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SUMMARY: When the current method predicts the landing point of tennis serve, it does not
analyze the force of tennis ball in the process of movement, which leads to the problem of low
accuracy of the prediction results. Based on this, this study adopts the YOLOv4 motion target
detection algorithm incorporating the attention mechanism to realize tennis ball target
detection. At the same time, a three-dimensional coordinate reconstruction method of the tennis
ball is designed, and a kinetic model of the tennis ball is established based on the force analysis,
and a continuous model of the tennis ball kinematics is obtained by solving the kinetic
differential equations, which is used for predicting the trajectory and calculating the landing
point. The experimental results show that the incorporation of the attention mechanism
improves the detection accuracy of the target detection algorithm. The prediction of the landing
point position by the landing point prediction model designed in this paper is not much different
from the actual landing point position. It shows that the model can be put into the daily training
of tennis players to help them explore the technical and tactical laws of tennis matches, assist
people in making technical and tactical decisions, and improve the scientificity of decision-
making.
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1 Introduction

The serve has occupied an important position in the tennis game since the beginning, and it is
also an important technique controlled by the player himself and not restricted by the opponent
[1]. With the rapid development of tennis technology, the tennis player's serve is more powerful,
faster, and the angle of landing point is more tricky, and the serve brings more aggressiveness
and oppression to the opponent [2]. Direct service points are more common, receiving becomes
more and more difficult, the serving side dominates in the service game, and it is more and
more difficult to break the serve. In modern tennis, both athletes and coaches pay more attention
to the diversification and precision of serving techniques and tactics, and the speed, angle,
rotation and landing point of the serve have an important impact on the serve, and whether it is
the speed, angle, or rotation of the serve, it is closely related to the final landing point of the
serve, and the landing point of the serve on the key points is particularly important [3-5].

In the current era, the rapid development of the Internet has led to an explosive growth in
the number of tennis match videos, and network video software has gradually become a popular
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application for all people [6]. With the increase of players' participation opportunities, the
increasingly abundant match videos make the data accumulation of techniques and tactics in
the match increasing, how to explore the characteristics of excellent players' techniques and
tactics from the abundant data, and provide a basis for the scientific decision-making of coaches
and athletes has become one of the focuses and urgent problems in the theoretical research of
tennis [7-9]. Machine learning techniques, represented by deep learning and attention
mechanisms, provide excellent solutions for the task of athlete movement recognition [10, 11].
Among them, deep learning uses an end-to-end learning mechanism to automatically extract
meaningful features from video data, and after training with large-scale data, it can effectively
recognize character movements and scene changes in videos, automatically capture spatio-
temporal features and process complex dynamic content [12, 13]. The performance of deep
learning in video analytics far exceeds the traditional manual feature extraction methods and
dramatically improves the efficiency and accuracy of action recognition. Using deep learning
technology and attention mechanism to analyze the technical and tactical features and laws in
athletes' matches can timely and accurately obtain and discover more valuable information and
laws to make up for the shortcomings of the traditional statistical means, and further learn the
historical data of tennis matches to predict the tennis serve landing point through classification
models [14, 15]. Therefore, it is necessary for tennis players to adopt intelligent technology to
assist them in making technical and tactical decisions.

