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ABSTRACT

As the world's No. 1 sport with wide popularity and high degree of attention, there exists a great
application demand and development potential for applying artificial intelligence to soccer sports
training. In this paper, Yolov5s-CBAM target detection network is utilized to identify the human body
posture of target athletes in soccer sports training, and HRNet network is used to detect the location
information of key points of target human skeleton and identify the skill movements of soccer players.
Subsequently, the TDS-Fast DTW algorithm is applied to evaluate the skill movements to establish a
skill recognition and evaluation system for soccer sports athletes. It is verified that the soccer player
skill movement recognition model proposed in this paper outperforms other comparative models,
with the checking rate reaching 99.12%, and the evaluation scores of the model on the skill movements
of the athletes are not different from those of the manual evaluation scores (P>0.05). It is also found
that the application of the system in actual soccer training matches can fully meet the needs of soccer
training. The system in this paper can accurately assess the technical movements of soccer sports
athletes to meet the needs of scientific training, and at the same time, it can meet the needs of coaches
to timely grasp the understanding of the level of technical movements of soccer athletes and improve
the quality of training.
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1. Introduction

Soccer, as a global sport, the level of competition not only depends on the technical level of the athletes,
but is also closely related to the physical quality, physical reserve and psychological quality [1-3]. In
secondary school, students' bodies are in a period of rapid development, and physical training during
this period plays a crucial role in the skill development of soccer players [4-6]. However, the current
research on how secondary school physical exercise affects the skill development of soccer players is
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still insufficient and lacks organized theoretical support and practical experience [ 7-8]. Therefore, it is
important to systematically analyze the content, skills and effectiveness of extracurricular physical
training in secondary schools, further study its role in the skill development of soccer players, and
provide improvement suggestions and learning directions for secondary school soccer training
according to actual needs [9-11].

At present, school soccer is blossoming all over the country, but the level of the soccer representative
teams of each soccer specialty school is mixed, and the training level of various soccer training
institutions or coaches is naturally difficult to be easily identified by laymen [12-14]. Therefore, there
is an urgent need for a set of practical skill assessment system that can be compared across regions
(horizontally) and ages (vertically) [15-16]. The traditional few single test items do not accurately
reflect the skill level, yet frequent inter-team sparring has bottlenecks in the Chinese context, so
developing a set of effective assessment programs about individual skills is necessary for youth soccer
development [17-18].

The research on soccer skill assessment and player performance evaluation on the field is more
popular nowadays, and the mainstream methods for player skill assessment and identification are
soccer skill assessment based on deep learning technology and small tournament evaluation, which
are often used to optimize player training and screening of soccer talents. Literature [19] takes deep
learning algorithm as the infrastructure, envisions a soccer motion capture system, realizes the two-
way motion analysis of the soccer field, and at the same time has a lower cost, and then introduces the
network evaluation management technology to reproduce the physical collision of the college soccer
teaching, and finally confirms the feasibility of the proposed model through the simulation test.
Literature [20] reviewed the research literature on soccer skills, pointed out that most of the soccer
skill assessment methods are not applicable to the soccer field, and the direction of skill assessment
focuses on soccer attacking skills, and finally emphasized that the variability of the assessment would
potentially limit the accurate identification and assessment of soccer players' skills. Literature [21]
reviewed journal articles on assessing soccer players' on-field performance and soccer skills, and the
research topics included on-field soccer skill performance, off-field skill movement assessment, etc.,
which contributed to the optimization of soccer players' skill assessment strategies. Literature [22]
based on an exploratory approach to soccer mini-match as a screening strategy for soccer skill-based
talents, assessed the on-field players' performance and skill level comprehensively through on-field
video review, and confirmed that the proposed strategy can assist coaches in screening soccer talents
through example analysis.

