
Research Article
Soccer-Assisted Training Robot Based on Image Recognition
Omnidirectional Movement

Bin Tan

College of Physical Education, Hunan Institute of Science and Technology, Yueyang, 414000 Hunan, China

Correspondence should be addressed to Bin Tan; gjxshqfwzx@nwu.edu.cn

Received 4 February 2021; Revised 17 April 2021; Accepted 6 July 2021; Published 17 August 2021

Academic Editor: Wenqing Wu

Copyright © 2021 Bin Tan. This is an open access article distributed under the Creative Commons Attribution License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

With the continuous emergence and innovation of computer technology, mobile robots are a relatively hot topic in the field of
artificial intelligence. It is an important research area of more and more scholars. The core of mobile robots is to be able to
realize real-time perception of the surrounding environment and self-positioning and to conduct self-navigation through this
information. It is the key to the robot’s autonomous movement and has strategic research significance. Among them, the goal
recognition ability of the soccer robot vision system is the basis of robot path planning, motion control, and collaborative task
completion. The main recognition task in the vision system is the omnidirectional vision system. Therefore, how to improve the
accuracy of target recognition and the light adaptive ability of the robot omnidirectional vision system is the key issue of this
paper. Completed the system construction and program debugging of the omnidirectional mobile robot platform, and tested its
omnidirectional mobile function, positioning and map construction capabilities in the corridor and indoor environment, global
navigation function in the indoor environment, and local obstacle avoidance function. How to use the local visual information
of the robot more perfectly to obtain more available information, so that the “eyes” of the robot can be greatly improved by
relying on image recognition technology, so that the robot can obtain more accurate environmental information by itself has
always been domestic and foreign one of the goals of the joint efforts of scholars. Research shows that the standard error of the
experimental group’s shooting and dribbling test scores before and the experimental group’s shooting and dribbling test results
after the standard error level is 0.004, which is less than 0.05, which proves the use of soccer-assisted robot-assisted training. On
the one hand, we tested the positioning and navigation functions of the omnidirectional mobile robot, and on the other hand,
we verified the feasibility of positioning and navigation algorithms and multisensor fusion algorithms.

1. Introduction

In order to further improve the robot’s load capacity, move-
ment flexibility, and for adaptability to small spaces, various
types of omnidirectional mobile robots have emerged. The
most important is the omnidirectional vision system, which
collects images through hardware devices such as omnidirec-
tional cameras and image capture cards to establish a model
of the real environment, thereby controlling the robot to
recognize the ball, goal, and other robots and providing
information for the decision-making system. Therefore, the
research on omnidirectional vision has become the focus
and difficulty of the research on the vision system of the
medium-sized soccer robot. Target recognition has long
occupied a very important position in the field of pattern rec-

ognition. It is one of the most advanced research directions in
computer vision. Through target recognition, computers can
have perception and recognition capabilities similar to those
of humans. Therefore, more and more scholars are con-
cerned in related fields.

The world’s first autonomously mobile robot, Shakey,
was successfully developed. The robot was developed by the
Stanford International Research Institute in the United States
and possesses a certain degree of intelligence. For the first
time, human beings successfully applied artificial intelligence
under the conditions of the development to a mobile robot
entity. Computer technology has been developing rapidly,
and at the same time, microelectromechanical technology
and sensor technology have also been greatly improved.
Related researchers have begun to gradually apply
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multisensor technology to the research of mobile robots. Cho
et al. applies the extended Kalman filter to the SLAM prob-
lem. The algorithm breaks through the linear assumption of
the system and extends to the nonlinear system, and it is still
widely used [1]. Wang et al. proposed a nonlinear filtering
algorithm based on SIS and really began to study particle fil-
tering algorithms. This algorithm is based on the idea of
Monte Carlo and expresses the probability of each group of
particles, which is applicable to all nonlinear systems [2].
Wang et al. proposed the FastSLAM algorithm based on par-
ticle filtering, which can establish a more accurate map in a
large-scale environment with few landmarks [3].