As far as the sports field is concerned, numerical intelligence tools have been widely used
in it. For example, Taha et al. [16] used classification algorithms for the first time in archery,
analyzed the clustering of physiological and biochemical indicators for archery athletes of high
and low skill levels, and successfully completed the experimental process of predicting archery
potential from the combination of indicators by adopting the classification prediction method,
and the results showed that the classification accuracy was as high as 97.5%. Chen, W et al [17]
combined five data mining techniques such as extreme learning machine, multivariate adaptive
regression curve, K nearest neighbor algorithm, extreme gradient boosting XGBoost and
stochastic gradient boosting to construct a hybrid basketball game result prediction scheme for
predicting the final score of an NBA game, and the empirical results show that the prediction
model has high performance. Fruitful research results have also been achieved in tennis. For
example, Niu et al [18] found that the method of analyzing tennis techniques and tactics based
on mathematical statistics has problems such as strong subjectivity, amount of data up to, and
slow analysis speed, for this reason, they proposed the method of data mining to analyze, and
proved the feasibility of the method on tennis techniques and tactics analysis in real cases. Chen,
H [19] established a mathematical model of tennis player's training movements and analyzed
the player's three-dimensional data information base based on the number-wise algorithm,
based on which an assessment model of tennis player's training movements was developed,
which improved the tennis player's tactical level. Zhang, S et al [20] proposed an intelligent
framework to analyze the physical fitness of tennis players, the framework embedded the
XGBoost algorithm to achieve the micro-architecture event importance ranking at the same
time reduces the big data dimensions of the tennis players, the main function of the framework
is to monitor the physical condition of the athletes, technical, tactical skills and intelligence, the
framework has been tested to improve the physical fitness of the athletes. Zhang, J et al [21]
collected data from the men's singles final at Wimbledon in 2023 in order to predict the real-
time scoring ability of tennis players and developed a player scoring prediction model by using
a principal component analysis stepwise regression model, which achieved a scoring prediction
accuracy of 95.27% in women's tennis matches. Wang et al [22] developed an intelligent system
for decision support of tennis skills and tactics by using numerical intelligence tools. The
system acquired the sports characteristics of tennis players and realized the quantitative analysis
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of skills and tactics through tennis data mining, object detection and tracking techniques.

In terms of serving, Kaliffe et al [23] crawled some of the data from the Australian Open
and Roland Garros tennis tournaments and used K-Means and Gaussian mixture models to
cluster analyze the tennis serving skills in order to find the best serving strategies in tennis. Wei
et al [24] proposed a tennis serve type prediction model based on a stylistic prior, which mines
the potential association between a tennis player's serve motion and serve type and quantifies
the similarity between players, and has good prediction performance on the Hawk-Eye dataset.
In addition, Mecheri et al [25] collected three-dimensional kinematic data of tennis matches
recorded by the Hawk-Eye system during 2003-2008 and analyzed tennis serve trajectories,
serve characteristics, and scoring probabilities, and explored the effects of serve speed, serve
location, court surface, gender differences, and rotational intensity on the probability of scoring
in order to determine the optimal serving strategy.

As an emerging technology, machine learning has become a research hotspot in the field of
tennis. Sampaio et al [26] reviewed the literature related to the application of machine learning
in tennis, and concluded that machine learning has obvious advantages in the monitoring of
athletes' psychological state, talent identification, match result prediction, spatial and tactical
analysis, and injury prevention, which provides coaches with better tennis training programs.
Huang et al [27] integrated the use of machine learning, data mining and mathematical statistics
a variety of methods, aiming to mine the effective data related to the formulation of tennis
tactics from the video of tennis matches, the research constructed a model has a certain value
of application in the actual game, and improve the accuracy of the technical analysis of tennis
matches. Zhu et al [28] designed a machine learning algorithm to predict the direction of tennis
player's serve to improve the player's serve, the algorithm used had 49% and 44% accuracy in
predicting the direction of tennis serve for male and female athletes, respectively, which may
be due to the fact that athletes tend to use a mixture of serve strategies during the match and the
background information has an effect on the prediction performance. Gao et al [29] used a
random forest model to predict the outcome of a tennis match, the model is able to quickly learn
and predict the outcome of the match by analyzing the processed tennis match information data
with an accuracy of more than 80%, in which the model considers that the tennis serve skill is
one of the key factors determining the outcome of the match. Vives et al [30] explored the key
factors affecting serve scoring using a machine learning approach in order to improve tennis
players' serve scoring rate, and found that a serve angle between 5.7<and 8.7<as well as a
lateral bounce distance of the ball off the sideline during the serve of between 0 and 28
centimeters could substantially improve the serve scoring rate. Liu et al [31] used deep learning
algorithms to build an intelligent classification model for tennis serve scoring, the model can
automatically track and learn the characteristics of tennis player's serve, and then realize the
accurate classification of serve position, landing position, and tennis skills, this model is of
great help to improve the player's serve scoring rate. Ye et al [32] design tennis serve action
recognition system, the system is based on local attention-based convolutional neural network
as the driving technology, can accurately predict the tennis ball landing point, ball speed and
identify the non-standard action of tennis serve, the system as an auxiliary technology can
effectively improve the player's serve action to enhance the serving skills.

