measures the importance of features from two aspects: one
is to judge whether there is redundancy between features
according to the correlation between features; the other is
to judge the prediction ability of features according to the
correlation between features and categories. Due to the
interference of the parameter estimation deviation in the

camera static motion model on the post-processing results,
the false separation rate of the traditional Chinese method
increases significantly in the later stage, but the false separa-
tion rate of this method does not change significantly, which
shows that this method can realize the accurate separation of
sports video, as shown in Figure 3.

For category A, recall represents the proportion of the
number of samples correctly classified as category A to the
total number of samples in category A; the precision rate
represents the proportion of the number of samples cor-
rectly classified as category A to the number of samples clas-
sified as category A. In practical applications, there are often
multiple access terminals. The sports trend and times in the
process of physical coaching are regular. Therefore, the
second-order autoregressive sports model for physical
coaching is:

Xt − Xt−1 = Xt−1Xt−2 + ηWt : ð2Þ

Because there are multiple access terminals, if an output
link is configured for each access terminal, it will not only
waste resources but also have low utilization rate of the link.
In order to meet the actual requirements such as improving
the utilization rate of the link, the data streams of each access
terminal will be multiplexed and then transmitted uniformly
through a multiplexer. Firstly, it is necessary to initialize the
particles, manually identify the important joint points of the
skeleton model corresponding to the first frame and the sec-
ond frame of video tracking, initialize the particles of differ-
ent joint points and then shape the motion model that can
be matched based on the positions of each joint point, and
predict the positions and weights of particles at different
important joint points in the subsequent motion video
frames according to the motion model. If the weight of par-
ticles is higher than the set threshold, it means that the
motion model is inaccurate and should be improved in time.
Y-axis motion coordinate system is the coordinate system
set for athletes’ joints, and the center of joints is the origin.
The calculation method of each joint displacement is as fol-
lows:

Δx = x2 − x1: ð3Þ

For example, for a stationary lens, there is no form of
motion. Even if the duration of the lens is very long, it is
not necessary to extract too many key frames. The accuracy
and F-measure of the RFPOS feature selection algorithm
proposed in this paper are higher than those of the Relief-
PSO algorithm on UCI data sets, and the accuracy can reach
more than 93% on wine and ionosphere data sets. The com-
parison results are shown in Figure 4 below.

The tone probability distribution projection image gen-
erated by histogram back projection, that is, the back projec-
tion image of histogram. Each pixel value in the probability
image represents the probability that the input pixel belongs
to the histogram box. Compare the actual action of athletes
with the standard action in the database, extract the differ-
ence between the values, and then, get the semantic rules
through mapping. Replace the semantic rules entered in
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advance with the action realization state represented by con-
cise data, the actions that need to be improved and how to
improve them. The feature subset obtained by using correla-
tion measurement maintains a high correlation with the cat-
egory and a low correlation with other features. At the same
time, in order to study the operation efficiency of the algo-
rithm, two feature selection methods are used to conduct
30 repeated feature selection experiments on the same UCI
data set. The average time overhead of the two feature selec-
tion methods is shown in Figure 5.

Among them, TP (true positive) is called true, which
means that the actual and classified results are positive; FP
(false positive) is called false positive, which means that it
is actually a negative class and is classified as a positive class.
TN (true negative) is called true negative, which means that
both the actual and classified results are negative classes. FN
(false negative) is called false negative, which means that it is

actually a positive class and is classified as a negative class.
The token bucket mechanism is widely used in streaming
media video transmission control because it is simple, effec-
tive, and easy to implement. At the same time, it is a critical
component of this type of transmission control scheme, as
the token generation rate is the key to influencing the overall
control effect. To control the access of multiple access termi-
nals, multiple token buckets are used. Each access terminal
can be a streaming media server or any other data stream
source for streaming media. The farther away from the cen-
tre of the athlete area, the less reliable the pixel is, and the
more likely it is covered by other objects or belongs to the
background.

4.2. Global Motion Feature Extraction. Global motion and
local motion. Global motion is mainly caused by camera
motion, such as camera translation, rotation, and stretching.
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Therefore, it is reasonable to give different weights to the
pixels at different positions in the athlete area when calculat-
ing the histogram of the athlete area. The fluctuation range
of the downstream packet size of live video is larger, but it
is mainly between 400 and 600 bytes. The camera static
motion model between two frames can be expressed as:

x = ax′ + by′ + e,
y = cx′ + dy′ + f :

(
ð4Þ

The data packets of HTTP video download service are
generally maintained at a high level, ranging from 1430 to
1520 bytes. The comparison of the downlink average packet
sizes of the three network video services is shown in Figure 6
below.