In recent years, our country has increased its investment
in the research of mobile robots and made great progress.
Although color contains more and richer information than
grayscale images, it also brings new difficulties. An important
aspect is that color images are easily affected by ambient
lighting conditions. The study of the relationship between
color and lighting, the disclosure of its inherent stable rela-
tionship, and the development of powerful algorithms and
technologies in lighting changes are among the most urgent
research areas today. Jia et al. proposed the idea of using evo-
lutionary strategy in the study of SLAM algorithm based on
monocular vision to improve the RBPF-SLAM algorithm
and verified the reliability of the algorithm [4]. Yang et al.
improved the RBPF-SLAM algorithm and then proposed a
data association technology based on global constraints,
which robustly reduces the probability of mismatch [5].
Ammar et al. introduced the fixed-level model of route plan-
ning and solved it using fast forward method and gave the
result of route model calculation and visual interface [6].

The purpose of the image enhancement recognition algo-
rithm in this article is to remove the unfriendly effects of
uneven lighting on the color image, enhance the contrast
and clarity of the image, and highlight the color features of
the target object in the image, so as to better further feature
extraction and target recognition. According to the experi-
mental results, the average score and the highest score of
the experimental group were higher than those of the control
group, and the data were better than those of the control
group. If the learning time is the same, the learning effect of
the experimental group will definitely be much better than
that of the control group, which also proves from the side
football assist robot has a broader development prospect.

2. Soccer-Assisted Training Robot Based on
Image Recognition
Omnidirectional Movement

2.1. Deep Learning. In deep learning, by studying the inher-
ent laws and representation levels of massive data samples,
the simple features at the bottom are combined to form more
abstract and advanced composite features, and the distrib-
uted representation of data features is realized. The dominant
neural network is a typical representative of the principle of
deep artificial intelligence in neuroscience. As a powerful
deep learning technology tool, it has become an important
part of the deep learning algorithm driven by the wave of

artificial intelligence [7, 8]. Deep learning is the process of
learning features. The principle is to describe the characteris-
tics of the model by learning the inherent characteristics and
abstraction levels of the original data and then fine-tune the
test data.

2.1.1. Deep Learning Framework. With the rapid develop-
ment of deep learning technology, researchers are no longer
satisfied with the basic theoretical analysis, and the require-
ments for practical applications are getting higher and
higher, and the idea of creating a large-scale deep learning
framework is being proposed [9]. The in-depth learning
framework can contain basic algorithm modules and provide
a solid foundation for the subsequent rapid construction of
required models or training, coordination, testing, and devel-
opment of existing models.

2.1.2. Deep Learning Model. After the concept of deep learn-
ing was proposed, more and more models appeared, such as
deep belief network, convolutional neural network, and
recurrent neural network.

(1) Deep Belief Neural Network. Deep belief network is a
probabilistic generative model. Unlike traditional neural
network models, training data is generated with the great-
est probability by observing the joint distribution of data
and labels. We can use DBN not only for feature selection
and classification but also for data generation [10, 11]. The
more common DBN neural network structure is shown in
Figure 1.

In Figure 1, there are connections between neurons in the
upper and lower layers of the DBN neural network structure,
but there is no connection between neurons in the same
layer. The neural unit in the optical layer is mainly used to
receive input, and the neural unit in the hidden layer is
mainly used to capture the high-order data correlation dis-
played in the optical layer.

(2) Convolutional Neural Network. Convolutional neural net-
work is a feedforward neural network that uses convolution
kernel operations instead of general matrix multiplication
operations. It has the characteristics of sparse interaction
and parameter sharing. In traditional neural networks, any
pair of input and output neurons will interact to form a
densely connected structure, while in convolutional neural
networks, each output neuron will only exist with neurons
in a specific area of the previous layer connect weights to
achieve the characteristics of sparse interaction [12, 13].

