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,e advancements in modern science and technology have greatly promoted the progress of sports science. Advanced tech-
nological methods have been widely used in sports training, which have not only improved the scientific level of training but also
promoted the continuous growth of sports technology and competition results. With the development of sports science and the
gradual deepening of sport practices, the use of scientific training methods and monitoring approaches has improved the effect of
sports training and athletes’ performance. ,is paper takes sprint as the research problem and constructs the image of sprinter’s
action recognition based on machine learning. In view of the shortcomings of traditional dual-stream convolutional neural
network for processing long-term video information, the time-segmented dual-stream network, based on sparse sampling, is used
to better express the characteristics of long-termmotion. First, the continuous video frame data is divided into multiple segments,
and a short sequence of data containing user actions is formed by randomly sampling each segment of the video frame sequence.
Next, it is applied to the dual-stream network for feature extraction.,e optical flow image extraction involved in the dual-stream
network is implemented by the system using the Lucas–Kanade algorithm. ,e system in this paper has been tested in actual
scenarios, and the results show that the system design meets the expected requirements of the sprinters.

1. Introduction

Scientific and reasonable sports training [1–3] is a sports
training mode based on the feedback information of
functional monitoring indicators and technical monitoring
indicators to regulate the intensity of sports training. At
present, the main application for monitoring sports training
from the perspective of technical monitoring is the sports
video analysis system [4–7]. However, the motion video
analysis system still has serious shortcomings, mainly due to
the inability of timely feedback and complicated operations.
,e test data can be obtained only one or two months or
probably three or four months after the image is taken.
Hence, the real-time monitoring cannot be realized as the
obtained data has no practical guiding value. ,e bottleneck
of rapid feedback of kinematics research lies in the method
of data collection and processing. ,e traditional analytical

method is to manually interpret the joints of the human
body.,e workload is huge, which seriously affects the speed
of feedback. Moreover, the manual recognition operation is
boring and often affected by errors experienced during fa-
tigue and various operations along with poor repeatability.
,e operation of motion video analysis system is also rel-
atively complicated, and it requires certain basic knowledge
and strict training to operate it. For busy coaches, the op-
erability is very poor.

In order to solve the problem of slow information
feedback and poor operability of the sports video analysis
system, this article takes sprint as the research problem, uses
computer as the tool, and adopts the literature and expert
interviews into account for measurement, software engi-
neering modeling of sports [8–10], and human body con-
struction. Research methods such as simulation and
mathematical modeling transform the video into a jitter-free
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digital image and automatically recognize the joint points of
the human body. Typically, this is achieved by extracting the
contour line of the moving human body, dividing the
movement phase, determining the length of the scale,
tracking the area, determining the joint point, performing
special judgment, and processing of the situation. At the end,
a computer application program “automatic recognition
software system for human body joint points in sprint
[11, 12]” is generated. ,e computer automatically recog-
nizes the human body joint points in the sprint motion
image, so that the motion video analysis system can accu-
rately and timely feed back the motion information with
good operability.

,e method of using motion recognition technology to
analyze the technical actions of sprinters during the exercise
to improve the quality of training has gradually attracted
people’s attention. ,rough the recognition of exercise
videos during the training process, people’s motion status
can be grasped, and computer analysis and recognition are
used at the same time. ,e related parameters which are
obtained reflect more intuitively the degree of standardi-
zation of the athletes’ training movements and help coaches
and athletes to analyze technical movements and find
problems, thereby improving the quality of athletes’
training.

,e system designed in this article adopts a client/server
design architecture. ,e client data acquisition module
acquires and displays real-time video and transmits it to the
server synchronously. After the server receives the data, it
performs action recognition and feeds back the recognition
result. ,e client and server use multithreading technology
for data synchronization. ,e main contributions of this
paper are as follows:

(1) Aiming at the shortcomings of traditional dual-
stream convolutional neural networks in processing
long-term video information, the time-segmented
dual-stream network based on sparse sampling used
in this paper can better express the characteristics of
long-term motion. First, the continuous video frame
data is divided into multiple segments, and a short
sequence of data containing user actions is formed by
randomly sampling each segment of the video frame
sequence, which is then applied to the dual-stream
network for feature extraction.

