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Abstract: Aiming at the problem of low accuracy and poor real-time performance of existing
algorithms in the process of football players’ shooting action recognition, a football players’
shooting action recognition method based on Bayesian classification is proposed. Firstly,
Gaussian mixture model is constructed to extract the characteristics of shooting action. Secondly,
the Gaussian parameters are estimated to obtain the optimal state sequence, which provides a
basic reference for football players’ shooting action recognition. Finally, based on the marking of
football players’ shooting action behaviour, the recognition of football players’ shooting action
based on Bayesian classification is realised. Experiments show that the designed Bayesian
classification method can accurately identify the shooting action of football players, and has good
real-time performance. This shows that the design method can provide basic basis and theoretical
guarantee for football players’ action recognition, and has certain practical application
performance.

Keywords: Bayesian method; motion recognition; football sport; athlete movement.

Reference to this paper should be made as follows: Zhao, X. (2023) ‘Recognition method of
football players’ shooting action based on Bayesian classification’, Int. J. Reasoning-based
Intelligent Systems, Vol. 15, No. 1, pp.35-40.

Biographical notes: Xiaofang Zhao graduated from the College of Physical Education and
Sports of Beijing Normal University in July 2009, majoring in Sports Training. In June of 2012,
she graduated from the School of Physical Education and Sports of Beijing Normal University
with a Master’s in Physical Education and Training. She is now a Lecturer in the Physical
Education Department of Dalian Maritime University. Her research direction is physical

education and training.

1 Introduction

In football matches, the players’ movement is a collective
action of many people, with a high degree of synergy. The
cognition and recognition of group behaviour has always
been an important subject of computer vision. It is widely
used in image monitoring, target image summary,
human-computer interaction, motion image analysis, motion
assisted training, competition assisted referee and image
query (Yuan et al., 2021; Hendricks et al., 2020). Therefore,
the identification of shooting action of multiple players in
football match is conducive to improve the training effect of
football players. The recognition of shooting action in
football matches includes feature extraction (Rathnamala
and Jenicka, 2021; Taguchi and Turki, 2021), object
tracking and detection (Fang et al., 2020; Zhou et al., 2020),
action expression (Damotharasamy, 2020), classification
methods and behaviour recognition, including the detection,
segmentation, tracking and identification, semantic
expression and inference of moving objects, as well as the
application of model recognition, image processing,
drawing and so on. Accurate recognition of football players’
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shooting actions can help improve players’ shooting skills
and improve the level of football players.

At present, there is no specific research content on
shooting action recognition of football players, but some
scholars have studied the action recognition method of
human movement behaviour. Vasconez et al. (2021) studied
a recognition system based on the attitude semantic
information of combined objects, using convolution 2D
attitude estimation methods to form RGB static images and
normalise feature vectors to identify possible future actions
predicted by human activities, thereby increasing staff
productivity. Li et al. (2021) use depth information to
reconstruct 3D point cloud, use time pyramid to segment
time series of different scales, and stitch the features of each
time period, so as to show the spatial distribution of the
point cloud of the main moving parts of the human body,
and identify the human behaviour features according to the
track of historical point cloud. Athavale et al. (2021) puts
forward the pre-training CNN model of SVM classifier,
uses VGGI16 to classify the signals of human activities,
constructs the sample data set of human activities in daily
life, and uses the CNN model to feedback the depth
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characteristic information to complete the recognition of
human motion. Although the above methods can recognise
human motion, there is still a problem of insufficient
recognition accuracy for the recognition of shooting.

In order to improve the recognition accuracy of football
players’ shooting action, this paper proposes a football
players’ shooting action recognition method based on
Bayesian classification. The specific architecture is as
follows:

1 A Gaussian mixture model with a mixture of
components is constructed, and the Gaussian mixture
model is used to extract the shooting behaviour
characteristics of football players, including spatial
position characteristics and motion characteristics.