The enhancement of soccer sports skills requires good sports teaching and training strategies and
professional coaching, so many studies on soccer sports skills enhancement have been conducted from
the perspectives of teaching, training and coaching. Literature [23] systematically searched the
training design and coaching behaviors to improve soccer sports skills, mainly including theory-driven
teaching methods, differentiated learning, game teaching and non-linear teaching teaching methods,
as well as auxiliary behaviors such as practice task design and coaching guidance, which are of positive
significance for consolidating the teaching and guidance work of soccer coaches. Literature [24]
carries out professional coaches to carry out soccer training practice, and finds that sports skills show
an increasing trend with the training market, in order to explore the problems related to the staging
of skills training for professional coaches, it tries to transform the theory of skills acquisition training
into the staging framework of skills training, and realizes the variability of sports skills training and
the training environment in order to obtain a better training effect. Literature [25] assessed the soccer
learning effects of the STAD cooperative learning model and the traditional learning model, and
conducted the research by carrying out the method of teaching comparative experimental class, and
the research results showed that the STAD cooperative learning model played a more excellent effect
in promoting the soccer skill enhancement of the students with low self-confidence, while the
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traditional cooperative learning model was more suitable for teaching soccer to the students with high
self-confidence.

In this paper, the CBAM module is fused with Yolov5s algorithm to get the target detection algorithm
for soccer sports players. The skeletal key nodes of the target athlete are detected by HRNet network
to realize the recognition of soccer player's skillful movements. Then the lightweight residual module
consisting of the fusion of DSC convolution and CBAM module is utilized to replace the Basicblock
model in HRNet network to improve the accuracy and performance of the skeletal key point detection
method. Subsequently, the DTW algorithm is proposed to analyze the similarity between soccer
players' skill movements and standard movements, and the FastDTW algorithm matching strategy is
introduced to improve the efficiency of the algorithm, and to construct a skill movement evaluation
model based on the TDS-Fast DTW algorithm. Finally, the two models are combined to design a skill
recognition and assessment system for soccer sports players. In this study, the training video of a
soccer team is selected as a dataset to analyze the accuracy of the skill recognition model and
assessment model. At the same time, the system is applied in a game of the soccer team to recognize
and evaluate the skill movements of the athletes in real time to verify the application effect of the
system.

2. Method
2.1. Athlete Motor Skill Recognition Methods

2.1.1. Targeted human detection methods. Accurate human target detection is very critical in the
task of target detection during the training of soccer sports players, and enhancing the effective
features of the input data and suppressing their ineffective features can achieve more accurate
detection. In order to achieve this goal, this paper fuses the CBAM module with the Yolov5s algorithm
[26] to obtain the Yolov5s-CBAM target detection network model, which can focus more attention
resources on the key regions of the target.

In the Yolov5s network model, there are three different scales of outputs, and different scales of
prediction frames can be generated for different sized targets. In order to avoid a significant increase
in the number of model parameters and slower network inference, the CBAM module must not be used
too much. At the same time, because the shallow layer can not extract sufficient feature information,
then there is no way to better focus on the channel information and key positions, so the CBAM module
can not be placed in the shallow part of the network. In summary, in this paper, the CBAM module is
added in front of each detection scale of Yolov5s, so that the network can not only extract more
adequate feature information and improve the detection accuracy, but also because the number of
CBAM modules added is small, the network inference speed will not be greatly affected.

2.1.2.  Skill Recognition Method Based on Skeletal Keypoint Detection. After the target detection
network for the extraction of the human target region in the process of soccer sports player skill
movement training. The next work in this paper is to input the extracted coordinate information
containing the human target block diagram into the skeletal key point detection network to detect the
location information of the human skeletal key points, so as to realize the recognition of soccer sports
players' skill movements. In this paper, HRNet [27] is chosen for human skeletal keypoint detection,
and the HRNet network structure is divided into two versions, 32-layer and 48-layer, due to the
difference in the number of channels. Fusing feature maps of different resolutions at the same depth
can fully utilize the semantic information in the low-resolution features, so that the high-resolution
features learn the semantic information in the low-resolution features, and the low-resolution features
learn the spatial information in the high-resolution features, and this design allows HRNet to capture
both high-resolution spatial information and low-resolution semantic information, which helps to
more accurate regression of heat maps.The whole network structure of HRNet is divided into four
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stages, each containing a different number of parallel multiresolution subnets as well as multiple
switching modules.