(2) ,is paper uses the Lucas–Kanade algorithm to
extract the optical flow image because it contains the
movement and time information of the target, which
can effectively represent the movement of the pixels
in different areas of the continuous frame image.

(3) ,is paper proposes a variety of data enhancement
methods and network pretraining strategies to al-
leviate the risk of overfitting in the network training
process.

(4) Analyzing the feature fusion methods of multiple
dual-stream networks, network fusion at the con-
volutional layer is adopted and a three-dimensional

convolution and pooling operation is used to per-
form feature aggregation operations, so that the
network can express the spatiotemporal character-
istics of actions more efficiently. Hence, it ensures
higher recognition accuracy.

,e rest of the paper is organized as follows. In Section 2,
the background information is provided. In Section 3, the
research methodology of our proposed work is explained. In
this section, first, we discuss the system design followed by
video action recognition. In Section 4, we provide com-
prehensive experimental results. Finally, we conclude the
paper with future research directions in Section 5.

2. Background

In recent years, in the field of motion recognition, com-
mercial institutions and scientific research institutes have
achieved extremely important results. According to the data
acquisition method for classification, the commonly used
action recognition methods can be divided into two types
based on wearable devices and vision. In sports such as table
tennis, since it is a ball game dominated by arm movements,
long-term exercise monitoring and analysis using wearable
devices will not be conducive to the training effect of ath-
letes. ,erefore, the motion recognition method based on
machine vision [9] is more suitable for this application’
system development.

One of the important sources of human perception
about the external environment is visual information.
Human action recognition involves many fields such as
machine vision, feature selection, and pattern recognition.
It is a challenging advanced processing method for motion
visual analysis [10]. In recent years, video-based action
recognition technology has important research significance
both in scientific research and in practical applications.
Despite the efforts of researchers worldwide, though the use
of machine learning to model and analyze human behavior
has made great progress, they are also aware at the same
time that the development of behavior recognition tech-
nology is still arduous and there are many problems that
need to be solved urgently, which mainly include the
following:

(1) ,e influence of the background factors of video
environment: It is often difficult to avoid having a
more complicated background in a video. ,e
cluttered background factors will have varying de-
grees of influence on the subject of the action.
,erefore, it is more difficult to identify and analyze
the action in this case. In addition, factors such as
changes in lighting in the video, whether there is
occlusion, and the deviation of the viewing angle will
also affect the feature performance of behaviors to
varying degrees. ,e feature extraction and analysis
of behaviors will become more complicated,
resulting in the final recognition result getting dif-
ficult to achieve the desired accuracy.
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(2) Differences in data within and between classes:
Different subjects are doing the same behavior, and
there are still certain differences in posture and scale.
,erefore, for more complex actions, the data dif-
ference within the class makes the action recognition
more difficult. In order to effectively improve the
effect of behavioral action recognition, it is necessary
to fully consider the impact of data changes within
and between classes.

(3) Difference between the video action database and the
real video data: At present, in order to facilitate
effective training and effect verification of various
research methods, most of the research is carried out
based on some public video action databases.
However, compared with various types of video data
collected in real life, the video size, the quality, and
other aspects are different, and there is a lack of rich
changes.

In recent years, research community has poured a lot of
enthusiasm for exploration around the abovementioned is-
sues. With the rapid development of machine vision tech-
nology, the recognition and analysis of human actions has
moved from a pioneering method of artificial representation
to a research field based on deep learningmethods. It has been
able to learn from millions of videos and is applicable to
almost advanced solutions for all daily activities. Looking at
the research and development of video behavior and action
recognition algorithms [11] in recent years, it can be divided
into two categories according to the nature of the extracted
behavior and action features, i.e., learning methods based on
shallow features and methods based on deep learning.