The study fully considers that the tennis ball size is too small, and firstly, the YOLOv4
network structure is improved to combine the attention mechanism for tennis ball detection.
Then, in order to extract the position of tennis ball, a salient target detection algorithm that can
retain the sub-pixel edge information is used to detect the tennis ball significantly, and the
identification of the center of the tennis ball based on the least squares method. Then, the tennis
ball trajectory is predicted by 3D reconstruction and force analysis of the tennis ball using a
continuous motion model, and finally, the location of the landing point is calculated by solving
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the Kkinetic differential equations.

2 Tennis target recognition and tracking based on the
attention mechanism

2.1 Tennis ball detection based on improved YOLOv4

2.1.1 Feature map optimization

The 1616 feature map of the original YOLOV4 is responsible for detecting large targets, while
the 32>32 and 64>64 feature maps are responsible for predicting medium-sized and small-sized
targets, respectively. Because tennis target recognition and tracking belongs to small targets,
the network structure is improved accordingly in this paper. In the neck network part, a
quadruple downsampled feature map is added for feature fusion with the three-scale feature
maps of the original backbone network. For the detection head part, the 32-fold downsampled
feature map possessed too large sensory fields to the extent that it was difficult to regressively
predict targets of tennis ball size size, so it was removed. Similarly, in the neck network, a 4-
fold downsampled feature map was introduced from the backbone network and added to the
neck network to detect tennis balls; the 4-fold downsampled feature map has a larger scale and
higher resolution to more clearly render smaller tennis ball sizes. The redirected network
structure is represented as a 4-in-3-out neck network structure. The three scales of feature output
layers are changed from 16x16, 32>32 and 64>64 to 3232, 64>64 and 128x<128 sizes to
improve the tennis ball detection accuracy.

2.1.2 Attention mechanism module

The Attention Mechanism Module (AMB) consists of some special convolutional layers. It does
not change the size of the feature map, but increases the representation of the target features to
improve the detection capability. Therefore, the AMB can be easily added to existing tennis ball
detection networks.

Taking the feature map F eR™"C as an input, the AMB sequentially arranges the

channel attention feature map M, eR*™ and the spatial attention feature map

M, € R™"¢ The process of channel and spatial attention mechanisms can be summarized as
follows:

F'=F®M(F) "
F'=F' @M, (F

where ® denotes the intelligent product of elements and F" denotes the final output.

The Channel Attention Module (CAM) in AMB is arranged before the Spatial Attention
Module (SAM).The CAM is capable of suppressing background information and highlighting
foreground features by adaptively re-weighting channel features. In this paper, the CAM is used
to minimize false detections of tennis balls. Specifically, each channel feature map is
transformed to size 1x1xC by average pooling, and the channel attention feature map is
obtained by two 1x1 convolutional layers. The entire M_ computation is represented as

follows:
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M = (Cle (CM s (AvgPoOI (F)) ) 0)

where CM™* denotes a convolution operation following a Mish activation function, where
1x1 denotes the convolution kernel size and r denotes the rate of decrement. C™* is a

convolution operation with the same contextual information as CM™*. The & denotes the
sigmoid function. The channel attention mechanism is shown in Fig. 1.