1) Parallel multiresolution subnetwork. HRNet has two types of residual modules, Basic block and
Bottleneck block.The role of residual module is to solve the problem of gradient vanishing due to the
network layers are too deep.HRNet uses four Bottleneck blocks for feature extraction in the first stage.
The second, third and fourth stages use Basic block module for feature extraction, but the residual
module is ineffective when the number of network layers is deeper, and the amount of computation
and parameter count is larger.

2) Switching module. The role of the exchange module is to exchange the information between
different resolution feature maps and to fuse multi-resolution features, as shown in equation (1):

Y, =_ilo(ij) (1)

X, denotes the feature map input to the exchange module with resolution i, Y, denotes the

feature map output from the exchange module with resolution j, and O denotes the conversion
operation. The fused result is obtained by converting the input feature map resolution i tothe output
feature map resolution ; and then summing the converted results.

The computational and parametric quantities of the residual module are larger when the HRNet
network layers are deeper, which makes the model difficult to train and run. As the computational and
parametric quantities of DSC convolution are less, the CBAM module is able to enhance the global
feature extraction ability to some extent. Therefore, to address the above problems, this paper designs
a lightweight residual module fused with DSC convolution and CBAM module to replace part of the
original residual module to obtain the HRNet-DSC-CBAM skeletal keypoint detection network model.

2.1.3.  Skill recognition model optimization design. In order to solve the problem that as the number
of layers of HRNet network increases, the computational and parametric quantities of its residual
module also increase, this paper designs a lightweight residual module to replace part of the residual
module in the original network.The lightweight residual module consists of a fusion of the DSC
convolution and the CBAM module, which can take into account the detection accuracy and at the same
time reduce the computational quantity and parametric quantities significantly. The lightweight
residual module consists of two point convolution, a depth convolution and a CBAM module, the
introduction of the depth separable convolution can make the network's computational and
parametric quantities have been greatly reduced, and the introduction of the CBAM module can make
the network's learning ability to be further strengthened.

The activation function after deep convolution of the light residual module uses ReLU6 as shown in
equation (2):

Re LU 6 = min(6, max(0, x)) (2)

The function value is x when x isin the range of (0,6). The function value is always 6 when x
is in the range of greater than 6. Therefore, the use of this activation function avoids the problem of
high activation function which results in poor data resolution of the network on low precision devices.
However, the activation function ReLU6 is not used at the point convolution to operate on the output
features, this is because the use of the ReLU6 layer in the low dimensional space will destroy the
features. When the number of channels is greater than 64, this paper replaces the Basicblock of the
HRNet network with a lightweight residual module, which can achieve the purpose of reducing the
computational and parametric quantities while ensuring the accuracy of soccer skill action recognition.
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2.2. Construction of soccer skill assessment model

2.2.1. DTW-based skill assessment models. The DTW algorithm [28] is a matching algorithm based
on the concept of dynamic programming, which is specialized in dealing with time series data. The
core idea of the algorithm lies in the computation of two sequences to be matched by flexibly
lengthening or cropping the time series in order to find the best matching path between them. This
shortest path reflects the similarity between the sequences. In this paper, the DTW algorithm is used
to analyze the similarity between soccer sports players' skill movements and standard skill
movements to achieve the evaluation of the identified skill movements.

The DTW algorithm matching path has certain constraint rules, such as the following conditions.

1) Starting point and end point. Two DTW time series can be of different lengths, but the matching
starting point must be (x,,»,) and the end point mustbe (x,,y, ).