The reference coordinate system is established by using
the stationary coordinate system and the motion coordinate
system, in which the Z-axis faces the paper according to the
right-hand coordinate system, and the origin of the X-axis
stationary coordinate system is the J1 joint point of the ath-
letes in the original state in Hanim specification. If the dis-
tance between categories is larger, the separability between
categories is larger, and the accuracy of classification is
higher. However, for the nonlinear classification problem,
we need to transform the nonlinear problem into a linear
problem through a nonlinear transformation. This is
because as u increases, the number of valid tokens in the
token bucket increases. Then, for the data in the token
bucket buffer, there are more opportunities to flow into the
multiplexer, so the delay and packet loss are reduced. There-
fore, the fuzzy function sigmoid:

sig vn+1id

� �
= 1

1 + exp −vn+1id

� �� � : ð5Þ

For example, the video of a person standing for a long
time in a still background has a small amount of motion
and simple form of motion. The fluctuation of Kan video
is the most irregular, because data transmission is affected

by shared nodes, and the average packet arrival time interval
of two stream sequence numbers is shown in Figure 7 below.

The sports forms include camera translation, stretching,
and character sports. In the process of tracking athletes with
the algorithm, a rectangular box is used to represent the
tracked athletes. In most cases, the box contains background
pixels or pixels of adjacent objects. Therefore, the histogram
generated by the color information in the rectangular box
also contains the characteristics of interfering objects or
background. The acquired video of the moving target and
the standard moving target are synthesized together, so that
the standard moving target and the athlete’s moving target
can be compared in an overlapping way, and the two moving
targets can also be played synchronously on the same screen,
so that the movement differences between the two move-
ments can be accurately determined, and the technical
movements of different moving targets can be visually and
clearly compared. Take a scene in the video, and the frame
rate at different times is shown in Figure 8 below.

By detecting the input motion video separation sequence
X, the parameters of conditional random field model can be
obtained, and the class with higher parameter value belongs
to the corresponding class. When the sample sets are nonlin-
ear, the original feature space can be mapped to the higher-
dimensional target space by nonlinear transformation, thus
transforming the nonlinear problem into a linear problem
in the high-dimensional space. In order to avoid the “dimen-
sion disaster” and the high computational complexity of
high-dimensional space, SVM uses kernel function to indi-
rectly realize the mapping from low-dimensional space to
high-dimensional space. The SVM kernel function expres-
sion is as follows:

fitness = N in
P

: ð6Þ

Due to the limited output capacity of the multiplexer at
this time, when C is less than the average rate of the input
stream, the rate of token generation is relatively low. To pre-
vent a large amount of data loss in the multiplexer, the size
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of the data stream flowing into the multiplexer is limited.
Because a large amount of input data is cached in the token
bucket’s buffer, the token bucket currently has a token short-
age. The fitness function calculates the fitness of the objec-
tive vector and each particle, with the particle with the
highest fitness being selected as the particle swarm optimiza-
tion solution. Calculate the optimal solution vector’s inter-
val. Because of the algorithm’s complexity, calculating the
optical flow of the entire image takes a long time, and most
videos have less local motion in the upper left corner. As a
result, to represent the overall motion of the image, only
the optical flow of the region is extracted.

5. Conclusion

Various emerging application types have continuously
emerged in recent years, causing network data flow to
explode, network structure to become more complex and
diverse, bandwidth consumption to skyrocket, and network
security issues to become more prominent. The current net-
work environment is becoming more complicated as new
application services emerge on a regular basis, and different
types of network application services have different QoS
requirements. How to analyse and identify physical coaching
videos reasonably and effectively under such complicated
and changing network conditions is the key problem that
we urgently need to solve right now. Because time delay
and packet loss are two important factors that affect the per-
formance of streaming media video transmission, effectively
reducing time delay and packet loss rate will improve
streaming media video transmission performance, allowing
end users to enjoy the video quality they deserve. Because
video service flow has surpassed network service flow as
the most important, network video service flow is becoming
increasingly important. It has significant practical implica-
tions for physical coaching video analysis and recognition
using the particle swarm optimization algorithm, whether
it is for improving the network’s use environment or ensur-
ing the users’ QoE (quality of experience). The process of
sports video analysis and recognition in the physical coach-
ing process is the subject of this paper. The method studied
in this paper has high action recognition rate and low false
separation rate, and the recognition rate variance of all kinds
of actions is low and has high stability. The initialization of
particle swarm does not adopt the strategy of random gener-
ation, but sorts the feature subset according to CI, and uses
the top ranked features to guide the initialization of particle
swarm.