 Max Pooling
Average @ @ ﬁﬁ
\ I%Im% Chanr_lel
Shared FuIIy Attention

Input Features Connected Layer

Figure 1: Channel attention mechanism

SAM is concerned with objects on a spatial scale. In general, the foreground takes up much
fewer pixels than the background. Therefore, more attention should be given to the foreground
region. In this paper, we use a mask of the same size and depth as the input feature map to
generate the spatial attention map M, . Specifically, the mask used to generate spatial attention

is generated by the 1x1 convolutional layer. The computational process of M. can be
represented as follows:

= o (CBY(F)) (3)

where F' denotes the provisional feature map of the CAM output. The CBﬁx1 denotes a
convolution operation immediately followed by a batch normalization operation, which has the
same contextual meaning as CM ™. The spatial attention mechanism is shown in Fig. 2.

[Maximum pooling, Output
Average pooling] features

Pﬁm ~o-[]-®-]

Feature map after
CAM processing

Spatial attention map

Figure 2: Spatial attention mechanism

2.2 Extraction of tennis ball contours based on BASNet

In order to recognize the center of the tennis ball circle, the image needs to be preprocessed in
order to extract the location of the tennis ball. The preprocessing consists of two steps, namely
image binarization and circular contour detection. Image binarization is the process of
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converting each pixel in the image to black or white in order to distinguish the foreground from
the background. Circular edge detection is to find the edge points in the binarized image that
meet the conditions of a circle in order to determine the radius and center of the tennis ball.
Binarization is performed by converting gray scale image pixels to 0 or 1 using an adaptive
local thresholding method. However, the detected rectangular region usually contains
background noise other than that of the tennis ball, which will affect the subsequent localization
of the position of the center of the tennis ball. In this paper, a saliency detection algorithm that
can focus on the edges is considered for saliency detection of tennis balls, eliminating the
background noise while preserving the information of round subpixel boundaries. In this paper,
a saliency target detection algorithm BASNet that preserves sub-pixel edge information is used
for saliency detection of tennis balls. Using this method for binarization of the tennis ball region,
compared with the adaptive thresholding method, it can effectively filter out the background
noise while retaining the sub-pixel edge information of the tennis ball. Circle contour detection
Is performed on the resulting saliency map binarized image, and the least squares method is
used to fit the circle contour and determine the coordinates of the tennis ball circle center.

The network of BASNet consists of two main modules: a prediction module (PM) and a
residual refinement module (RRM). The role of the prediction module is to generate a
preliminary saliency map, while the role of the residual refinement module is to further optimize
and refine the saliency map.

2.3 Least squares based identification of tennis centers

The edge points of a circle can be quickly and accurately identified on a salient map using the
Canny operator. In this paper, Least Squares Method (LSM) is used to fit the center of the ellipse
for sub-pixel localization. The general expression for the ellipse equation is given below:

f(a,X)=aX = Ax* +Bxy +Cy* + Dx+Ey+F =0 4)

where A,B,C,D,E and F are the five elliptic parameters, « stands for (A, B,C,D,E, F),
and X, =0, %Y, Y’ X,Y,,1) . According to the principle of least squares, the curve fitting

problem can be solved by minimizing the sum of squares of algebraic distances:

f(AB,C,D,E,F)= Z(Axi2 +Bxy, +Cy’ + Dx, +Ey, + F)2 (5)
i=1
The five elliptic parameters A,B,C,D,E and F in Eq. can be obtained by calculating
the first order partial derivatives and setting them to zero. If the center coordinate of the ellipse
is P(X,,Y,), the calculation formula can be expressed as:
X, = (2BC — AD)/ (A? —4B) 5
yO=(2D—AD)/(A2—4B) ©)
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3 Tennis serve drop prediction

3.1 3D reconstruction of tennis balls based on binocular camera models

3.1.1 Principles of Camera Calibration

Optical lens characteristics lead to radial aberrations in camera imaging, which are usually
expressed in three parameters, denoted as k,, K, and K,.Whereas, the inability to achieve

perfect parallelism between the sensor and the optical lens during the assembly process results
in tangential aberrations in the camera imaging, which are usually expressed utilizing two

parameters, denoted as P, and p,. Usually the calibration of a single camera is performed to
obtain the internal parameters of the camera (camera focal length f , imaging origin C, and

c,, aberration coefficients k., k,, k;, p,,and p,) to perform the corrective operations on

the aberrated images. After obtaining the calibration parameters of a single camera, it is possible
to correct the distorted images captured by the camera. In the experimental process, for the
acquisition of the internal and external parameters of the camera, we adopt the tessellated grid-
based camera calibration technique in the OpenCV open source library.