2 When the likelihood function reaches the maximum
value under the parameters of Gaussian model, the
algorithm is used to estimate the parameters of
Gaussian model to determine the optimal state
sequence of football players’ shooting behaviour data.

3 Mark the behaviour characteristics of football players’
shooting action, and use the Bayesian classification
method to realise the effective recognition of football
players’ shooting action.

4  The performance of the design method is verified by
experiments and compared with the methods in the
literature.

2 Detection method of shooting action
characteristics of football players

2.1 Feature extraction of shooting action based on
Gaussian mixture model

In order to accurately detect the shooting action of football
players, Gaussian model needs to be used to extract the
characteristics of sports behaviour.

The continuous motion of human body can be divided
into several states; each state is composed of several parts of
the body. The spatial position feature fcc and the motion
feature C are both regarded as Gaussian mixed model (Avila
et al., 2021). A Gaussian mixture model containing M
mixtures is represented as follows:

P(0)= 3" weNe(O s =) ()

Among them, w,, u. and X, represent respectively the
weighting coefficient, mean and covariance of the A mixture
(Adimurthi et al., 2021). The Gaussian mixed model 4 can
be expressed as:

i:{Wx,ﬂx,Ex},x:LZ,...,M (2)

The characteristics of the shooting action of football players
are as follows:

AO=fec+ fen) Y, (Mos=My,)(Sa=5)(0 =) (3)

Spatial characteristics (Yu et al.,, 2021) fcc and motion
characteristics fcp contain M; and M,, respectively. The
parameters S; and S+ represent the state of ¢ time and ¢ + 1
time respectively; the parameters M;, and M, represent the
number of mixed components contained in fcc and f;,, of ¢
time respectively; the parameters O, and O, represent the
observation of ¢ time respectively, that is, the characteristics
of spatial position fcc and the characteristics of motion fcp.

2.2 Gaussian parameter estimation and optimal state
sequence extraction

According to the extraction results of shooting behaviour
characteristics of football players, Gaussian parameter
estimation and optimal state sequence extraction are carried
out.

For a certain action, the state set is e ={ej, ez, ‘-, en}, if
the state of t moment is s;, then the observation sequence of
s € {e, e '+, ex }, t moment is O; = (O, O,), the
observation sequence of f;. is O; = (Oy,1, O1, -, O1,7), and
the observation sequence of fc, is O> = (02,1, Oz, ).

Define initial state probability as 7

nxzp(slzex)lﬁxSN 4

The state transition probability distribution is defined as
A = {a.}, where ay, represents the probability of changing
from state x to state y (Jing et al., 2021).

@y =p(swi =elsi=e),1<x, y<N )

The observed probability distribution is defined as
B = {b(x)}, in which b,(x) represents the probability of O,
when the state of the # moment is x.

b= i M s X0, )| s M 0 X, )] (O

X
Among them, the parameters wy,,, i, , and Zl represent
g > ,m

the weighting coefficient, mean value and covariance of the
mixed components of the m in the O;, Gaussian mixed

model, while wy, , uf,,,and z: represent the weighting
’ ’ ,m

coefficient, mean value and covariance of the mixed
components of the m in the O,, Gaussian mixed model.
Assume that the set of parameters in the model is § = {4, B,
T}

For the feature fcc of space position, the parameter
learning process of Gaussian mixture model is to determine
the Gaussian parameter 4, according to the likelihood
function of the feature sequence, and make the maximum
value of the likelihood function under the parameter A,
namely:

4 =argmax p (O, |4 ) @)

Among them, 41 = {wi, uix, Zix}, x =1, 2, -+, M is the set
of Gaussian parameters corresponding to fcc.
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EM algorithm (Asheri et al., 2021) is used to estimate
Gaussian parameters. The process can be divided into £ and
M steps.

e  E step: using the estimated wi x, f1x, 21 from the
previous iteration, find the probability that the O;, will
be generated by the x mixture:

Wl,xN(Ol,l ;ﬂl,x, 2"l,x )

m

. W‘l,yN(Ol,t;/ul,y: z:l,y)

0(1(1‘, x) =

®)

o M step: the ai(1, x), (2, x), -+, aa(T, x) derived from
E step calculates the parameter estimates for the x
mixture.