2) Non-retroactivity. Because the time series are monotonically ordered, after x, is matched with

y,» sSubsequent matches must be made from x,, with y, and later points.
3) Bounded. The matching path is an integer in the interval [max(m, n),m+n-— 1] .
4) Continuous. The distance between neighboring matching time points x, and y, cannot be

greater than 1.

When the DTW constraints are satisfied, a m x» cumulative distance matrix D needs to be
constructed to store the distance between X and Y.The y axissequence is calculated as shown in
Eq. (3). DI[i,0] is the first column distance on the left side of the matrix:

D[i,0] = dis (4, B, )+ D[i —1,0] (3)

The X-axis sequence is calculated as shown in Equation (4), with D[0, ;] being the first row
distance below the matrix:

D(0, j1=dis(4,,B,)+D[0,j-1] (4)

For other sequence distances, it can be expressed by Equation (5). After calculating the time series
one by one, the DTW algorithm searches for the optimal path through the search radius formula as
shown in Equation (6):

Dli, j]=dis(4,,B,)+MIN(D[i -1, j1, Dli, j 1], D[i -1, j ~1]) (5)

a(i,j)=min{a(i-1,j-1),a -1 )),a,j-D} +d(xl., yj) (6)

Through the above algorithm analysis DTW algorithm computational complexity is O(nz), in the

processing of large-scale time series data will have a very large amount of computation.FastDTW
algorithm matching strategy [29] is an algorithm that accelerates the computational efficiency of the
DTW algorithm, the algorithm in the DTW algorithm based on the use of multilevel matching strategy,
the time series coarse-grained segmentation, and then use the DTW algorithm for each piece of the
sequence matrix for the local matching, and finally fine-grained reduction of all matrices to the initial
time series to find the overall optimal path.FastDTW has significant speed improvement in the case of
processing large data, but the algorithm coarsely granularizes all the time series, which does not take
into account that in the case of acceleration, the features are not equally related to time, and some
valuable feature points will be neglected.

2.2.2.  Optimizing feature extraction weights
In the process of evaluating the similarity of soccer skill movements, the athlete key point angle
transformation can well represent the standard degree of the athlete's skill. However, just directly by
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calculating the corresponding key point vectors between two frames can't explain the accuracy of the
overall movement well, while the key point movement angle information derived in this way contains
a lot of noise. Firstly, the angular characteristics of the athlete's legs are derived, as shown in Eq. (7):

g 04-0B
" Joa]*[oB] (7

The dot product of vectors OA4 and O_B_is denoted as OA4-OB and is calculated as shown in
equation (8). Meanwhile, the modulus of O4 and OB represent their respective magnitudes, and
the formulas for their calculation are shown in Eq. (9) and Eq. (10), respectively:

OA-OB=x,*x,+y,*y, (8)
|04] = yx7 + ¥ (9)
|0B| = x; +y; (10)

Then using the leg keypoint feature, the Euclidean distance between the current frame and
comparing the previous frame of that keypoint is found, and finally the feature point is found by
normalization using equation (11):

D, (i, j) = D(i, j) *(l—norm( (x,—x_, )2 D (11)

2.2.3. TDS-FastDTW Algorithm Implementation. In order to improve the accuracy of evaluating
soccer players' skill movements, this paper proposes an algorithm for dynamic segmentation of time
series based on FastDTW (TDS-Fast DTW). Firstly, the soccer skill action to be matched sequence X,
and the standard sequence are derived, then the weighted feature matrix is constructed, the feature
sequence is cropped by calculating the ratio of the time duration used in each phase of the soccer skill
action to the total time duration, and finally, the Fast DTW algorithm is used to match each segment of
the feature matrix with the feature matrix of the standard action.