Using the acquired calibration parameters, we were able to correct the tennis balls imaged
in the two cameras separately. Thus, the influence of image distortion on visual localization
accuracy is excluded. After obtaining the corrected image of the aligned synchronous image,
the center of the ball position of the tennis ball in the two images can be obtained by using the
fusion color model and the center of mass method. The spatial position of the tennis ball can be
determined by combining the imaging principle of the tennis ball in the camera. In order to
improve the accuracy, after the monocular calibration of the cameras respectively, binocular
calibration of the two synchronized cameras is needed to obtain the translation matrix T and
relative rotation matrix R between the two cameras. Using the reProjectimageTo3D function
in OpenCV combined with the synchronized calibration image can obtain the transformation
matrix Q, which contains the geometric relationship parameters between the two cameras.

Taking the left camera as the base coordinate system, the Q matrix is expressed as follows:

1 0 O —C,
1 0 -C,
Q=/0 0 0 f @)
0 0 % &5
TX TX

After obtaining the transformation matrix Q, the spatial location information of the tennis

ball can be deduced by combining the geometrical relations using the difference of its position
in the synchronized images respectively. Assuming that the positions of the tennis ball in the

left and right views are (X,,Y,) and (X.,Y,) respectively, the parallax of the tennis ball on
the synchronized image can be defined as:

d=x —X (8)

Then the spatial coordinates of the tennis ball (X Y, Z) can be computed in the following
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way.
X =X —cC, (9)
Y= Yi _Cy (10)
-T f
7 — X
T )

3.1.2 Three-dimensional position reconstruction of tennis balls

The computation of the spatial position of the tennis ball relies on the acquisition of the
calibration parameters of the cameras, therefore, the vision system has to design offline
calibration experiments thus saving the parameters of the cameras in advance before performing
real-time visual measurements of a real tennis ball. In this chapter, two smart cameras are
calibrated by using the checkerboard grid calibration method in order to obtain the correction
coefficients for a single camera and the transformation matrix between the two cameras.

Once the internal and external parameters and transformation matrix of the binocular
camera are obtained through offline camera calibration experiments, the real-time vision system
is able to localize the tennis ball in the scene in real time. First, the binocular camera acquires
the scene image in real time and obtains the synchronized images containing the tennis ball, i.e.,
the left and right images. Then, the synchronized images are corrected and aligned by
combining the acquired single target fixation parameters. Then, the centers of the tennis balls
in the images are calculated using the fused color model and the center-of-mass method, which

are denoted as (X,Y,) and (X.,V,), respectively. Next, the tennis ball is reconstructed in

three dimensions using the imaging parallax of the tennis ball in the synchronization image and
the transformation matrix obtained from binocular calibration to obtain the spatial position of
the tennis ball serve.

3.1.3 Coordinate system conversion

The coordinates of the tennis ball calculated by OpenCV-based 3D recalculation of the tennis
ball are in the left camera coordinate system, i.e., the left camera is used as the coordinate origin.
This position expression is not conducive to the study of tennis ball drop prediction, and in
order to simplify the analysis of tennis ball drop, the position of the tennis ball relative to the
ground of the effective playing area needs to be calculated. For this reason, in our study, the
center of the ground of the effective playing area is used as the origin O of the world
coordinate system, and the axis of the coordinate system Z is perpendicular to the ground
upwards. Then, we utilize a standard piece to assist in calculating the mapping parameters for
the conversion of the camera coordinate system to the world coordinate system. The tennis ball
is placed at O, A (length direction of the ground in the effective playing area), B (width
direction of the ground in the effective playing area), and C (height direction of the ground
in the effective playing area), and the vision system is utilized to locate each of the four points,
and to obtain a three-dimensional position representation of the four points in the left camera
coordinate system. The three-dimensional position of these four points in the left camera