Data Availability

The data used to support the findings of this study are avail-
able from the corresponding author upon request.

Conflicts of Interest

The author does not have any possible conflicts of interest.

References

[1] C. Li, H. Gao, J. Qiu et al., “Grey model optimized by particle
swarm optimization for data analysis and application of multi-
sensors,” Sensors, vol. 18, no. 8, p. 2503, 2018.

[2] Z. Cheng, J. Yang, and L. V. Wang, “Intelligently optimized
digital optical phase conjugation with particle swarm optimi-
zation,” Optics Letters, vol. 45, no. 2, pp. 431–434, 2020.

[3] A. Sharifi, A. Harati, and A. Vahedian, “Marker-based human
pose tracking using adaptive annealed particle swarm optimi-
zation with search space partitioning,” Image & Vision Com-
puting, vol. 62, pp. 28–38, 2017.

[4] I. Samizadeh, H. Kazemian, K. Fisher, and K. Ouazzane,
“Performance optimization in video transmission over Zig-
Bee using particle swarm optimization,” in 2016 IEEE 9th
International Workshop on Computational Intelligence and
Applications (IWCIA), vol. 4no. 1, pp. 91–98, Hiroshima,
Japan, 2016.

[5] M. Gao, W. Cai, and R. Liu, “AGTH-net: attention-based
graph convolution-guided third-order hourglass network for
sports video classification,” Engineering, vol. 2021, pp. 1–10,
2021.

[6] D. Yao, Z. Zhi-li, Z. Xiao-feng et al., “Deep hybrid: multi-graph
neural network collaboration for hyperspectral image classifi-
cation,” Defence Technology, 2022.

[7] G. Thirumalaiah and S. Immanuel, “An energy optimized
object modeling technique for video synopsis using particle
swarm optimization,” Journal of Green Engineering, vol. 10,
no. 6, pp. 2910–2924, 2020.

[8] S. Pandit, P. K. Shukla, and A. Tiwari, “Enhance the perfor-
mance of video compression based on fractal H-V partition
technique with particle swarm optimization,” International
Journal of Computer Sciences and Engineering, vol. 6, no. 1,
pp. 31–35, 2018.

[9] P. Li, D. Xu, Z. Zhou, W. J. Lee, and B. Zhao, “Stochastic opti-
mal operation of microgrid based on chaotic binary particle
swarm optimization,” IEEE Transactions on Smart Grid,
vol. 7, no. 1, pp. 66–73, 2016.

[10] “Improved particle swarm optimization based selective har-
monic elimination and neutral point balance control for
three-level inverter in low-voltage ride-through operation,”
IEEE Transactions on Industrial Informatics, vol. 18, no. 1,
pp. 642–652, 2022.

[11] A. B. Waqas, Y. Saifullah, and M. M. Ashraf, “A hybrid quan-
tum inspired particle swarm optimization and least square
framework for real-time harmonic estimation,” Energy,
vol. 9, no. 6, pp. 1548–1556, 2021.

[12] G. Armano and M. R. Farmani, “Multiobjective clustering
analysis using particle swarm optimization,” Expert Systems
with Applications, vol. 55, pp. 184–193, 2016.

[13] P. M. Kakde and S. M. Gulhane, “A comparative analysis of
particle swarm optimization and support vector machines for
devnagri character recognition: an android application,” Pro-
cedia Computer Science, vol. 79, pp. 337–343, 2016.

[14] M. Gerwien, R. Vowinkel, and H. Richter, “Algebraic stability
analysis of particle swarm optimization using stochastic Lya-
punov functions and quantifier elimination,” SN Computer
Science, vol. 2, no. 2, p. 58, 2021.