2.3. Design of Skill Recognition and Assessment System for Football Players

In the overall design phase of the soccer player skill identification and assessment system, various
requirement analysis tasks must be integrated in the software system to achieve a common software
system design plan. In the overall design of the software system, in order to reduce the logical
problems in the development process, the software system will be deployed as a Windows operating
system, which defines a unified data and equipment interface standard for the whole system
management platform: the application after being added and verified by the background
administrators is able to query the training data of volleyball players as well as the analytical reports
on the athletes through the interface request. The system mainly realizes data collection and storage,
statistical analysis and data display. In terms of functional composition, the system mainly includes
four main modules such as athlete information management, training management system, data
analysis management, system maintenance, etc. The overall block diagram is shown in Figure 1. The
player information module mainly realizes the collection of basic information on soccer players and
the analysis of player comparison data. The training management module mainly analyzes data and
extracts skills dynamically from individual training videos and group game videos uploaded by users.
When uploading individual practice videos, the system will obtain the player's skill dynamic
information through the uploaded video, longitudinal comparison data analysis, used as a training aid
and basis for coaches and players. Upload. When uploading the video of team competition, the system
will automatically collect and analyze the analysis of the skill movement of each player on the field, so
as to judge the situation on the field of the players and the characteristics of the skills they are good at,
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etc., which will provide assistance for the coaches in the analysis of the game strategy and the
formulation of the competition strategy. The data analysis management module mainly analyzes and
manages the statistics of players and clubs, and classifies them by comparing the historical data, and
the analysis report provided by it can also be used as the data source and material for the training and
learning of Al algorithms, so as to continuously improve the recognition accuracy of the algorithms.
The system maintenance module mainly focuses on the user information management and basic
information content of the platform, which involves the basic information content of individual players
and teams, training information content, and competition information content.
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Fig. 1. Football player skills recognition and evaluation system
3. Results and discussion
3.1. Accuracy analysis of soccer skill recognition models
3.1.1. Experimental design:

1) Data set. The soccer sports training data used in this paper is a set of training videos of a soccer
team. The soccer sports training videos contain the key action skills of soccer sports, which mainly
include 8 skills of passing, shooting, catching, dribbling over the ball, topping the ball, throwing the
ball out of bounds, stealing and goalkeeping. The soccer sports player skill action data set is randomly
divided into training set and test set, of which 80% is used for training and the rest is test data. For
validation as a training model, the batch size was chosen as 300 and the model was subjected to 14000
iterations. In addition, the input data is normalized.Keras library provides several optimization
techniques including Stochastic Gradient Descent (SGD), RMSProp, and Adam Optimizer, and Adam
Optimizer is selected for model optimization in the experiments.

2) Model evaluation index. When evaluating the performance of the trained model for binary
classification problems, Precision, Recall and F1-score are often used to comprehensively evaluate the
model performance.

Precision is the ratio of the number of samples correctly classified as positive cases by the model to
the number of samples classified as positive cases, and its formula is as follows:

Precision = _Ir (12)
TP+ FP

The check rate represents the proportion of the number of samples correctly classified as positive
cases by the model to the total number of positive case samples, and its formula is defined as follows:
TP

Recall =——— (13)
TP+ FN
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The value of F1-score is in the range of [0,1], the closer the value is to 1, the better the model effect
is, when the value is 1, it means the model effect is the best, and the value is 0, it means the model
effect is the worst:

Fl- score = 2x Precisionx Recall (14)
Precision + Recall

In the above equation, 7P represents the number of positive samples correctly identified, FP
represents the number of negative samples incorrectly identified as positive samples, FN represents
the number of positive samples incorrectly identified as negative samples, and 7N represents the
number of negative samples correctly identified as negative samples.