coordinate system is denoted as O(X,,Y5.Zo) , A(XaYaZa) ., B(Xg.YsZg) and
C(Xe Yo Ze).
Then for any position representation P(X,,Y,,Z,) in the camera coordinate system, the
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corresponding position P'(X,,Y,,Z,) inthe set world coordinate system can be represented
as:

L L L
Xp X Xx Y XY Z Xz Xe = %o
YP' — B LY (0] B LY (0] BLY o . YP _YO (12)
Zo Z,-7Z,

3.2 Tennis ball drop prediction model

Through the previous three-dimensional position reconstruction of the tennis ball, the serve
position and a series of continuous three-dimensional points of the tennis ball are obtained, and
the next step to do is to get the trajectory of the tennis ball based on these three-dimensional
points so as to predict the drop point. In this paper, the continuous motion model is used to
predict the trajectory and solve the drop point.

3.2.1 Tennis force analysis

The forces on the tennis ball are shown in Figure 3. Where v is the speed of motion of the
tennis ball, « is the rotational speed of the tennis ball, F, is the gravitational force on the
tennis ball in the direction vertically downward, F, is the air resistance, opposite to the
direction of motion, F, is the buoyancy force in the direction vertically upward, and F_ is

the Magnus force due to selection, in a direction perpendicular to the direction of motion and
the axis of rotation, satisfying the right-hand rule.

Figure 3: Force analysis of flying tennis

3.2.2 Continuous motion model

If the force to establish the tennis ball dynamics model is more complex, do the following
simplification: tennis ball gravity relative to the exhaust air generated by the buoyancy, to
several orders of magnitude larger, you can ignore the buoyancy. In addition, the software and

9



Liuetal.

hardware in this paper can not do to observe the tennis ball rotating to calculate the rotational
speed, so ignore the Magnus force generated by it, as far as possible to avoid the introduction
of rotation in the experiment. Then the tennis ball only by gravity and air resistance, can be
calculated by the following formula:

F, =[0,0,-mg]' (13)
1
F, = —ECD P AV[v (14)

where m is the mass of the tennis ball, g is the acceleration of gravity, C, isthe coefficient
of air resistance, p, is the air density, A is the maximum cross section of the tennis ball,
and v :[vx,vy,vZ]T is the spatial velocity of the tennis ball. In addition to the state variables

are physical constants, the reference values are shown, different experimental environment, the
value will also change.
For the convenience of description, the constants in Eq. (14) are written as:

1
K,=—C.p. A 15
D 2m Dpa ( )
It follows from Newton's second law:
mv=F, +F, (16)

A slight transformation and written in matrix form has:

v, K, ||v||vX
vy [=| Ko Vv, (17)
v, | |-Kp Vv, -9

The above equation is the kinetic model of a tennis ball, which can also be written in the
form of the following differential equation:

Kol 0 0 ] [o
v=| 0 K|y 0 |v+| O (18)
0 0 K|y —g

In this differential equation, the coefficient matrix contains the variable v itself, so it is
not possible to find an analytical solution. Observing the above equation, we will find that the
flight process of the tennis ball is a Markov process, that is, as long as we know the state of
motion of the tennis ball at any moment, we can determine its trajectory after all. Assuming
that the tennis ball motion state has been obtained, the above formula can be used to calculate
the landing point, although the analytical solution can not be obtained, but can be solved by
Euler's method, Longecourt method and other numerical methods of iterative solution. Euler's
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method assumes that within a certain step size At, v, is constant, then v, , =v+v, At, and
keep iterating like this to find the desired position, the accuracy depends on the step size At,
the accuracy is high when the step size is small, but the computation is large. Obviously, such
an approximation will have a cumulative error, and the larger the distance, the larger the
cumulative error. Since the dynamics modeled by Eq. (18) is relatively simple, we have a
simpler and more accurate approximation than Euler's method: assume that within a small

period of time AT, |v| is a fixed value, the exact value is given by the initial velocity of the
small section of the trajectory, i.e., let:

