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Abstract The author in order to realize the skill assessment of soccer players and analyze the athletes’ performance
on the field. Based on the extraction of multimodal data of soccer players and the fusion of multistream data with
adaptive multiscale differential graph convolutional network, the athlete action recognition model is constructed.
Next, the PC-CNN skill assessment model is constructed to assess and analyze the skills of soccer players. The
performance performance of the assessment model in this paper is tested through comparative experiments. Finally,
analyze the performance of the soccer team in the shooting mode and shooting area. The accuracy of this paper's
PC-CNN assessment model is more than 90% in the assessment of three levels of skills of soccer players, and the
accuracy of the assessment of high-level skills reaches 100%, which is more accurate than other models. Among
the multimodal data of athletes' physiology, joint movements had the greatest influence on the assessment accuracy
of the assessment model, which reached 78.17%.The soccer teams A, B, and C had the highest success rate in
the item of penalty kick shooting skill, with success rates of 75%, 66.7%, and 66.7%, respectively. Teams A and C
had the highest success rate in Zone 1.Team B had the highest success rate in Zone 4.

Index Terms action recognition model, skill assessment model, multimodal data fusion, performance analysis

. Introduction

Soccer is a sport that is popular in almost all countries of the world and is practiced and enjoyed by a very large
number of young people in every country. Skill technique and athletic performance are considered to be the two key
components of soccer, where players not only achieve technical accuracy but also maintain a high level of athletic
performance at all times in order to fulfill the training and competition requirements of modern soccer [1]-[3]. Since
soccer is a same-field confrontational sport, athletes need to complete the required technical movements in high-
speed movement or intense confrontation, which puts very high requirements on the standardization of athletes'
technical movements [4], [5]. At the same time, monitoring the real-time performance of the athletes can determine
the shortcomings and deficiencies of the athletes, which is very important for the improvement of their own
competitive ability [6], [7]. Therefore, an evaluation framework that can respond to athletes' skills and techniques
and sports performance can provide theoretical and practical support for the scientific and rational development
and selection of soccer players [8].

The arrival of the big data era has brought new opportunities and challenges for solving the above problems, and
the huge amount of educational data and sports data makes it possible to portray the growth of athletes from a
multidimensional perspective [9], [10]. Using big data analysis technology, mining the intrinsic connection between
data and establishing data-driven assessment models can realize the accurate portrait and dynamic assessment of
soccer players' sports quality, providing powerful data support and intellectual support for scientific selection,
personalized training, potential prediction and so on [11]-[14].

The article firstly constructs an action recognition model for athletes through adaptive multi-scale differential graph
convolutional network, and performs multi-stream data fusion in the recognition model to construct an action
recognition model based on multi-modal data (AMD-GCN). Through the action recognition model, the limb data
such as joint movement and eye tracking of soccer players during the movement process are collected, which are
used as the prerequisite factors for skill assessment. The PC-CNN network model is established, and then the
multimodal data fusion model and data analysis methods are used to establish the skill evaluation model, so as to
construct the skill assessment model based on CNN and decision fusion. After testing the performance of the
evaluation model, the performance of the soccer player in terms of re-shooting mode and success rate of the
shooting area is analyzed through the model data analysis method.
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Il. Action recognition model based on multimodal data (AMD-GCN)

Il. A.Preparatory knowledge

Il. A.1) Skeleton sequence characterization

The structure of the human skeleton can be represented as a network graph, with human joints as nodes and bones
as edges. Usually a skeleton containing N nodes can be represented as a graph G=(V,E) , where

V=1{v,...,v,} denotesthesetof n nodesand g denotes the setofedges. g contains two sets of edges, and
the first set of edges is the intra-frame node connections, denoted as E ={(v,,v,)|i,j=1....V;t=1,...,T}. The

intra-frame node relationships of this graph can be represented by the adjacency matrix 4 o gV, with the matrix
element v, taken as either 0 or 1, indicating whether the node v, is connected to v, The second set of edges

denotes the correlation of the nodes between frames, denoted as £, = {(v,,v..,) i =1,....,V;t =1,...,T} . The whole
skeleton sequence can be represented as y _ pG. %<V, , Where C, .7, and N, stand for the node coordinate

in

dimensions, the number of skeleton frames, and the number of nodes, respectively.