4 ©)
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Of which, Ny, = ztrl o (t, x).

The learning process of Gaussian parameters
corresponding to the motion feature fcp is also estimated by
EM algorithm. Get all the parameters of Gaussian model,
and then calculate the observation probability matrix (Braca
et al., 2020). To find the best sequence of states, use the
Viterbi algorithm as follows:

Firstly, an auxiliary variable J:1(x) is defined to
represent the 8 of the given model and the O of the observed
sequence, and the s1s2 - 54, 0+1(x) of the state sequence with
the highest probability of s, under the state e, is used.

S (x) =max p(s152 -5, =€y, 00y O, | 1) (12)
Initialisation parameters:

6 (x)=mb, (0),1<x< N, (h(x)=0) (13)
Recursive process:

01(y) = maxig <y [5#1 (x)axy]bx (Ot)

(14)
2<t<T,1<y<N
wl(y):argmax[ét_l(x)axyZStST,lSySN] (15)
Define the following two parameters:
P" = max [0r (x)] (16)
St = argmax [J7 (x)] (17)
1<x<N

Then the optimal sequence of states obtained is as follows:

St =t (Sta)t=T-1,T=2--,1 (18)

3 Identification of shooting action of football
players based on Bayesian classification

3.1 Behaviour markers of football players’ shooting
action

Suppose the set of training samples of shooting action
image is (x1, ¥1), " (xi, i), *(xn, yn), in which x; represents
the sample data of shooting action image and y; represents
the sample mark of shooting action image (Yuan, 2020; Liu
and Dong, 2021). In the training sample N, randomly
selecting the shooting action sample data as the known
sample, using the AdaBoost algorithm (Ciaburro, 2021) as
the weak classifier, obtaining the assumptions of the
training sample, taking the ¢(Y, A, X) as the basis,
calculating the error rate of the shooting action image
sample, and obtaining:

oY, h, X)x(h (x;) # yi)
(x1s 7)) (X, 31) -+ (xns )

(19)

& =

where ¢ represents the sample error rate.

Based on the calculation results of formula (19), the
extracted shooting action characteristics shall be marked as
1, and the others as —1. Through the iterative construction of
the football player shooting action characteristic mark
model, the model is represented as:

¢, =argmin|[d; -C(d;)’|*& (20)

Among them, d; represents the i feature data of the shooting
action sequence, and C(d)) represents the j feature data of
the training sample.

In accordance with the formula (20), the characteristics
of shooting action of football players shall be marked.

3.2 Recognition of football players’ shooting
behaviour based on naive Bayes

Using the existing data to build a classifier based on
shooting action features, we can create the most suitable
category marks for specific features. Simple Bayesian
classifier is a simple random classification method based on
Bayesian theory. It assumes that each attribute is not related
to other attributes, and uses the combination of known
probability and known classified case probability to obtain
the type with the largest a posteriori probability and judge
the uncertainty (Angadi et al., 2021).

It is assumed that the shooting action of soccer players
can be represented by a set of instance attribute
characteristic values {ai, a2, ***, anm), and the most probable
category marker c(x) can be found when the x of a feature is
given. Through the maximum posteriori assumption, the
following can be derived:

c(x)=argmaxc P(c|a1,a2,-~am) 21

The basis of naive Bayes classification is to separate the
values of each attribute independently in a given target.
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Under this standalone form, the formula (21) is rewritten as
a Bayesian equation:

c(x) = arg max ¢ P(C)H ";1 P(a|c) (22)

Although in practice, Bayesian presupposition is often not
used correctly, but in this case, naive Bayesian classifier
still shows a strong efficiency, so it has been applied in
classification, clustering and pattern selection.

Among them: P(c) represents the prior probability of c,
P(a)| ¢) is in a set, through the various types and
characteristics of the combination of calculations and
estimates.