Because of the progressive characteristics of its network
structure, the extraction of image features also gradually
changes from low-level simple texture features to high-level
complex structure features, and the final combination is a
feature map [14]. Image features extracted based on this
characterization learning method often have good stability,
so convolutional neural networks have huge advantages in
processing two-dimensional image data.
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2.2. Image Recognition Classifier Algorithm. Sparse represen-
tation classifier is a very important feature encoding classifier
and also a nondictionary learning classifier model. The SRC
model is widely used in computer vision fields such as face
recognition, object recognition, and scene understanding.
The mathematical representation of the SRC model is given
below in detail. We assume that there are a total of C catego-
ries in the image data set. The dimension of each image sam-
ple ism, and there are a total of n training samples for the i-th
category. For a test image sample Z ∈ Rm from the i-th cate-
gory, intuitionally, z can be approximated by a linear combi-
nation of samples in Y , namely

Z = 〠
n

j=1
ai = Yiai: ð1Þ

Y is the dictionary in the model. It can be seen that the
original sample is directly used as a dictionary in the SRC
model, instead of retraining a dictionary. If we use y to repre-
sent the test sample z, then z can be expressed as

Z = Yα: ð2Þ

In the actual SRC model, Y and Z are known, and the
coding coefficient α is unknown. We can solve the sparsest
solution by imposing the L-norm minimization restriction
on the linear representation system, so formula (2) can turn
into the following optimization problem:

α = argmin aj js:t: ð3Þ

Further, if only k column vectors are selected from Y to
represent Z, then it will be equivalent to the following
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Figure 1: DBN structure diagram.

Table 1: System function test table.

Functional module Function name Test steps Test results

Mobile function module

Forward function module Robot forward test Testing successfully

Back function module Robot back test Testing successfully

Left turn function module Robot turning left test Testing successfully

Right turn function module Robot turning right test Testing successfully

Obstacle recognition module

Identify the football module Take the pickup football test Testing successfully

Recognizer module Take a turn test Testing successfully

Identify the wall module Take a turn test Testing successfully

Identify the goal module Take a shot test Testing successfully

Pick and dribble function module
Ball pickup function module Take the pickup football test Testing successfully

Dribble function module Take a shot test Testing successfully

Table 2: Data analysis chart of test scores before shooting and
dribbling.

Scores
C dribble
test score

E dribble
test score

C shot
test score

E shot
test score

Number of
surveys

11 11 11 11

Average value 62.84 63.42 62.77 63.92

Standard
deviation

7.467 7.523 7.847 7.962

Standard error
of the mean

1.375 1.378 1.42 1.423
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optimization problem:

Z = Yα + s: ð4Þ

Because of the presence of noise, the sparse solutions of
problems (3) and (4) can be approximated by solving the fol-
lowing optimization problems:

α = argmin aj j ∗ y − Xaj j: ð5Þ

Furthermore, according to the Lagrangian multiplier the-
ory, the above two optimization problems are equivalent to
the following unconstrained minimization problems:

α = L α, φð Þ = argmin y − Xaj j: ð6Þ

It can be seen from the above algorithm (6) that when
solving the sparse coding coefficient α, the dictionary based
on is X, that is, the original training image samples, and these
initial samples are not used to train a new criterion based on a
new criterion dictionary. In addition, the SRC algorithm uses
the size of the reconstruction residual of each category to
determine the label of the test sample, and most feature cod-
ing classifiers also use the size of the reconstruction error to
predict the category, so most feature coding classifiers are
based on reconstruction methods.

2.3. Image Enhancement Algorithm for Omnidirectional
Vision System. There are many factors that make the image
not clear enough. The images collected by the camera are
converted from analog to digital, and line transmission will
cause noise pollution. Uneven changes in indoor and out-
door lighting will cause excessive concentration of grayscale
images, which affects image quality. The shallowest degree
indicates that there is noise in the image, which will affect
the representation of image details; the more serious degree
indicates that the image is blurred, and even the rough out-
line of the object is difficult to see [15, 16]. Therefore, before
processing and analyzing the collected images, we can
improve the image quality in a targeted manner, that is,
image improvement. Image enhancement processing is to
highlight the interesting part of the image, reduce or delete
the uninteresting part, thereby improving useful informa-
tion, obtaining an image that is more in line with human
visual acceptance or transforming it into a more suitable
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Figure 2: Data analysis chart of test scores before shooting and dribbling.

Table 3: Analysis chart of the pretest scores and back-side scores of
the shooting and dribble control groups.