Il. A. 2) Spatio-temporal graphical convolutional networks
A spatio-temporal graph convolution block consists of a spatial graph convolution with a temporal convolution [15].
The graph convolution operation for the (th frame can be expressed as:

v, % L 1
Joua0i) = ‘E;OI)ZH(U)/‘M(,,) wil, () ™M

where , denotes the ;th node of the (th frame, and f, and s = represent the input as well as the output
feature maps respectively. The N(v,) denotes the set of nelghbor nodes of v, » the weight function () is used
to assign weights to the inputs, and the mapping function / (;) is used to aSS|gn different labels to all nodes within
the set N(v,). In ST-GCN, there exist three mapping functions, which are unique labeling, distance function, and
spatial configuration. Among them, the spatial configuration is the best, which classifies the neighboring nodes into
three categories, the first one is the node itself, the second one is the neighboring nodes whose distance from the
central node is closer than the distance from the root node, and the third one is the neighboring nodes whose
distance from the root node is closer than the distance from the central node.

The regular term 7 (v,) is used to balance the distribution of different classes of nodes.

For practical appllcat|on of ST-GCN, Eq. (1) is transformed into:

.f(;uz :ZVVk(fmAk)D Mk (2)
k=1
where K denotes the number of subsets of neighboring nodes, and under the spatial configuration, x is 3.

Amkl , Where A_k denotes the adjacency matrix of the neighbor nodes of the f th class. The

AZ ZZ(Aﬁi)+a is the normalized diagonal matrix, and o is set to zero. 001 preventing empty lines. The
j

learnable parameters 7, and M, are used for the convolution operation with adjusting the weights of the edges
and [ for the dot product operation, respectively.
Temporal convolution is generally a 1-dimensional convolution with a convolution kernel size of K x1,where K,

is the temporal sensing field, which helps to aggregate the node information of neighboring frames within the
sensing field.

Il. A. 3) Differential Convolutional Networks
AMD-GCN introduces differential information into the temporal convolution operation, which further enriches the
input features by taking into account the interframe node motion information.

Ordinary convolution directly aggregates the features in the nearby region and operates on pixel p, as follows:

¥(p)= D w(p,)-x(p,+p,) (3)
p.€R

where p is the center pixel position, p, is the bias from the center pixel position, w(p ) is the weight
corresponding to this bias, and g is the set of biases of the pixels in the nearby region. The differential
convolutional network aggregates the differential information of the nearby region and its operation can be
expressed as:
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Conventional convolution and differential convolution can be related by the following equation:
y(p) =0 w(p,)-(x(p, +p,)—x(p)+(1-6) D w(p,)-x(p, +p,)

P.ER P.ER (5)
= w(p,)-x(py+ p,)+0-(=x(py))- Y w(p,)

where the hyperparameter 9 <[0,1] is used to adjust the weights of the conventional convolution and differential
convolution, Eq. (5) degenerates to Eq. (3) when ¢ is 0, and Eq. (5) degenerates to Eq. (4) when ¢ is 1.

Il. B.Adaptive spatial graph convolution module B

The graph convolution operation based on the fixed adjacency matrix is shown in Equation (2), where the topology
of the graph is determined by the adjacency matrix 4, andthe mask A7, , where whether two nodes are connected
or not is determined by 4, , and the strength of the connection is controlled by Az, . In order to utilize both the fixed
adjacency matrix and the adaptive adjacency matrix, Eq. @) can be modified as:

four :al'[iVVk(ﬁnAk)D Mkj"'az'q)me (6)

Two types of adjacency matrices, 4, and p, are included here. The spatial map convolution results based on
them are controlled by two learnable parameters o and ¢, . A4, R denotes the adjacency matrix
corresponding to the set of neighboring nodes j, which characterizes the connectivity structure of the human
skeleton itself. p o pyv<cx~v is the adaptive adjacency matrix, where N, c,v represent the Batchsize size, the

number of channels and the number of nodes in the frame, respectively. With this adjacency matrix, a specific node
topology can be provided for different channels of each sample, and thus the flexibility of action modeling can be
greatly enhanced.