Using the threshold recognition algorithm (Pan et al.,
2021), the shooting behaviour of football players is
discriminated according to the motion images, and the
potential of the motion behaviour is established, which can
lay a good foundation for the recognition of the action. In
football matches, there are a lot of complicated situations,
which make the sports of the athletes present a more
complicated scene. In order to realise the efficient
recognition of motion images, this paper uses threshold
recognition algorithm to identify the shooting motion. The
process includes:

Step 1  The image pixel value is N, the setting matrix
coordinates are: A(x1, y1), B(x2, y2), C(x3, y3), D(x4,
vs), and the coordinate matrix is:

P=(x—x)/(ys—
(2 =) (ys yl) (23)
S=(x;—x)*(y3—n)

Step 2 When the pixel value of the image is larger than
the recognition threshold A, the shooting action
features can be extracted.

Step 3 If no pixel is specified, the coordinates are
corrected and expanded.

Step4 Complete the scan, get the N, and confirm the
target.

Step 5 Compare the recognition threshold, when |1 — P| is
less than A4, get the image area.

Step 6 Through the target area, calculate the area to the
image area ratio: M = N,/ S, |0.785 — M |< A4, then
automatically identify the football player shooting
action.

Step 7  Output shooting action results.

4 Experimental verification
4.1 Experimental data and scheme

e  Experimental data: this experiment collects football
players’ game video images, sets sampling every five

frames, and compares the coordinate information
obtained last time with the current coordinate. If the
position of the coordinate point changes on a critical
point for five seconds, the position will be regarded as
stopped, then the data of the position will be extracted
and recorded, and finally the position information will
be stored.

e Experimental scheme: select 14 eigenvalues of five
nodes, take the recognition time, recognition accuracy
and recall as the experimental comparison index, and
compare the Bayesian classification method proposed
in this paper with the methods in the literature to verify
the specific performance of the proposed method.

4.2  Comparison of shooting action recognition time
of football players

In order to verify the efficiency of the algorithm, the time of
shooting action recognition of soccer players is used as a
verification index to compare. The shorter the recognition
time is, the higher the efficiency of shooting action
recognition is. By comparing the methods of Vasconez
et al. (2021) and Li et al. (2021) and the proposed method, it
is found that the recognition time of shooting action of
soccer players with different methods is shown in Table 1.

Table 1 Comparison of recognition time for different methods
Training .
sample Proposed Reference (Vasconez  Reference (Li

etal., 2021) etal., 2021)
data/ method/s
methodology/s methodology/s

groups

100 1.6 8.1 6.8

200 29 10.6 14.5

300 32 13.6 18.9

400 4.1 17.8 20.3

500 6.2 19.7 22.5

According to Table 1, with the increase of training sample
data, the shooting action recognition time of football players
with different methods increases. When the training sample
data is 500 groups, the recognition time of football players’
shooting action of reference (Vasconez et al., 2021) method
is 19.7 s, the recognition time of football players’ shooting
action of reference (Li et al., 2021) method is 22.5 s, while
the recognition time of football players’ shooting action of
the proposed method is only 6.2 s. It can be seen that the
football player shooting action recognition time of the
proposed method is short; indicating that the football player
shooting action recognition time efficiency of the proposed
method is high.
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Table 2

Comparison of accuracy of shooting action recognition of football players

Proposed method

Reference (Vasconez et al. (2021)

Reference (Li et al. (2021)

methodology methodology
Shooting action
Correctly identzj‘jz Accuracy/% Correctly i.dentiﬁ/ Accuracy/% Correctly identzj‘jz Accuracy/%
quantity quantity quantity

Arching of the foot 36 96 33 90 31 87
Bigfoot sling 27 98 25 94 25 94
Instep volley 42 96 41 90 38 86
Volley of instep 51 94 48 92 47 90
Volley shot from 48 96 45 90 42 87

the instep

4.3 Comparison of accuracy of shooting action
recognition of football players

Recognition accuracy is one of the main indexes of
recognition method. In order to verify the recognition effect
of soccer players shooting action, the recognition accuracy
of soccer players shooting action is compared. The higher
the accuracy, the better the recognition effect. On the
contrary, the lower the accuracy, the worse the
identification effect and the method has no practical
application performance. In this paper, the different
shooting actions in the video of soccer match are used as
recognition objects, and the recognition accuracy is
compared with the results shown in Table 2.