Serial numbers 1 2 3 4 5 6 7 8 9 10 11

Preshot score 67 71 76 62 65 55 74 57 63 67 62

Postshot score 69 70 76 64 66 58 77 61 60 66 60

Predribble score 60 67 68 62 57 58 71 57 65 60 59

Postdribble score 65 66 70 64 60 56 70 61 67 62 60
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Figure 3: Analysis chart of the pretest scores and back-side scores of
the shooting and dribble control groups.

Table 4: Analysis chart of the pretest scores and back scores of the
shooting and dribble experimental groups.

Serial numbers 1 2 3 4 5 6 7 8 9 10 11

Preshot score ± 4 63 72 75 64 66 56 75 58 61 67 61

Postshot score ± 3 69 76 77 65 67 59 79 60 61 68 62

Predribble score ± 2 58 65 67 61 58 59 70 58 67 58 57

Postdribble score ± 2 62 66 69 63 62 56 69 60 68 65 63
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machine for processing and analysis Image. There are many
image enhancement methods, and they have a wide range
of applications.

2.3.1. Selection of Color Space for Image Enhancement. Color
space, also known as color coordinate system, is a method of

expressing colors with numbers. The color space is usually a
three-dimensional model, and colors can be defined by hue,
saturation, and lightness. It is the basis of image processing,
analysis, and understanding. The purpose of image enhance-
ment is to remove the effect of changing or uneven lighting
on the image color. RGB color space is closely related to
hardware devices. It is not completely equivalent to the dif-
ference in color perception. It is rarely used to process pic-
tures under variable lighting conditions. Therefore, people
often convert it into other color spaces that are more consis-
tent with visual characteristics and more stable [17, 18].
Compared with the normalized YUV color space, the HSI
color space has independent brightness components, but
the HSI color space is the space most suitable for human
visual characteristics and is more suitable for images based
on the color perception characteristics of the human visual
system processing, and the effect of changing lighting
response on the color space is mainly concentrated in the
brightness of the brightness component.

2.3.2. Selection of Color Space for Target Recognition. The task
of target recognition is to separate the orange ball from other
colors, such as green, white, and black, and to improve the
accuracy of target recognition. Because the RGB color space
is not suitable for images with changing illumination, the fea-
ture quantity that is more suitable for identifying the target
orange ball is mainly selected from the two color spaces of
HSI and YUV. HSI color space and YUV color space are
two color spaces that are often used in football robot vision
systems, and neither of them is specifically for identifying a
certain color or a few colors. The two color spaces are
merged, and several components that have a better aggrega-
tion effect on the orange sphere are extracted from the six
components and combined together. Since this paper inputs
the color feature quantity into the support vector machine for
target recognition, in order to reduce the complexity of the
algorithm, only two components are selected from these six
components to form a new color model [19, 20]. The separa-
bility criterion of the distance between classes within a class is
widely used because of its intuitiveness, clear concept, and
convenient calculation. However, it is calculated directly
based on the distance between various types of samples, with-
out considering their probability distributions, and cannot
clearly calculate various overlapping problems, which leads
to the final selection of the optimal feature subset when the
classification decision is made. Not necessarily optimal.
Therefore, the intraclass divergence matrix is introduced as
the criterion.

2.4. Robot Rapid Target Acquisition and Distance
Measurement. In the autonomous robot soccer game, the
robot is a highly intelligent body that collects information
from sensors, performs data fusion, and then makes behavior
decisions, and then controls the robot to move according to
the planned behavior strategy. Many robots complete com-
petition tasks through mutual cooperation. It can be said that
it is a microcosm of robot society. As we all know, about 80%
of the external world information that people perceive is
obtained through visual means [21]. Similarly, in order to
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Table 5: Football match training effect analysis chart.

Experimental class Control class

The average score 75 ± 15 63 ± 13
Highest score 90 ± 18 77 ± 16
Lowest score 68 ± 11 56 ± 13
High score 26 ± 16 16 ± 8
Low score 36 ± 14 36 ± 11
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Figure 5: Football match training effect analysis chart.
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make intelligent robots reachable, providing robots with
human vision functions is extremely important for the devel-
opment of intelligent robots. Especially for the quadruped
robot football game, vision is its only source of information.
Unlike the human eye, the quadruped robot has a very nar-
row viewing angle, and the amount of information that can
be received at the same time is very small.