K =K V] (19)
Then it is obtained from Eq. (17):
v, —Kv,
v, |=| —Kv, (20)
v, -Kv, -g¢

3.2.3 Tennis drop prediction

It can be found that there is no more coupling in each direction of the kinetic model in Eq. (20),
and the nonlinearity becomes linear. The differential equations in each direction in the above
equation can be solved separately, in which the x, y direction is a first-order chi-square

linear differential equation, and the z direction is a first-order non-chi-square linear
differential equation, which can be obtained by solving this differential equation and

substituting the initial condition V,:

v (1) =v,, e
v, (1) =V, e (21)

v, (1) =V, € +%(e“ ~1)

The velocity is the first order derivative of the displacement with respect to time, so the
above equation can be viewed as a differential equation for the displacement p(t), which is a

separable-variable type differential equation, solving and substituting the initial condition p,
has:

V,
) = pp — X (e -1
px() pOx K ( )

Py (0= Py, -2 (1) 22)

9
Vo, +—

K (a-kt g
t)=p,, — e -1 -2t
pz( ) pOz K ( ) K
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Eq. (21) and Eq. (22) are the final continuous motion models used. It should be noted that
the derivation of the above differential equation solutions are all under the assumption of a
small segment of trajectory with a fixed value of K, so after each solution of this small
segment of trajectory, it is necessary to update K and set up this equation at a new starting

point. Where [p(t), v(t)]T is the state of the tennis ball after t time from the starting point

in this small segment of the trajectory, and [ Py Vo ]T is the state of the tennis ball at the starting

point.

As with the kinetic model, as long as we know the state of motion of the tennis ball at any
moment, we can use the kinematic continuum model to determine all the trajectories after it, so
we can use the above formula to iterate the calculation, and when the position state of the tennis
ball's z -axis is sufficiently close to 0, we consider that this is the tennis ball's landing point.

4  Empirical analysis
4.1 Evaluation of the effectiveness of the tennis target test

4.1.1 Experimental setup

The operating system for the experiments in this chapter is Ubuntu 20.04, and the deep learning
framework is Pytorch 1.13.0+cull7. In training the YOLOVA4 target detector fused with AMB,
the COCO pre-training weights are initialized in order to speed up the training using the data
from the Tennis Ball-640 (Data 1) and Tennis Double-Entry ECCV'22 (Data 2) data sets for
100 rounds of training. The model was trained on 2 NVIDIA 2080Ti GPUs with a batch size of
10.

4.1.2 Evaluation indicators

Detection accuracy indicates the number of correctly classified samples as a proportion of the
total number of samples, as opposed to error rate, which indicates the number of incorrectly
classified samples as a proportion of the total number of samples. The accuracy rate is
calculated by the formula:

Accuracy = TP+ TN (23)
TP+TN + FP + FN

The precision rate indicates the proportion of samples predicted to be positive cases that are
actually positive cases. It is calculated by the formula:

TP
TP+FP

Pr ecision =

(24)

F1 isametric used to measure the precision of a binary classification model. Precision and
recall are contradictory metrics; in general, recall tends to be low when precision is high. In
general, when precision is high, recall tends to be low, and when recall is high, precision tends
to be low. The F1 score integrates the precision rate and recall rate, and is a weighted average
of them. It is calculated by the formula:

_ 2™ Precision*Recall 2TP
Precision + Recall 2TP + FP + FN

F1 (25)
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4.1.3 Analysis of ablation experiment results