It can be seen from Table 2 that for different shooting
actions, the methods proposed in this paper can effectively
identify, and the number of correct identification is always
higher than that of Vasconez et al. (2021) and Li et al.
(2021), and its average accurate recognition rate is more
than 95%, indicating that the method proposed in this paper
has high practical application performance and can obtain
accurate football players’ shooting action recognition
results.

4.4 Comparison of recall rate of shooting action
recognition among football players

Recall rate refers to the shooting action information data of
football players recognised within the specified time, which
can measure the recall rate of algorithm recognition. The
higher the recall rate, the better the effect of the method. It
is a main index used to evaluate the recognition algorithm.
Taking the recall rate as the index, the superiority of this
method is verified by comparing the recall rate of this
method with that of Vasconez et al. (2021) and Li et al.
(2021). The results are shown in Figure 1.

It can be seen from the comparison results of recall rate
that the recall rate of this method is high, and it is always
better than Vasconez et al. (2021) method and Li et al.
(2021) method, indicating that this method has a high recall
rate in the process of football players’ shooting action
recognition. Combined with the accuracy comparison
results in Table 2, it can be seen that this method can
maintain high accuracy and has good recall, which further

verifies the practical application performance of the
proposed method.

Figure 1 Comparison of recall rates for different methods
0.98 |-

0.96
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090 . . °
0.88 J * * .
0.86 —— Paper method
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5 Conclusions

In order to solve the problem of low accuracy and poor
real-time performance in the process of shooting action
recognition, a method of shooting action recognition based
on Bayesian classification is proposed. Based on the
Gaussian hybrid model, the shooting action features of
soccer players including spatial position features and motion
features are extracted. After Gaussian parameters are
estimated and the optimal state sequence is obtained, the
Bayesian classification is used to recognise the shooting
action of soccer players. Experiments show that the method
proposed in this paper can accurately recognise the shooting
action of soccer players and has good real-time
performance. Experimental results show that the proposed
method has good practical performance, and it can provide
the basis and theoretical guarantee for the action recognition
of soccer players and other aspects of video image.

References

Adimurthi, K., Mengesha, T. and Phuc, N.C. (2021) ‘Gradient
weighted norm inequalities for linear elliptic equations with
discontinuous  coefficients’, Applied Mathematics &
Optimization, Vol. 83, No. 1, pp.327-371.



40 X. Zhao

Angadi, U.B., Rai, A. and Uma G. (2021) ‘MBFerns: classification
and extraction of actionable knowledge using multi-branch
ferns-based Naive Bayesian classifier’, Soft Computing,
Vol. 25, No. 6, pp.1-13.

Asheri, H., Hosseini, R. and Araabi, B.N. (2021) ‘A new EM
algorithm for flexibly tied GMMs with large number of
components’, Pattern Recognition, Vol. 48, No. 23,
pp-183-187.

Athavale, V.A., Gupta, S.C. and Kumar, D. (2021) ‘Human action
recognition using CNN-SVM model’, Advances in Science
and Technology, Vol. 10, No. 5, pp.282-290.

Avila, A.R., O’Shaughnessy, D. and Falk, T.H. (2021) Automatic
speaker verification from affective speech using Gaussian
mixture model based estimation of neutral speech
characteristics’, Speech Communication, Vol. 13, No. 2,
pp.2-13.

Braca, P., Aubry, A., Millefiori, L.M., De Maio, A. and Marano, S.
(2020) ‘Multi-class random matrix filtering for adaptive
learning’, IEEE Transactions on Signal Processing, Vol. 68,
No. 11, pp.359-373.