In addition, because the convolutional neural network
[13–16] only has a good expression of the two-dimensional
features of the image, it is difficult to meet the extraction of
the timing information in the video action. It can effectively
combine the features of the previous moment to ensure that
the network is able to understand the timing information.
Since the video behavior can be regarded as a set of con-
tinuous and related image sequences, a dual-stream network
model framework of CNN [17–19] combined with LSTM is
produced. ,e main objective is to use the convolutional
neural network to extract the spatial characteristics of the
video frame image, to capture the timing information be-
tween actions through the RNN network, and to combine
the temporal and spatial information [12] to recognize the
video actions. In addition, the movement of the human body
can be described by the movement of the skeleton joint
points. Hence, a dual-stream RNN is used for spatial po-
sition and time dynamic characteristics of the human
skeleton joint points for modeling. ,e RNN-based method
can directly pass video frames as input to the network to
realize an end-to-end action recognition.

3. Methodology

In this section, first, we discuss our system design in Section
3.1 followed by video action recognition of the athlete
(sprinter in this case) in Section 3.2. Finally, we discuss the

network model of our action recognition for the sprinter in
Section 3.3.

3.1. System Design. Our system design is based on the cli-
ent–server (C/S) architecture. ,e client and server are
connected through a local area network, and the socket is
used to realize the data communication between the front
and back ends. ,e system assigns the data calculation and
processing to the algorithm server to complete, and the
client is mainly used as the carrier of display and control.
,is design method reduces the overhead of the client’s
storage and computing capabilities and effectively improves
the real-time performance of the system. In addition, the
design concept of multiclient sharing algorithm server is
helpful for the expansion of system cluster design. ,e
overall structure of the system is shown in Figure 1.

In this figure, the client program is mainly responsible for
the display and collection of action video data. ,e real-time
video stream is captured by the video data acquisition module
(as shown in Figure 2).,e data transceiver module transmits
real-time video data to the server and receives the results of
the data recognition processing on the server side.,e display
module is responsible for displaying the athletes’ real-time
training actions, videos, and corresponding recognition re-
sults. ,e server-side program is mainly responsible for
recognizing the video data of the Ping-Pong ball receiving and
serving action and synchronizing the recognition results. ,e
data transceiver module on the server side receives the col-
lected video data and synchronizes the results to the client.
,e action recognition module is responsible for feature
extraction and action recognition of the video data. At the
same time, the displaymodule on the server side synchronizes
the working status of the server in real time.

,e detailed workflow of the system is shown in Figure 3.
A thread is opened through the system client tomonitor user
control instructions and parse them. When receiving the
instruction to start training, call the web camera to capture a
real-time video stream containing the act of receiving and
serving the ball. ,e client’s data transceiver module sends
the synchronization instructions and data to the server,
notifies it to receive the video data, and calls the identifi-
cation module for processing and identification. At the same
time, the client program will also monitor and display the
training video captured by the camera in real time. During
user training, the client uses this thread to receive user
instructions. If the thread receives an instruction to stop
training before the end of the training, the client will stop the
acquisition of the video stream and synchronize the message
to the server. After the data transceiver module of the system
server receives the video data transmitted by the client, it
calls the algorithm program of the action recognition
module to process the data and finally feeds back the rec-
ognition result to the client. At the same time, the server-side
display interface will monitor the running status of the
server in real time. ,e client data transceiver module will
always monitor the server port and wait to receive the
recognition result feedback by the server, call the training
pattern in the database for comparison with the recognition
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result, and display the completion of the training plan in real
time on the interface, and the result will be displayed. It is
stored in the database and used as a reference basis for
coaches to guide and make training plans in the future.

3.2. Video Action Recognition. In this section, first, we
discuss the dual-stream convolutional neural network
(CNN) followed by optical flow feature extraction of
sprinter’s action video data.