In order to construct the correlation between nodes, AMD-GCN first projects the node features into the same
feature space, and then measures the similarity of the node features using dot product. Firstly, for the input feature
map f e RV TV, it is mapped to f.eRYxC,  xTxV Subsequently a 3x1 convolution is used to aggregate the

local temporal features and the output is f e RYxC xT, %V - Here the shapes of f. and f are notthe same

out
because the convolution operation was performed without padding to avoid introducing irrelevant information. The
7 and p dimensions of f are then exchanged to obtain the new feature f e R xC xV T, . Subsequently

out

f. and f are matrix multiplied and passed through the softmax layer to obtain the similarity matrix p o pv<C.oxr
where pi denotes the nodes , and v, have similarity. This similarity matrix is matrix multiplied with the features
f, to obtain the output 1, € RN Con T The process can be expressed as:

fo = B® f, = softmax(f, ® f.)® [, (7)

where @ denotes matrix multiplication.

Il. C.Attention-enhanced multi-scale temporal difference convolution module

The motion patterns of different actions are often very different, and the traditional single time-series convolution is
difficult to be modeled effectively. Therefore, AMD-GCN proposes multi-scale temporal convolution to obtain multi-
scale temporal information.

In order to more fully model the motion information, AMD-GCN combines differential convolution with time series
convolution to obtain time series differential convolution. Different from the traditional differential convolution, this
section uses a non-shared convolution kernel to go increase its flexibility. That is, for the ;th node x! of the (th
frame, the timing differential convolution can be expressed as:

y(x;):iwn 'x[’7£+ _J"'iwiz'LX[IK+ J_X,IJ (8)

The formula combines ordinary temporal convolution with temporal differential convolution. y(x') represents the
output of the temporal difference convolution, the first term on the right side of the equal sign is the ordinary temporal
convolution and the second term represents the temporal difference convolution, and their weights are adjusted
using w, and w,, respectively. Here g is the time-sensitive field size of the time-series convolution.
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Il. D.Multi-stream data fusion
In order to more fully utilize the skeleton sequence information, this study also considers the skeleton, node motion,
and bone movement information. Each skeleton can be represented as a vector of source nodes pointing to a target
node. For the source node y =(x,,y,,z) and the target node v, =(x,,y,,z,), the corresponding skeleton vectors

can be represented as by =(x,=x,y, =¥z, -2,)- Since the skeleton graph is a graph that does not contain a ring,

assigning bones to the target nodes will result in the number of joints being greater than the number of bones.
Therefore here the bone vectors corresponding to the joint points that are not assigned bones are set to all 0 vectors.
The node motion information is the vector pointing from the current node to the node at the corresponding position
in the next frame, for the node v =(x,y,,z) inthe ¢th frame and the corresponding node v,  =(x,,v,,,2.,)

and the node motion vector can be expressed as jm,, =(x,,,—x,,y,., — Y.z, —z) - Similarly, the skeletal motion