Ciaburro, G. (2021) ‘An ensemble classifier approach for thyroid
disease diagnosis using the AdaBoostM algorithm’, Machine
Learning, Big Data, and IoT for Medical Informatics,
Vol. 65, No. 31, pp.365-387.

Damotharasamy, S. (2020) ‘Approach to model human appearance
based on sparse representation for human tracking in
surveillance’, [ET Image Processing, Vol. 14, No. 11,
pp.2383-2394.

Fang, C., Huang, J, Cuan, K., Zhuang, X. and Zhang, T. (2020)
‘Comparative study on poultry target tracking algorithms
based on a deep regression network’, Biosystems
Engineering, Vol. 19, No. 2, pp.176—183.

Hendricks, S., Till, K., Hollander, S.D., Savage, T.N.,
Roberts, S.P., Tierney, G., Burger, N., Kerr, H., Kemp, S. and
Cross, M. (2020) ‘Consensus on a video analysis framework
of descriptors and definitions by the Rugby Union Video
Analysis Consensus group’, British Journal of Sports
Medicine, Vol. 54, No. 10, pp.1012-1018.

Jing, H., Zhao, C. and Gao, F. (2021) ‘Non-stationary data
reorganization for weighted wind turbine icing monitoring

with Gaussian mixture model’, Computers & Chemical
Engineering, Vol. 147, No. 4, pp.141-146.

Li, D., Jahan, H., Huang, X. and Feng, Z. (2021) ‘Human action
recognition method based on historical point cloud trajectory
characteristics’, The Visual Computer, Vol. 61, No. 8,
pp.246-251.

Liu, L. and Dong, X. (2021) ‘Research on on-line detection of
operation state of coal mine machinery and electrical
equipment’, Computer Simulation, Vol. 38, No. 4,
pp.395-398+436.

Pan, Y., Chen, Z., Li, X. and He, W. (2021) ‘Single-image
dehazing via dark channel prior and adaptive threshold’,
International Journal of Image and Graphics, Vol. 34,
No. 14, pp.215-219.

Rathnamala, S. and Jenicka, S. (2021) ‘Automated bleeding
detection in wireless capsule endoscopy images based on
color feature extraction from Gaussian mixture model
superpixels’, Medical & Biological Engineering &
Computing, Vol. 67, No. 5, pp.1-19.

Taguchi, Y.H. and Turki, T. (2021) ‘Mathematical formulation and
application of kernel tensor decomposition based

unsupervised feature extraction’, Knowledge-Based Systems,
Vol. 21, No. 7, pp.106-111.

Vasconez, J.P., Admon, H. and Cheein, FA. (2021) ‘A
methodology for semantic action recognition based on pose
and human-object interaction in avocado harvesting
processes’, Computers and Electronics in Agriculture,
Vol. 18, No. 4, pp.57-64.

Yu, X., Wang, Y., An, D. and Wei, Y. (2021) ‘Identification
methodology of special behaviors for fish school based on
spatial behavior characteristics’, Computers and Electronics
in Agriculture, Vol. 18, No. 5, pp.106—109.

Yuan, S. (2020) ‘Human behavior recognition method based on
second order motion description operator’, 2020 S5th
International Conference on Mechanical, Control and
Computer Engineering (ICMCCE), Vol. 33, No. 5,
pp-1540-1543.

Yuan, Y., Lu, Z., Yang, Z., Jian, M., Wu, L., Li, Z. and Liu, X.
(2021) ‘Key frame extraction based on global motion
statistics for team-sport videos’, Multimedia Systems, Vol. 28,
No. 11, pp.387-401.

Zhou, Z., Luo, W, Wang Q, Xing J, Hu W. (2020)
‘Distractor-aware discrimination learning for online multiple

object tracking’, Pattern Recognition, Vol. 107, No. 4,
pp-512-519.