From the human point of view, it is very simple to under-
stand the surrounding scene correctly, but it is a great chal-
lenge for the machine. Therefore, although computer vision
has made significant progress in recent years, a large number
of technologies and algorithms have been studied and widely
used in various fields. However, machine vision technology is
still at a very immature stage, and there are still many prob-
lems, especially in the following aspects: the 3D scene is pro-
jected into a 2D image, and the depth and invisible parts of
the information are lost, so the images displayed in different
3D shape image planes. The object will produce the same
image. At the same time, the images of the same object taken
from different angles will also be very different [22]. Many
factors are in the real scene, such as shape, color, lighting
conditions, camera, and noise. The image of the object will
affect the image and bring difficulties and errors to the recog-
nition of the target object. The amount of information in
images is very high, especially color images, which have
become a major obstacle to fast image processing. At the
same time, the huge amount of data requires huge storage
space and will increase the system load.

2.5. Image Color Model. In order to use colors correctly, a
color model is also needed. A color can be described by a
basic quantity, so to establish a color model is to establish a
coordinate system, in which each spatial point represents a
certain color.

The most commonly used color model for hardware
devices is the RGB model, and the most commonly used
color model for color processing is the HSI model, where H
represents hue, S represents saturation, and I represents den-
sity, corresponding to imaging brightness and image gray-
scale [23]. These two color models are also the most
common models in image technology [24].

Since people’s sensitivity to brightness is obviously stron-
ger than that of color shades, in order to better color process-
ing and recognition, robot vision systems often use HSI color
space, which is more suitable for the characteristics of the
human eye than RGB color space. A large number of algo-
rithms in image processing and computer vision can be con-
veniently used in the HSI color space. They can be processed
separately and are independent of each other.

The formula for transforming from space to space widely
used in the visual processing of soccer robots is as follows:

H = cos−1 1/2 R − Bð Þ + R −Gð Þ½ �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
R −Gð Þ2 + R − Bð Þ G − Bð Þ

q , ð7Þ

S = 1 − min R,G, Bð Þ
I

, ð8Þ

I = R + G + Bð Þ
3 : ð9Þ

Among them, the value range of H is ½0°, 180°�. When G
< B,

H =
H,G ≥ B

360° −H,G < B

(

: ð10Þ

The formula for converting from HSI to RGB has differ-
ent formulas according to the different sectors of the color
circle:

When 0° ≤H ≤ 120°,

R = 1/
ffiffiffi
3

p
1 + S cos Hð Þ

cos 60° −Hð Þ , B = 1/
ffiffiffi
3

p
1 − Sð Þ,G =

ffiffiffi
3

p
I − R − B

�
:

ð11Þ

Table 6: Comparison of recognition speed and accuracy of different algorithms.

Algorithm Number of test frames Average frame time (ms) Accuracy (%)

Traditional threshold segmentation 80 38 91

Unimproved RHT algorithm 80 22.2 94

Based on Gabor filter + SVM 80 55 93.4

Edge detection segmentation method 80 41 94

Improved BP algorithm 80 32.1 96.6

Improved RHT algorithm 80 5.6 8.3
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Figure 6: Comparison of recognition speed and accuracy of
different algorithms.
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When 120° ≤H ≤ 240°,

R = 1/
ffiffiffi
3

p
1 + S cos H − 120°ð Þ

cos 180° −Hð Þ , B = 1/
ffiffiffi
3

p
1 − Sð Þ,G =

ffiffiffi
3

p
I − R − B

�
:

ð12Þ

When 240° ≤H ≤ 360°,

R = 1/
ffiffiffi
3

p
1 + S cos H − 240°ð Þ

cos 300° −Hð Þ , B = 1/
ffiffiffi
3

p
1 − Sð Þ,G =

ffiffiffi
3

p
I − R − B

�
:

ð13Þ

3. Experimental Football Aided Training Robot
Based on Image Recognition and
Omnidirectional Movement

3.1. Test Subject. In this study, we used an omnidirectional
football-assisted training robot. This experiment selects two
novice football players with similar technical level from a col-
lege from our province Sports Institute, and they are divided
into experimental group and control group. The football
players in the experimental group use football-assisted robot
training when training, and the football players in the control
group use the method of training. A commonly used training
method, the experiment duration is 3 months, and every
member of the team is tested for shooting and dribbling every
half month. A total of 22 football players participated in this
experiment. The tests of these football players are the main
source of data.