ViVisl

vector is the displacement vector py v = ot =x v =y =2h) of the adjacent frames of bones at the same

vt Ut+1

position, where the corresponding ; frame skeleton is denoted as b, = (xf,yf,zf), and the skeleton of the ;4+1th
frame is denoted as b+1=(x 30,20

t+1°

lll. Skill assessment model based on CNN and decision fusion

lll. A. PC-CNN network model

In this paper, the PC-CNN network model is constructed as shown in Fig. 1. This network is a spatial pyramid
pooling layer SPP8 added to the convolutional layer C7 and the fully connected layer FC9 to realize that the length
of the output vectors passing through the SPP8 layer is fixed and uniform, and the traditional stochastic gradient
descent (SGD) is replaced by the COCOB optimization algorithm which does not need to set the learning rate during
the training process of the network in order to achieve faster convergence [16].The PC-CNN network model in C1
layer is a convolutional layer containing 32 filters with convolutional kernel size of 3x3 and step size of 1. The input
is a gait contour image.S2 layer is a pooling layer, which does maximum pooling in a 2x2 window with a step size
of 2.C3 layer is a convolutional layer containing 32 filters with convolutional kernel size of 3x3 and step size of 1.C4
layer is a convolutional layer containing 32 filters with convolutional kernel size of 3x3 and step size of 1.S5 layer
is a pooling layer which does maximum pooling in a 2x2 window and step size of 1.S6 layer is a pooling layer which
does maximum pooling in a 2x2 window and step size of 2. The S5 layer is a pooling layer that does maximum
pooling within a 2 x 2 window with a step size of 2. The C6 layer is a convolutional layer containing 64 filters with
convolutional kernel size of 3 x 3 with a step size of 1. The C7 layer is a convolutional layer containing 64 filters
with convolutional kernel size of 3 x 3 with a step size of 1. The SPP8 layer is a spatial pyramid pooling layer, and
the extraction of the feature blocks consists of three scales: 1 x 1,2 x 2, and 4 x 4 , each feature block is maximally
pooled (i.e., maximum pooling is done within a window of 1x1, 2x2, and 4x4) with a step size of 1. The FC9 layer
is a fully connected layer, the input to the fully connected layer is the result of the spatial pyramid pooling layer, and
the number of nodes in the output of the fully connected layer is 64.
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Figure 1: PC-CNN network structure

In this paper, the AMD-GCN model constructed in the previous paper is used to monitor the joint motion and eye
tracking of soccer players as a factor for skill assessment. Then PC-CNN network is used to train and recognize
the limb contour images of the athletes. The athlete's limb contour images were recognized by PC-CNN combining
SPP and COCOB optimization algorithms, and the recognition accuracy of the PC-CNN network model was used
as the modal data input of the limb contour images for the decision fusion model.
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Ill. B. Skill evaluation modeling
lll. B. 1) Multimodal data fusion models

Multimodal feature fusion refers to the fusion of features from different modalities [17] to improve the performance
and accuracy of the model, which is mainly divided into two stages: feature extraction and feature fusion. Multi-
channel feature fusion is widely used in the field of computer vision, and in the past, most models were fused at the
decision layer, which can lead to the following problems, for a certain sample, whose category label is forehand
striking, when the prediction result of the bone branch and the joint point branch are both backhand striking, and
the prediction result of the RGB branch is a right-footed shot, the fusion at the decision layer takes into account the
confidence of the multi-branching and it is easy to incorrectly determine the prediction result as having a left-footed
shot. The fusion of the decision layer considering the confidence of multiple branches can easily misjudge the
prediction result as having a left-footed shot. Even if the RGB branch can predict correctly after adding multimodal
information, the fusion based on the model prediction results will weaken the decision power of the RGB branch.
The same can be generalized to the case when one branch predicts correctly with a lower confidence level and the
other two branches predict incorrectly with a higher confidence level, the decision level fusion may reduce the
robustness of the model in this case. A schematic of feature fusion classification is shown in Figure 2.

Pixel-level .| Feature- | Decision-making
fusion | level fusion | level integration
A 7}
Feature Feature ..
Image 1 [ . | Feature 1-1 . » Decision [—]
& Extraction 1 Extraction n
Feature Feature ..
I M . F>»{| Feat -1 . > D —
mage x Extraction 1 cature x Extraction n eeision
Feature Feature ..
Imagem — . »'| Feature m-1 . “—» Decision [—
& Extraction 1 Extraction n

Figure 2: Schematic diagram of feature fusion classification

The specific process of the multimodal fusion layer is shown in Fig. 3, where the final output features of multiple
models are fused at the feature level, and the fused multimodal features are mapped into a subspace for similarity
matching between multimodal features, and the feature distances of multiple modalities are considered
comprehensively for obtaining a more balanced similarity ranking.