[15] G. Xu and G. Yu, “On convergence analysis of particle swarm
optimization algorithm,” Journal of Computational and
Applied Mathematics, vol. 12, 2018.

8 Mobile Information Systems



[16] T. W. Macfarlane, S. Petrowski, L. Rigutto, and M. R. Roach,
“Computer-based video analysis of cerebral arterial geometry
using the natural fluorescence of the arterial wall and contrast
enhancement techniques,” Blood Vessels, vol. 20, no. 4,
pp. 161–171, 1983.

[17] X. Zhang, Z. Wu, and Y. G. Jiang, “SAM: modeling scene,
object and action with semantics attention modules for video
recognition,” IEEE Transactions on Multimedia, vol. 8, p. 99,
2021.

[18] D. Lee, D. Wang, Y. Yang, L. Deng, G. Zhao, and G. Li,
“QTTNet: quantized tensor train neural networks for 3D
object and video recognition,” Neural Networks, vol. 141,
pp. 420–432, 2021.

[19] J. Minju, L. Haanvid, and T. Jun, “Adaptive detrending to
accelerate convolutional gated recurrent unit training for con-
textual video recognition,” Neural Networks, vol. 105, pp. 356–
370, 2018.

[20] Z. Huang, P. Shivakumara, T. Lu et al., “Improved ring radius
transform-based reconstruction for video character recogni-
tion,” International Journal of Pattern Recognition and Artifi-
cial Intelligence, vol. 35, no. 7, p. 2150023, 2021.

[21] M. Smith and R. Toumi, “Using video recognition to identify
tropical cyclone positions,” Geophysical Research Letters,
vol. 48, no. 7, 2021.

[22] B. Jin and Z. Xu, “EAC-net: efficient and accurate convolu-
tional network for video recognition,” Proceedings of the AAAI
Conference on Artificial Intelligence, vol. 34, no. 7, pp. 11149–
11156, 2020.

[23] M. Wang, “Application of video recognition technology in
sports stunt teaching,” IOP Conference Series Materials Science
and Engineering, vol. 750, no. 1, article 012123, 2020.

[24] Z. Liu, D. Luo, Y. Wang et al., “TEINet: towards an efficient
architecture for video recognition,” Proceedings of the AAAI
Conference on Artificial Intelligence, vol. 34, no. 7, pp. 11669–
11676, 2020.

[25] Z. Wei, J. Chen, X. Wei et al., “Heuristic black-box adversarial
attacks on video recognition models,” Proceedings of the AAAI
Conference on Artificial Intelligence, vol. 34, no. 7, pp. 12338–
12345, 2020.

[26] R. Zhang, “Sports action recognition based on particle swarm
optimization neural networks,” Wireless Communications
and Mobile Computing, vol. 2022, 8 pages, 2022.

[27] G. Xie, L. Huang, H. Bin et al., “Sustainable entrepreneurship
in rural E-commerce: identifying entrepreneurs in practi-
tioners by using deep neural networks approach,” Frontiers
in Environmental Science, vol. 15, p. 370.

[28] J. Zhan, Y. Hu, G. Zhou, Y. Wang, W. Cai, and L. Li, “A high-
precision forest fire smoke detection approach based on ARG-
Net,” Computers and Electronics in Agriculture, vol. 196, article
106874, 2022.

[29] X. Jin, J. Zhang, J. Kong, T. Su, and Y. Bai, “A reversible auto-
matic selection normalization (RASN) deep network for pre-
dicting in the smart agriculture system,” Agronomy, vol. 12,
no. 3, p. 591, 2022.

[30] K. Han, “Motion recognition algorithm in VR video based on
dual feature fusion and adaptive promotion,” IEEE Access,
vol. 8, pp. 201134–201146, 2020.

9Mobile Information Systems


	Analysis and Recognition of Sports Video in Physical Coaching Process Using Particle Swarm Optimization Algorithm
	1. Introduction
	2. Related Work
	3. Analysis and Recognition of Sports Video in Sports Training
	3.1. Adaptive Threshold Moving Target Separation Based on Particle Filter Prediction
	3.2. Moving Object Tracking in Moving Video

	4. Analysis of Sports Video Transmission Control Based on Particle Swarm Optimization Algorithm
	4.1. Motion Feature Extraction
	4.2. Global Motion Feature Extraction

	5. Conclusion
	Data Availability
	Conflicts of Interest