3.2. Mean Shift Segmentation Based on Confidence. In low-
level image visual processing, combining image segmentation
algorithms with edge detection algorithms can improve the
quality of segmented images. Combine the edge confidence
map into a color image segmenter based on the Mean Shift
program. This method can recover areas with weak signals
but strong boundaries, so that it can provide more accurate
input data for high-level interpretation.

Using the ρη chart in the confidence edge detection, the
weight assigned to each pixel (i, j) can be defined as

wij = aij ∗ ρij + 1 − aij
� �

∗ ηij: ð14Þ

aij is any value in [0,1]; this parameter is used to control
the mixed information of ρ and η, so this parameter is called
a mixed parameter. When ρ < 0:02, the weight is 0. When the
pixel is closer to the edge, these weights are smaller, which
further strengthens the Mean Shift filtering effect.

3.3. Material Handling. Production materials include five
categories: text, graphics, audio, animation, and video. Text
material is the simplest material. When using text in multi-
media, we should focus on the accuracy, simplicity, and func-
tionality of the content. The sound material is generally
selected from the existing sound material library and col-
lected from the microphone through the sound card in the
computer. The more commonly used method of image mate-
rial collection is the use of digital camera collection. Flash
animation material is currently the most popular two-
dimensional animation technology. Video material is a com-
bination of one or more of text, graphic images, sound, and
animation.

3.4. Experiment Procedure. Because of its unique characteris-
tics, surveillance cameras make it possible to extract some
basic attribute information of the surrounding environment
from remote sensing images. These basic information
include the location of obstacles, the height of obstacles,
and the area of obstacles. The shadow has obvious spectral
characteristics in the surveillance camera and has a lower
gray value, and the gray value has a strong consistency.

The 22 novice football players we selected were randomly
divided into two teams with 11 people in each team. In them,
the football players in the experimental group were trained
with a football-assisted robot-assisted training method, and
the football players in the control group were trained by
using common training methods. Before the start of the
experiment, we conducted shooting and dribbling tests and
scores on these novice football players. After one and a half

Table 7: Comparison of recognition speed and accuracy of two algorithms.

Algorithm Number of frames 10 20 30 40 50 60

Unimproved RHT algorithm
Time-consuming (ms) 22.02 21.71 21.75 21.77 21.92 21.86

Accuracy (%) 93.2 93.2 93.6 92.6 93.1 93.4

Improved RHT algorithm
Time-consuming (ms) 5.21 5.77 6.22 5.97 5.11 5.34

Accuracy (%) 98.6 98.8 97.3 97.8 98.1 98.7
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months, we conducted the second shooting and dribble test
and scored. At the end of the experiment, we conducted the
shooting and dribble tests and conducted the score again.
Score. And analyze and get a conclusion.

3.5. Gather Data. In order to obtain accurate data to compare
and analyze the feasibility and effectiveness of this experi-
ment, this paper uses the Cora dataset and the IMB dataset.
The statistical data used in this article has a different unit
dimension for each index data. After calculating the data in
the previous steps, we can get the similarity between users
and select several users closest to user ua interests and prefer-
ences to form set Na. Then, calculate the user ua score on j
according to the user’s score on the unrated item j in the
set Na. The prediction formula is shown in formula (8)

pa,i =
∑b∈Na

simua ,ub rb,i
∑b∈Na

∣ simua ,ub ∣
, ð15Þ

where pa,i is the predicted score of user a for the unrated i
item. In the recommendation system, users scoring prefer-
ences are sometimes different. For example, some users are
accustomed to giving higher ratings to items, while some
are accustomed to giving lower ratings. In order to reduce
the difference between users scoring preferences and improve
the accuracy of scoring predictions, the average rating�r of the
user is introduced, and the specific form is shown in formula
(9)

pa,i = ra +
∑b∈Na

simua ,ub rb,i − rbð Þ
∑b∈Na

∣ simua ,ub ∣
: ð16Þ

4. Soccer-Assisted Training Robot Based on
Image Recognition
Omnidirectional Movement

4.1. System Function Test Analysis. The function test of the
system mainly includes main functions such as forward,
backward, left turn, right turn, automatically bypass obsta-
cles, and recognize football. The results are shown in Table 1.