Specifically, after obtaining the joint point and bone prediction results, channel-level splicing is performed for the
skeletal modalities from the two sources, followed by dimensionality transformation via a convolutional layer with a
convolutional kernel size of 1x1 while preserving the nonlinear modeling capability of the network, and then a global
average pooling layer to obtain the channel-level feature values representing the importance of the features at the
channel level. This set of weights is used to interact with the features of the RGB modality to obtain the skeleton
related RGB features, which are then entered into the convolutional layer for the Reshape operation and spliced
with the bi-stream features of the skeleton modality at the channel level to obtain the final feature output.

Multimodal feature fusion
Skeletal
characteristics v concat
concat() I N » Feature fusion
Joint point 1 Conv
characteristics ¢
GAP Reshape
RGB .
. .. —» Feature fusion 4—'
characteristics
I—> Conv

Figure 3: Multimodal feature fusion
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lll. B. 2) Data analysis

Joint angle data were low-pass filtered at 6 Hz to remove noise.GRF data were low-pass filtered at 20 Hz and
amplitudes were normalized by body weight to reduce the effect of measurement differences between subjects.
Due to the inconsistency in the length of the sample data due to the differences between the recorded gait cycles,
the two modal data, joint angle and GRF, were time normalized to 101 points (representing the motion period from
0% to 100%), respectively, and then, the time normalized data from the different channels were concatenated to
form a sample vector of the respective modal data. To reduce redundant information and extract effective gait
features, PCA was used for feature extraction of joint angles with GRF. The number of principal components retained
was determined by the 90% variance contribution.

The features extracted from both modal data, joint angle and GRF, are used as inputs to the classification
algorithm. In this paper, Simple Bayes (NB), k Nearest Neighbor Algorithm (KNN), Support Vector Machine (SVM),
and Random Forest (RF) are used as candidate classifiers, and the best classifier for the two modalities is selected
by comparing the recognition performance. In the fusion stage, the two selected optimal classifiers and the output
probabilities of Softmax are used to train the decision fusion model. Usually, decision fusion models can be built in
two ways: classification-based fusion algorithms and rule-based fusion algorithms. The former utilizes data-based
classification techniques to fuse different modal information, while the latter is based on predefined computational
rules. In this paper, five fusion algorithms, namely neural network (NN), KNN, NB, SVM and RF, are used to build
the fusion model. The input of the fusion model is the output probability of different modal information, and the
integration of different modal information enhances the complementarity of motion information.

IV. Skills assessment and performance analysis

IV. A. Skills assessment performance

In order to verify the performance of the PC-CNN evaluation model in this paper, this paper collects the athlete's
movements, eye tracking, EEG signals and other data during the soccer game. The athlete's joint movements are
extracted and the number of occurrences of each movement is counted. Eye tracking metrics are calculated at full
screen range, three different interest domains respectively. The EEG signals were decomposed into five different
frequency bands, and the time and frequency domain features of each band were calculated separately. Among
them, the three different interest domains are the results of the division of eye tracking data by each element, which
are soccer ball trajectory, field of play, goal position, shooting distance, passing distance and defense line
adjustment, so each interest domain needs to calculate the corresponding six eye tracking metrics separately. The
overall features obtained from the raw data of the three modalities by feature extraction were used for subsequent
data analysis and evaluation model construction. Five different machine learning algorithms, namely Bayesian
Network (Bayes), Random Forest (RF), Linear Discriminant Analysis (LDA), Support Vector Machine (SVM), and K-
Nearest Neighbor (KNN), were used to compare the assessment models with the PC-CNN skill evaluation model
in this paper.