In this study, the number of skill movement categories identified for soccer players is setto K, and
the accuracy rate is defined as the ratio of the number of samples predicted as correct by the model to
the total number of samples. This allows the calculation of the check accuracy rate, the check
completeness rate, and the F1 metric for each type of movement, which can be noted as
(P.R.F),....(P,,R,,F1,). The results can represent the overall metric when the respective mean

values for each type of movement are calculated.
Check accuracy rate:

K
Precision = LZPI (15)
K5
Check the full rate:
l K
Recall=—>"R (16)
K5
F1-Metric:
l K
Fl—scorezEZFli (17)

i=1

3.1.2. Analysis of visualization experiment results. The confusion matrix, also called the error matrix,
is an analytical table used to summarize the predictions of a classification model. It consists of an N x
N tabular matrix, where N represents the number of categories, the vertical coordinates represent the
true labels (actual action categories), and the horizontal coordinates represent the predicted labels
(the output action categories predicted by the sample). The value of the grid where the horizontal and
vertical coordinates cross represents the number of the category being predicted as the corresponding
label. The confusion matrix of the test set of the soccer sports player action recognition model
proposed in this paper based on the deep learning model is shown in Fig. 2, where A-H represent the
soccer technical actions of passing, shooting, catching, dribbling over the ball, topping the ball,
throwing the ball out of bounds, tackling, and goalkeeping, respectively. The colors on the diagonal in
the confusion matrix plot visualize the training effect of the model, while the numerical values
represent the number of labels that were correctly predicted. The closer to dark blue color indicates
that the model performs better on that category and vice versa. It is obvious from the figure that after
model optimization, the performance of the soccer sports player action recognition model designed
based on the deep learning model in this paper has been significantly improved. In addition to the
diagonal values, the remaining values represent the number of incorrectly predicted labels, and it can
be seen through the confusion matrix that the soccer action recognition model proposed in this paper
has the relatively highest misrecognition rate for the two types of soccer actions, namely throwing the
out-of-bounds ball (13.27%) and goal-keeping (13.33%), and has the highest correct rate of
recognizing passes of 98.89%. This provides data support for the application of the model in soccer
sports players' action recognition and evaluation system.
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Fig. 2. Model confusion matrix analysis results

3.1.3. Analysis of model comparison results. In this section, ResNet-50, VGG-19 and Inception V3
models are selected as comparison models to further explore the performance of the proposed action
skill recognition models based on deep learning. The performance analysis results of each model
obtained by analyzing the above proposed model performance evaluation metrics are shown in Table
1. It can be seen that in this experiment, both models, ResNet-50 and Inception V3, have achieved good
results, with the checking rate and F1 value reaching 98.92% and 0.953 and 98.23% and 0.948,
respectively, but the soccer sports player skill action recognition model proposed in this paper based
on the deep learning model performs a little bit better, with the checking rate and F1 value reaching
99.12% and 0.948, respectively. 99.12% and 0.987, which meets the needs of the soccer player skill
recognition and evaluation system.

Table 1. Different model performance comparison analysis results

Identification model ResNet-50 VGG-19 Inception V3 This article
Precision (train) 98.62% 95.42% 97.67% 98.92%
Precision (test) 94.52% 91.26% 93.26% 95.47%
Recall 98.92% 97.52% 98.23% 99.12%
F1-score 0.953 0.924 0.948 0.987

3.2.  Validation results of soccer skill assessment algorithm

3.2.1. Analysis of the effectiveness of skills assessment. In this section, the validity of the above
proposed soccer skill assessment algorithm was verified by randomly selecting 8 soccer players in this
soccer team to perform 8 categories of basic soccer skill movements and scoring them by the
assessment algorithm, with the score results retained in two decimal places. The coach assessment
scores were the average scores obtained by three professional soccer coaches who scored the athletes'
soccer skill movements. The results of the assessment data analysis of soccer sports athletes’ skill
movements are shown in Table 2. Overall, the assessment scores of soccer coaches on athletes' soccer
skill movements are not much different from the assessment scores of the algorithm, and the error
scores are within 2 points, and the highest error rate is only 3.28%, which indicates that the effect of
the assessment algorithm of soccer skill movements is better.