Display module

Data transceiver module

Display module

Data transceiver module

Client Server

Video data

Recognition
result

Action recognition 
moduleData acquisition module

Figure 1: ,e overall structure of the system.

Figure 2: Real-time sprint video data collection.

Client command
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Client data sending
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Client interface
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Data processing and
motion recognition 

Server data sending
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Video data
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Video data

Real-time video
stream acquisition

Recognition result

Recognition result

Recognition resultReal-time video

Figure 3: Detailed workflow of the system.
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3.2.1. Dual-Stream Convolutional Neural Network. In recent
years, most of the research work has been inspired by the
dual-stream convolutional neural network, which combines
the spatiotemporal information extracted from the RGB
image and the optical flow image of the video and extracts
two types of features through two separate convolutional
neural networks. We need to identify and produce the final
prediction result. Video information contains two parts:
space information and time information. Compared with
static images, the time sequence component of video pro-
vides additional motion information that represents time for
action recognition. ,e spatial information in the video is
the position on each frame of the image, which represents
the spatial information such as the target and the scene in the
video; the time information refers to the change between
video frames and carries the target movement information
between consecutive video frames, including the movement
of the camera or movement information of the target object,
etc. ,e idea of realizing video action recognition mainly
includes two categories, namely, the method of extracting
video spatiotemporal features for video recognition and the
method of retraining by using human skeleton node in-
formation as network input data. In this paper, the system
uses ordinary camera equipment to collect motion video for
recognition, so the dual-stream convolutional neural net-
work is mainly used to extract video spatiotemporal features
for action recognition and analysis.

As shown in Figure 4, the dual-stream convolutional
neural network is composed of a convolutional network that
expresses two-dimensional information of spatial flow and
temporal flow and is used to process the spatiotemporal
information of video data. ,is dual-stream network design
architecture comes from biological vision. ,e spatial-
stream network takes a single-frame RGB image of the video
as input. ,e decoupling of the spatial stream and the
temporal stream network also enables the use of image data
on large image data sets. ,e pretraining of the spatial-
stream network is used to recognize the surface features
related to the action and realize the feature description in the
spatial domain of the video. ,e spatial flow network is the
same as the common static image recognition network,
while the time flow network is to input multiframe stacked
optical flow images into the network for training. It is used to
learn the time features contained in the action, such as the
movement and deformation of the target. For feature de-
scription of the video action in the time domain, we use the
method of multitask training, which provides two softmax
output layers for fusion. ,e output of the softmax layer is
the probability of identifying the action category. Providing
two softmax outputs is equivalent to the process of regu-
larization. ,ere are two main fusion methods: averaging
and retraining an SVM classifier using the softmax layer for
recognition. In short, the processing method of decoupling
spatiotemporal features of dual-stream convolutional neural
network better describes the movement information of
sprinters.

,e dual-stream convolutional neural network actually
draws on the dual-stream pathway of information pro-
cessing in the human brain’s visual system, which can

effectively capture the local motion information of the target
in the video and improve the single-stream convolutional
neural network’s ability to solve the action recognition
problem. However, there are also some shortcomings. First,
because the prediction of the action video is obtained by the
average prediction of the sampled video clips, the medium-
and long-term time information is still lacking in the learned
features. Secondly, since the training data samples are ob-
tained by randomly sampling video clips, there may be a
problem of incorrect assignment of labels for each category
of data. Finally, the use of dual-stream convolutional neural
networks requires the optical flow image to be precalculated
and saved as the input of one of the networks. ,e network
training requires separate training for single-frame RGB
images and multiframe stacked optical flow images, so the
network is difficult to achieve an end-to-end training.