Statistically, a total of 180,000 soccer player movement data, 360,000 eye tracking data, and 1.48 million EEG
signal data were obtained in this study. The three modal data were feature extracted to form a feature matrix.
Meanwhile, the original skill levels were divided into low, medium and high levels by their value ranges in equal
amounts, which were used as skill level labels for subsequent data analysis and assessment model construction.
In this study, the assessment accuracies of six machine learning algorithm models (Bayes, RF, LDA, SVM, KNN,
PC-CNN) on the validation set are compared, and the results are shown in Table [1]. It can be seen that the PC-CNN
model in this paper has the best overall performance, not only the overall skill assessment accuracy rate reaches
94.3%, but also its skill assessment accuracy rate for low, medium and high levels is over 90%.

Table 1: Evaluation accuracy of six machine learning algorithms in verification set

Model Accuracy in low level Accuracy in medium level Accuracy in high level Overall evaluation accuracy
Bayes 75.4% 83.5% 74.8% 77.9%
RF 76.3% 80.8% 83.3% 80.1%
LDA 75.7% 78.8% 89.9% 81.5%
SVM 79.2% 87.6% 84.9% 83.9%
KNN 78.3% 87.2% 82.6% 82.7%
PC-CNN 90.4% 92.5% 100% 94.3%

In order to understand the influence of each modal data on the evaluation results of the six machine learning
algorithm models, this study compares the accuracy of different modal data and their mean values in the six machine
learning algorithm models, and the results are shown in Table @ It can be seen that joint movements have the
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greatest influence on the evaluation results of the six machine learning algorithm models (the highest average value
is 78.17%), followed by eye tracking (the second highest average value is 63.02%), and EEG signals have the least
influence (the lowest average value is 55.47%). It can be seen that there is a stronger link between joint movements
and skill level compared to eye tracking and EEG signals. However, the mean value of the multimodal data was

greater than that of any of the unimodal data, thus verifying the superiority of the multimodal fusion method for skill
level assessment.

Design of a framework for skill assessment and performance analysis of soccer players based on multimodal data fusion

Table 2: The effect of each modal data on evaluation results of six machine learning algorithms

Modal Bayes RF LDA SVM KNN PC-CNN Average

Joint action 67.97% 73.55% 73.47% 82.45% 84.77% 86.83% 78.17%

Eye tracking 45.25% 66.33% 65.83% 65.34% 66.72% 68.64% 63.02%
Brain electrical signal 37.86% 61.27% 50.14% 55.92% 62.46% 65.16% 55.47%
Multimodal data 75.43% 85.68% 85.75% 87.67% 87.96% 89.47% 85.33%

IV. B. Performance analysis

Since soccer is a typical team sport, the assessment of athletes should ultimately come down to the analysis of the
overall performance of the team. Based on the fact that the victory or defeat of a team is determined by the number
of goals scored in the game, at the same time, the level of goal-scoring technology can be directly manifested from
the characteristics of goals scored, and the two are inseparable. Therefore, this paper will be A, B, C three teams
shooting technology indicators through the “shooting mode, shooting area 2 aspects of research.