In the process of testing the monitoring effect, technical
tests such as background sampling and encoding are carried
out using specific video formats, and the server and other
hardware are repeatedly tested until satisfactory test results
are obtained. It can be seen from the table that the system
is basically designed and tested successfully after analyzing
the required functions.

4.2. Shot and Dribble Test Data Analysis

4.2.1. Pretest Score Data Analysis. The data obtained through
shooting and dribbling tests and scoring can calculate the
mean, standard deviation, and standard error of the pretest
scores of the experimental group and the control group. At
the same time, independent samples drawn at the same time,
the individual and overall variance scores are not equal wait-
ing for data is also an important condition for the beginning

of the experiment, and the results are shown in Table 2 and
Figure 2.

The control group’s shooting and dribble pretest scores
are tested by independent samples from the experimental
group’s shooting and dribble pretest scores. The standard
error of the mean is 0:003 < 0:05, and the mean and standard
deviation of the scores are similar; that is, there is no signifi-
cant difference in results, which shows that there is no signif-
icant difference between the shooting and dribbling skills of
the experimental class and the control class before the start
of the experiment, which meets the preconditions for the
start of the experiment.

4.2.2. Data Analysis of Pretest Scores and Posttest Scores of the
Control Group. In order to have a deeper and more accurate
understanding of the improvement of football training
brought by the omnidirectional football-assisted training
robot, we analyzed the data of the pretest and posttest results
of the control group and drawn a line chart, as shown in
Table 3 and Figure 3. At the same time, the pretest scores
of the control class and the posttest scores of the control class
are tested in pairs, and data such as the mean, standard devi-
ation, and standard error of the mean are obtained.

It can be seen from Table 3 and Figure 3 that there is not
much change between the pretest and posttest results of the
shooting and dribble tests of the control group. At the same
time, the pretest scores of the shooting and dribbling tests
of the control group are tested in pairs with the posttest
scores of the shooting and dribbling tests of the control
group. The standard error value of the mean is 0.262. The
value is greater than 0.05, indicating the control group shoot-
ing and dribbling that there is no significant difference
between the pretest results of the test and the posttest results
of the control group’s shooting and dribbling tests, which
also shows that the traditional football training model has lit-
tle effect on improving the training effect of athletes.

4.2.3. Data Analysis of Pretest Scores and Posttest Scores of the
Experimental Group. We analyzed the data of the pretest
scores and posttest scores of the experimental group and
drew an area chart, as shown in Table 4 and Figure 4. At
the same time, the pretest scores of the control class and
the posttest scores of the control class are tested in pairs,
and data such as the mean, standard deviation, and standard
error of the mean are obtained.

It can be seen from Table 4 and Figure 4 that the pretest
and posttest scores of the experimental group’s shooting and
dribble tests have significantly increased. At the same time,
the pretest scores of the shooting and dribble tests of the
experimental group are tested in pairs with the posttest
scores of the shooting and dribbling tests of the experimental
group. The standard error value of the mean is 0.004, which
is less than 0.05, indicating that the experimental group’s
shooting and dribbling the pretest scores of the test are signif-
icantly different from the posttest scores of the experimental
group’s shooting and dribbling tests, which also proves the
effectiveness of the football-assisted robot-assisted training
method.
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4.3. Training Effect of Football Match.We analyze the data of
all the athletes after training to test and score the football
match and draw an area chart, as shown in Table 5 and
Figure 5. Reduce the difference between the teacher’s scoring
preference, improve the accuracy of scoring prediction, and
compare the average score of the experimental group and
the control group to get a conclusion.

It can be clearly seen in Table 5 and Figure 5 that the
experimental group is relative to the control group. The aver-
age and highest scores of the experimental group are higher
than those of the control group, and all data are better than
those of the control group. If the learning efficiency is the
same, the learning time of the experimental group must be
longer than the control group, which also proves the use of
football assistance robot-assisted training method makes
the athletes’ training effect better. It also proves from the side
that football-assisted robots have broader development
prospects.