3.2.2. Optical Flow Feature Extraction of Sprinter’s Action
Video Data. Optical flow represents the speed vector of the
object in the video, including the instantaneous motion
direction and speed of the pixel information. It can be used
to represent the motion information of the sprinter in the
video. ,e optical flow feature combines the static infor-
mation and motion information of the image and is a good
feature performance for describing the behavior of sprinters.
,is section will describe the optical flow feature extraction
algorithm in detail by introducing the design ideas of the
client real-time video data acquisitionmodule. After the data
is synchronized to the server through network communi-
cation, the optical flow image is extracted from it for sprinter
action feature extraction and data processing process. Data
preprocessing performed by data enhancement technology
can effectively avoid the risk of overfitting during network
training due to the small action dataset.

,e essence of object movement is the relative positional
movement between the object and the scene. When the
observer observes the moving object, the scene of the
moving object will form a continuously changing image on
the retina of the eye, which seems to flow through the retina
of the eye; hence, it is called optical flow. Optical flow ex-
presses the instantaneous velocity field of image pixels,
including the position, instantaneous velocity, direction, and
other pieces of information of a certain pixel of the moving
target in the video.,e optical flowmethod is used to extract
the motion information of the foreground target in the
video, and the motion foreground can be monitored in-
dependently without knowing any information of the scene
in advance. Optical flow is calculated mainly to determine
the change of the same pixel in two adjacent frames by
estimating the time domain changes of pixels in different
areas of the two frames of images and the correlation be-
tween pixels. Next, the vector of the moving target in a single
image field is obtained to realize the motion estimation of
objects in the image.

,e two most famous methods for calculating optical
flow are the Hom–Schunck algorithm and the
Lucas–Kanade algorithm. ,e Hom–Schunck algorithm is
based on the fact that the gray level of the object image
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remains unchanged within a short time interval, assuming
that the velocity vector field changes slowly in a given
neighborhood, and the global smoothness constraint of the
optical flow field is proposed. However, due to the
smoothness assumption that the algorithm is based on, there
may be large errors in the vector estimation of the optical
flow in the edge area of the image or in the presence of
occluded areas. ,e Lucas–Kanade algorithm uses local
smoothness constraints, i.e., by assuming that all pixels in a
small neighborhood have similar motions, and then realizes
the estimation of optical flow. Compared with the previous
algorithm, the Lucas–Kanade algorithm is simpler to im-
plement and has lower computational complexity. ,ere-
fore, the system uses the Lucas–Kanade algorithm for the
calculation and estimation of optical flow. ,e realization of
this algorithm first needs to satisfy several assumptions:

(1) ,e outside has a constant intensity of light to avoid
the intensity of the outside light from causing
changes in the pixel value of the same point in the
image.

(2) ,e time between adjacent frames of images is short
enough so that the pixel difference between frames
can be ignored when considering motion changes.

(3) ,e image pixels of the moving target perform
similar movements in the same neighborhood.

Assuming that the brightness of the pixel at the point
(x, y) at timet is I(x, y, t), the pixel point moves to the
position (x + Δx, y + Δy) at time t + Δt. ,e brightness at
time t is I(x + Δx, y + Δy, t + Δt). Based on the above as-
sumption, the brightness of the pixel at the same point is
constant; hence,

I(x, y, t) � I(x + dx, y + dy, t + dt). (1)

According to the assumption that the movement time of
the target object is very short, the above equation can be
Taylor-expanded to obtain the following equation:

zI

zx
Δx +

zI

zy
Δy +

zI

zt
Δt + Δ � 0. (2)

Ignoring the higher-order term Δ and deriving the above
formula to Δt, the constraint formula for optical flow can be
obtained as follows:

Ixμ + Iyv + It � 0, (3)

where Ix, Iy, and It can be calculated directly from the
image, and (µ, v) is the optical flow of I(x, y, t), which is an
unknown quantity, and the optical flow value cannot be
obtained only by the optical flow equation. ,erefore, the
selected Lucas–Kanade algorithm will solve the equation by
attaching various optical flow constraints. ,is method is
based on local smoothness constraints; that is, it is assumed
that the pixels of the image have small displacements be-
tween adjacent frames and maintain approximate motion in
the neighborhood. ,en, the basic optical flow equation of
the pixels in the neighborhood can be solved by the least
square method.