IV. B. 1) Analysis of shot patterns

The shooting performance and shooting effect of the three teams A, B, and C are shown in Figure 4 and Figure 5.
As can be seen from Figures 4 and 5| the shooting methods of the three teams A, B and C are as follows: (1) Grab
the point and shoot directly, Team A shoots 14 times and scored 3 times, with a success rate of 21.4%. Team B had
17 shots on goal and scored 5 goals, with a success rate of 29.4%. Team C had 10 shots on goal and scored 5
goals, with a success rate of 50%. (2) Receiving the ball and adjusting the shot, Team A shot 7 times and scored 4
times, with a success rate of 57.1%. Team B had 13 shots on goal and scored 3 times, with a success rate of 23.1%.
Team C had 7 shots on goal and scored 0 goals, with a success rate of 0%. (3) Set-piece shots, Team A shot 4
times, scored 2 times, and the success rate was 50%. Team B had 3 shots on goal and scored 0 goals, with a
success rate of 0%. Team C had 6 shots on goal and scored 0 goals, with a success rate of 0%. (4) Penalty kick
shots, Team A had 8 shots on goal and scored 6 times, with a success rate of 75%. Team B had 6 shots on goal
and scored 4 times, with a success rate of 66.7%. Team C had 3 shots on goal and scored 2 goals, with a success
rate of 66.7%. (5) Supplementary shots, Team A shot 6 times, scored 3 times, and the success rate was 50%. Team
B had 0 shots on goal and scored 0 goals, with a success rate of 0%. Team C had 0 shots on goal and scored 0
goals, with a 0% success rate. (6) Header shots, Team A shot 4 times, 0 goals, 0% success rate. Team B had 6
shots on goal and 1 goal, with a success rate of 16.7%. Team C had 5 shots on goal and scored 1 goal, with a
success rate of 20%. (7) Sudden shooting, teams A, B, and C all had 0 shots on goal, 0 goals were scored, and the
success rate was 0%. (8) Long shots, Team A had 13 shots on goal and scored 0 goals, with a success rate of 0%.
Team B had 7 shots on goal and scored 0 goals, with a success rate of 0%. Team C had 10 shots on goal and
scored 0 goals with a 0% success rate.
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Figure 4: Shooting form
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Figure 5: Shooting effect regional analysis of shotguns

The shooting area and shooting effect of the three teams A, B, and C are shown in Figure 6 and Figure 7. As can
be seen from Figures 6 and |7, the shooting areas of teams A, B, and C are as follows: (1) Zone 1, team A has 8
shots on goal and 6 goals, with a shot success rate of 75%. Team B had 11 shots on goal and scored 3 goals, with
a shot success rate of 27.3%. The C team had 8 shots on goal and scored 3 times, with a shot success rate of
37.5%. (2) In Zone 2, Team A has 4 shots on goal, 0 goals, and a shot success rate of 0%. Team B had 7 shots on
goal and scored 2 goals, with a shot success rate of 28.6%. Team C had 3 shots on goal and 0 goals and a shot
success rate of 0%. (3) In Zone 3, Team A had 15 shots on goal and scored 7 goals, with a shot success rate of
46.7%. Team B had 22 shots on goal and scored 7 goals, with a shot success rate of 31.8%. The C team had 14
shots on goal and scored 2 goals, with a shot success rate of 14.3%. (4) Zone 4, Team A has 20 shots on goal and
0 goals, with a shot success rate of 0%. Team B had 8 shots on goal and scored 3 times, with a shot success rate
of 37.5%. Team C had 12 shots on goal and scored 3 goals, with a shot success rate of 25%. (5) In Zone 5, Team
A has 5 shots, Team B has 2 shots, and Team C has 5 shots, but the success rate of shots on goal is 0%.
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V. Conclusion

The article firstly recognizes the athlete's movement by constructing AMD-GCN model, and secondly, CNN is fused
with decision making to construct PC-CNN skill assessment model by high multimodal data fusion. The model was
used to assess and analyze the skills and performance of soccer players.

(1) In the skill assessment of soccer players at low, middle and high levels, the accuracy of the PC-CNN model
in this paper for low, middle and high levels of skill assessment is 90.4%, 92.5% and 100% respectively, and the
overall skill assessment accuracy reaches 94.3%, exceeding the other comparative models. Among all the
multimodal data, joint movements had the greatest influence on the assessment model (78.17%), followed by eye
tracking (63.02%), and the least influence was the EEG signal (55.47%).

(2) The performance of the soccer teams in terms of shooting style and shooting area was analyzed.Teams A, B,
and C had the highest success rate of penalty kick shooting technique with 75%, 66.7%, and 66.7%,
respectively.Teams A and C had the highest success rate of shooting in Zone 1 with 75% and 37.5%,
respectively.Team B had the highest success rate of shooting in Zone 4 with 37.5%.
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