Table 2. Performance assessment of soccer skills
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Football player number
Skill
1 2 3 4 5 6 7 8
Passing Coach 83.42 86.27 85.14 70.56 75.09 82.41 65.83 89.69
Algorithm 84.78 84.65 83.78 68.98 74.99 82.16 67.6 90.09
Shoot Coach 81.48 82.6 70.55 70.44 70.02 64.57 68.43 71.81
Algorithm 79.86 83.86 70.32 72.36 70.81 63.11 67.76 71.89
Coach 64.53 88.31 86.7 80.2 60.65 89.79 64.1 73.66
Catch Algorithm 64.37 89.86 86.04 80.72 61.1 90.41 62.15 74
Dribble Coach 66.93 84.8 62.37 81.26 60.52 80.78 65.78 78.06
Algorithm 65.18 83.91 60.45 81.29 59.95 79.07 66.22 78.49
Top ball Coach 72.61 77.41 60.39 89.68 89.03 89.6 89.75 72.74
Algorithm 74.29 77.02 62.37 91 88.99 91.4 91.34 71.09
Throw-in Coach 76.11 85.92 75.46 86.31 83.32 73.36 70.69 78.82
Algorithm 76.22 85.66 74.83 85.37 81.47 73.38 72.46 78.71
Snatch Coach 84.02 81.5 81.33 66.3 81.39 66.06 79.46 82.43
Algorithm 85.23 79.78 81.46 66.13 79.79 67.64 80.14 82.3
Coach 63.49 84.26 82.11 67.09 77.77 62.75 68.53 77.13
Gatekeeper -
Algorithm 65.49 83.72 83.48 68.22 76.81 64.7 67.93 77.25

In order to further explore whether the coach assessment scores and the algorithm assessment
scores are differentiated, in this section, based on the results of the skill assessment, this paper uses
the coach assessment scores and the algorithm assessment scores as the sample variables to conduct
the independent samples t-test. In conducting the independent sample t-test, the assumption premise
of data normal distribution and variance chi-square needs to be satisfied. In order to conduct the
normality test, this paper uses the Shapiro-Wilk test test. In Python, this paper can be calculated using
the shapiro() function in the SciPy library. The obtained sequence of coach assessment scores is
calculated by the code, and according to the Shapiro-Wilk test, if the p-value is less than the
significance level of 0.05, the null hypothesis can be rejected, i.e., the data do not conform to a normal
distribution. In this case, the p-value is 0.089 which is greater than 0.05 and hence the null hypothesis
cannot be rejected i.e. the data can be considered to conform to a normal distribution. The obtained
sequence of algorithmic assessment scores according to the results, the p-value is 0.1462, which is
greater than the common significance level of 0.05, therefore the original hypothesis cannot be
rejected, i.e. this data set conforms to a normal distribution at a significance level of 0.05. Variance is a
statistic that measures the degree of change in a set of data and is obtained by dividing the sum of the
squares of the differences between each data value and the mean by the number of data minus one. In
order to test whether the variances of the two sets of data are equal, the Levene test can be used.
According to the results of Levene's test, the p-value is 0.8725, which is greater than the commonly
used significance level of 0.05, and therefore the original hypothesis cannot be rejected, i.e., that the
variances of these two sets of data are equal. This paper establishes hypothesis test to determine
whether there is a difference between the evaluation scores of the algorithm and the evaluation scores
of the coach, HO is u1=p2, that is, there is no significant difference between the evaluation scores of
the coach and the evaluation scores of the algorithm.H1 is pl1#p2, that is, there is a significant
difference between the evaluation scores of the coach and the evaluation scores of the algorithm. The
analysis results of the independent samples t-test are tabulated in Table 3. The mean values of the
coach assessment scores and the algorithm assessment scores were 76.31 and 76.34, respectively, and
the p-value of the F-test was 0.741 = 0.05, so the statistical results were not significant, indicating
that there was no significant difference between the coach assessment scores samples and the
algorithm assessment scores samples, and the Cohen's d-value of the magnitude of the difference was
0.063, which is a very small magnitude of difference. Through the data analysis of the coach's
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assessment scores and the algorithm's assessment scores, it can be seen that the difference between
the two types of assessment scores is not obvious in the assessment scores of 8 types of basic soccer
skill movements, and the algorithm's assessment scores of the skill movements of soccer athletes are
in line with the coach's objective assessment scores of the movements, and they can satisfy the
requirements of the skill identification and the operation of the assessment system.