According to the assumption of the Lucas–Kanade al-
gorithm, all pixels in a small local area have similar motions.
Based on the basic optical flow equation, an overdetermined
equation can be obtained as follows:

Ix Xi( μ + Iy Xi( v + It Xi(  � 0. (4)

,e optical flow estimation error is defined as

E � 
Xi ∈ θ

Ix Xi( μ + Iy Xi( v + It Xi(  
2
. (5)

,e optical flow calculation equation can be obtained by
fitting by the least square method:

A
T
A v

→
� A

T
(− b), (6)

where A is the coefficient matrix and b � − (It(X1), . . . ,

It(Xn))T is the constant term. When ATA is a nonsingular
matrix, the solution of the above equation is

μ

v
  �


i

Ix Xi( 
2


i

Ix Xi( Iy Xi( 


i

Ix Xi( Iy Xi(  
i

Ix Xi( 
2

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

− 1
− 

i

Ix Xi( It Xi( 

− 
i

Ix Xi( It Xi( 

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
. (7)

From this, the value of μ,v can be obtained.

Video frame
image 

Single-frame
image Conv1 Conv2 Conv3 Conv4 Conv5 FC1 FC2

Feature
fusion 

Softmax

Conv1 Conv2 Conv3 Conv4 Conv5 FC1 FC2 SoftmaxMultiframe
optical flow image

Figure 4: Dual-stream convolutional neural network model.
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3.3. Action Recognition Network Model. ,is paper uses a
time-segmented convolutional neural network based on a
sparse sampling strategy. Its structure is shown in Figure 5.
,e time-segmentation convolutional neural network used is
to segment the entire video and sparsely sample short seg-
ments as the network input and extract the temporal char-
acteristics of the optical flow image and the spatial
characteristics of the RGB image to perform action recog-
nition tasks. ,e time segmentation convolutional neural
network first divides a video containing an action into several
equal parts and then randomly extracts a short sequence from
it that can effectively express the motion information in the
entire video. For each sampled segment, feature extraction is
performed through a dual-stream convolutional neural net-
work. ,e temporal stream network captures the temporal
structure information of the video and the spatial appearance
information of the image captured by the spatial-stream
network. Next, a corresponding dual-stream network pre-
diction is generated for each short segment. Finally, an ag-
gregation function is used to fuse the characteristics of time
flow and spatial flow network as the recognition result of the
entire video.,ismethod can effectively extract the long-term
information of the entire video, which is more accurate and
effective than the recognition method of densely sampling the
entire video segment; also, it no longer increases the com-
putation cost. In the learning process, the loss value of the
entire video prediction is optimized through the iterative
update parameter calculation to realize the end-to-end net-
work training process.

For a given action video frame data, first, divide it into N

video frame sequences of equal length S1, S2, . . . , SN , and
then randomly sample a short-term video sequence from
each part SN. ,e network models the short-term sequences
(T1, T2, . . . , TN) extracted from each part as the input
number, corresponding to the equation below:

T T1, T2, . . . , TN(  � H G F T1, W( , F T2, W( , . . . , F TN, W( ( ( .

(8)

4. Experimental Setup and Results

In this section, we discuss the experimental environment
followed by the dataset that is used in this research.
Moreover, we also talk about the training process of the
model and the preliminary simulation we have obtained so
far.

4.1. Experimental Environment. Since the experiment in this
article needs to train a deep neural network, hence the scale
is large, the structure is more complex, and the calculation
scale is massive. ,e neural network training process needs
to use GPU to accelerate the calculation. ,e experimental
environment configuration is shown in Table 1.

In our experimental work, the data set is a 100-meter
short film project, with a total of 5000 videos, each video
action lasts about 2–10 seconds, the resolution is 320∗ 240,
and the frame rate is 30 frames per second.