4.4. Soccer Robot Target Image Recognition Algorithm. Simu-
late the construction of the football robot game environment
in the laboratory, and change the lighting situation in the lab-
oratory by adjusting the curtains and light tubes in the labo-
ratory, so as to collect the field images under different
lighting required for algorithm verification. At the same time,
in order to verify the effectiveness of the proposed algorithm,
a dynamic test of 80 frames was carried out on the algorithm.
The improved RHT algorithm was compared with traditional
threshold method, edge detection algorithm, and improved
BP neural network algorithm. The experimental results are
shown in Table 6 and Figure 6.

From the data trend in the chart, it can be seen that the
traditional threshold method and edge detection method
have reached more than 90% in recognition accuracy, but
the recognition speed is slow; based on the method of Gabor
filter + SVM, the recognition accuracy rate reaches 93.4%.
However, the same recognition speed is slow and cannot
meet the real-time requirements of soccer robot matches,
and the improved BP neural network algorithm mentioned
above has achieved certain improvements in both the real-
time performance of the algorithm and the recognition accu-
racy. The frame takes 32.1ms, and the recognition accuracy
is more than 96%. The improved RHT algorithm greatly
improves the recognition speed while ensuring that the rec-
ognition accuracy rate is not reduced. The average time per
frame is 5.6ms, which meets the real-time requirements of
the football robot game.

To further illustrate that the improved RHT algorithm
has improved recognition speed and accuracy, a detailed
comparison is made with the unimproved RHT algorithm.
Comparative experiments were carried out at the 10th,
20th, 30th, 40th, 50th, and 60th frames of the collected video
images. The experimental results are shown in Table 7 and
Figure 7.

According to the data analysis in the chart, it can be seen
that the improved RHT algorithm has higher recognition
accuracy than the unimproved RHT algorithm, and at the
same time, the running time of the algorithm is shorter. This
is because the improved RHT algorithm improves the perfor-

mance of RHT by limiting the radius range, reducing the
effective calculation area of the picture, and calculating using
the image gradient, which greatly improves the real-time per-
formance of the algorithm. Therefore, the improved RHT
algorithm is more suitable and applied in soccer robot games
with high real-time requirements.

5. Conclusions

In recent years, robot vision systems have always been a hot
and difficult point in computer vision research and digital
image processing. The medium-sized football game provides
a typical test environment for the research of machine vision-
related technology. Expand the application scope of image
processing and recognition technology, and enrich the theory
of image processing and recognition technology. This disser-
tation conducts an in-depth study on how to improve the
adaptability and target recognition rate of the robot’s all-
view system under changing lighting conditions. Recreate
the filtered wave factor, and then perform an antagonist
transformation to finally obtain an improved image. This
method has strong adaptability and high stability and is suit-
able for image preprocessing in competitions. This paper
studies the adaptive target recognition problem of the mid-
size vision system of soccer robots and has achieved some
results. However, due to the complexity of robot vision prob-
lems and the limited research time, many of the above issues
should be further studied.

For a long time, people have been doing many explora-
tions to understand the world through automatic perception
similar to human vision. These explorations are very active in
the research fields of computer vision, mechanical imaging,
and robot vision. As automation and the latest equipment,
intelligent robots can enter the network world and play more
and more roles. This has important practical significance for
mankind to open up new industries and improve production
and living standards. With the continuous development and
progress of the system, the structure of the system, the search,
and tracking algorithms for target recognition are becoming
more and more perfect.

Correspondingly, the hardware and software systems of
the omnidirectional mobile robot are designed, the working
principles of the main hardware units used on the platform
are introduced, and the communication methods between
the modules are designed; the software in the program of
this document has also been analyzed and tested. After sim-
ulation analysis and experimental testing, the module driver
in the system is normal, and the communication between
the modules is normal and stable, indicating that the system
module driver and the communication between them are
complete and feasible. The omnidirectional robot position-
ing and navigation system designed and researched in this
field is appropriately designed, has integrated and feasible
functions, and can achieve the original design goal.

Data Availability

No data were used to support this study.
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