Table 3. Independent sample t test results

Coach Algorithm Mean difference
Sample Mean Mean Mean T P Cohen's d
Total mean Total mean Total mean
value value value
1 74.07 74.43 0.36
2 83.88 83.56 0.32
3 75.51 75.34 0.17
4 76.48 76.76 0.28
76.31 76.34 0.04 1.326 | 0.741 0.063
5 74.72 74.24 0.48
6 76.17 76.48 0.31
7 71.57 71.95 0.38
8 78.04 77.98 0.06

3.2.2. Algorithm runtime analysis. Whether the soccer sports athlete skill recognition and
assessment system is able to display the athlete's skill assessment score in real time depends on the
running time of the algorithm assessment algorithm in the system, so this section analyzes the running
time of the skill assessment algorithm, and the results of the algorithm's running time analysis are
shown in Fig. 3, the running time of the soccer skill action assessment using the time series dynamic
segmentation algorithm based on FastDTW proposed in this paper is is significantly reduced (1.50s
on average), and taking into account the characteristics of soccer sub-movements, the judgment of the
standard degree of the movement can be more in line with the requirements of soccer skill movements.

B This algorithm Contrast algorithm
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Fig. 3. Algorithm runtime analysis

3.3.  Results of the analysis of the empirical application of the system

This paper takes a daily training soccer match of this soccer team as an example, and selects a certain
player for soccer skill action data collection to verify the practical application effect of the soccer sports
player skill recognition and assessment system. Record all the soccer skill movements of the player in
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the match by manual means. The results of the skill movement recognition and assessment scores of
the soccer player in the game obtained by using the system analysis are shown in Table 4. The average
accuracy of soccer skill movement detection situation is 100%, which fully meets the requirements of
skill movement recognition. It can be found that the assessment score situation of the player's tackling
(99.42 points) in this game is much higher than that of dribbling over the ball (92.35 points), which
needs to be instructed by the coaches in the subsequent soccer training. Through the use of the number
of soccer skill movements and the actual assessment scores, the subsequent training can be adjusted
to make it more suitable for the actual needs of soccer sports players.
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Table 4. The results of the system empirical analysis

Action category | Total frequency Check the correct number of times Test success rate | Assessment score
Passing 52 52 100% 96.35
Shoot 5 5 100% 97.78
Catch 41 41 100% 96.52
Dribble 16 16 100% 92.35
Top ball 2 2 100% 97.52
Throw-in 0 0 100% e
Snatch 18 18 100% 99.42
Gatekeeper 0 0 100% —

4. Conclusion

This paper proposes a method for recognizing and evaluating soccer players' skill movements based
on the deep learning model, and combines the two methods to construct a skill recognition and
evaluation system for soccer players. The effectiveness and accuracy of the skill movement recognition
model and the assessment model are analyzed, and it is found that the performance of the skill
movement recognition model for soccer sports players proposed in this paper based on the deep
learning model is better than that of other comparative models, with the checking rate and the F1 value
of 99.12% and 0.987, respectively. and it is found through the analysis of the data of the coaches'
assessment scores and the algorithmic assessment scores that the difference of two types of
assessment scores methods in the assessment scores of the 8 types of The difference in the assessment
scores of basic soccer skill movements is not obvious (P>0.05), indicating that the model meets the
operational requirements of the system. After the practical application of the system in soccer training
matches, the average accuracy rate of the soccer players' skill movement detection situation is 100%,
which fully meets the requirements of skill movement recognition.

The system established in this study can and through the algorithmic model provide soccer sports
players and coaches with targeted sports training and athletic management recommendations,
effectively improving the efficiency and quality of soccer training,.
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