4.2. Training. ,e learning of network parameters is achieved
by a small batch of gradient descent algorithm, with the batch
size set to 256 and the momentum set to 0.9. Gradient descent
in small batches can be accelerated by calculation of matrices
and vectors, and the variance of updated parameters can be
reduced to obtain more stable convergence. Using a batch, each
time can reduce the number of iterations of convergence and at
the same timemake the result of convergence closer to the effect
of gradient descent. For traditional gradient descent algorithms,
if the actual objective function plane is a partially concave
surface, then a negative gradient will make it point to a steeper
position. ,is situation near the local optimal value of the
objective function will cause the convergence rate to slow. At
this time, it is necessary to give the gradient a momentum, so
that it can jump out of the local optimum and continue to
optimize in the direction of gradient descent, so that the net-
work model can more easily converge to the global optimum.

For the time segmentation dual-stream network used in
this system, set the initial weight of the spatial stream con-
volutional neural network to 1 and the initial weight of the time
stream convolutional network to 1.5. ,e learning rate of the
network training is set smaller: set the initial value of the spatial
flow convolutional neural network to 0.01 and adjust it to one-
tenth every 2000 iterations; set the initial value of the time flow
convolutional neural network to 0.005; adjust it to one-tenth
after 12000 and 18000 iterations of network parameters. In
addition, the total time-consuming data training is as follows:
the spatial streaming network requires about 2 hours and the
time streaming network requires about 11 hours.

4.3. Experimental Results. ,e value of spatial flow con-
volutional neural network is set to 0.01 and adjusted it to
one-tenth after 2000 iterations. Next, we set the initial value
of the time flow convolutional neural network to 0.005 and
adjust it to one-tenth after 12000 and 18000 iterations of
network parameters. In addition, the total time-consuming
data training is as follows: the spatial streaming network
requires about 2 hours and the time streaming network
requires about 11 hours.

In Figure 6 and Table 2, the accuracy for action sprint is
computed. It can be seen from these results that separate
spatial stream and time stream convolutional neural net-
works are far less effective in recognition of actions than the
dual-stream fusion network model, and the recognition
accuracy is about 5% to 19% lower. For different training
methods, due to the small data set of the action category, the
dual-stream network trained from scratch has the problem
of overfitting. Hence, the performance is the worst, and the
pretraining of the spatial-stream network and the cross
mode of the time-stream network is time consuming. ,e
dual-stream convolutional neural network initialized by
pretraining has a better recognition effect, and the recog-
nition rate can reach 94.3%, which also means that this
pretraining method can effectively reduce the risk of
overfitting.

Figures 7 and 8 show the recognition results on different
frames and the impact of different input resolutions on
model performance.
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Figure 5: Action recognition network model.

Table 1: Experimental hardware platform and software simulation environment.

CPU Intel® Core™ i5-4200M CPU @ 2.50GHz
RAM 16.00GB
Operating system Centos 8.0
Development environment PyCharm 2020.2
Programming language Python 3.6.5
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Figure 6: Action recognition network model.
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5. Conclusion

,is paper takes sprint as the research object and constructs
the image of sprinter’s action recognition based on machine
learning.,en, in view of the shortcomings of the traditional
dual-stream convolutional neural network for processing
long-term video information, the time-segmented dual-
stream network based on sparse sampling is used that can
better express the characteristics of long-term motion. First,
the continuous video frame data is divided into multiple
segments, and a short sequence of data containing user
actions is formed by randomly sampling each segment of the
video frame sequence, and then it is applied to the dual-
stream network for feature extraction. ,e optical flow
image extraction involved in the dual-stream network is

implemented using the Lucas–Kanade algorithm. Optical
flow contains the mobility information of the target, which
can effectively represent the movement of pixels in different
areas of the continuous frame of image. Due to the small
amount of action video data (test data), this paper adopts
numerous data enhancement methods and network pre-
training strategies during data processing to alleviate the risk
of overfitting in the network training process. ,e system in
this paper has been tested in actual scenarios, and the results
show that the system design meets the expected
requirements.
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