We validated the detection performance on two test sets, Data 1 and Data 2, respectively. The
training period is 100 cycles. The detection results are shown in Fig. 4, respectively. The results
show that by the introduction of the channel attention module (CAM) and the spatial attention
module (SAM), the improved YOLOv4 algorithm has significantly improved the detection
performance on both test sets, F1 by 1.6 and 1.9 percentage points, and the detection accuracy
by 2 and 1.9 percentage points respectively. Compared with the introduction of AMB only, the
addition of BASNet and LSM improves the detection accuracy of the model on the two test sets
by 0.8% and 1.9%, respectively. The tennis target recognition and tracking method based on
the attention mechanism designed in this paper can ensure the detection of tennis serve point
location.

Acc-Data | FI-Data | Precision-Data |

—o¢— Acc-Data 2—>— F/-Data 2—— Precision-Data 2
98% 98%
96% ; F96%
94% - 94%
92% - 92%

Q 2
S 90% L90% S
88% / - 88%
86% 0 - 86%
84% (/O/ i 84[:)M

T T T N\ T SNG\ T e&*“
A arCAM MESH SBA pASN
OLOY OB MR B
R Y oLo \(OLO\ & 4 OLOY Ai{ OLOY AY AM!

Method

Figure 4: Ablation experiment results

4.2  Evaluation of the effectiveness of tennis ball drop prediction

In order to verify the overall effectiveness of the tennis serve drop prediction method, it is
necessary to test the tennis serve drop prediction method. Taking the ATP singles tennis venue
as an example, the length, width and height boundaries of the venue are 23.77 m, 8.23 m and
12.19 m. The prediction methods in this paper (three-dimensional coordinate reconstruction +
force characterization + continuous motion model), the air resistance + gravity analytical model
+ least-squares fitting (Method 1) and LSTM sequence-to-sequence learning (Method 2) are
used to predict the trajectory and landing point of the tennis serve, and the comparative results
are shown in Figure 5. ) methods are used to predict the trajectory and landing point of tennis
serve, and the comparison results are obtained as shown in Fig. 5, and (a)~(c) represent the
prediction effects of the prediction methods in this paper, Method 1 and Method 2, respectively.
The locations of the serve points are all (-5,-2.8,2), and the actual drop point location is
(3.7,3.4,0). It can be analyzed that when the proposed method is used to predict the trajectory
and landing point of tennis serve, the predicted trajectory and landing point obtained are
basically consistent with the actual trajectory and landing point, and the errors of X, Y and Z
axes are very small and negligible. When the other two methods are used to predict the
trajectory and landing point of tennis serve, the predicted trajectory and landing point obtained
have errors in the X, Y and Z axes, and the locations of the landing points of Method 1 and
Method 2 are (3.74,3.6,0) and (3.8,3.5,0), respectively. It shows that the above two methods
cannot accurately predict the trajectory and landing point of tennis serve. Through the above
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test results, it is verified that the proposed method has high prediction accuracy because the
proposed method analyzes the force characteristics of the tennis ball before predicting the
landing point of the tennis ball, and the trajectory is predicted on this basis, which improves the
prediction accuracy.

—@— Actual trajectory—@— Prediction trajectory —— Actual trajectory—@— Prediction trajectory

(b) Method 1

'—0— Actual trajectory—@— Prediction trajectory

1207 |
9.6

7.2

4.8

2.4

0.0

(c) Method 2
Figure 5: Comparison of the game of tennis

4.3  Case studies of model applications

This paper takes a match data of two tennis players (A and B) in the 15th National Games as an
example, and uses the tennis target recognition and tracking method designed in this paper, as
well as the established drop point prediction model for simulation and analysis. The
characteristics of both sides' serve drop points and points scored and lost are shown in Table 1.
In the actual match, players A and B served 80 and 63 balls respectively, and the actual scores
were 62 and 83 points, respectively. The probability of both players A and B's tennis serves
landing in the outer corner is the largest, which is 37.5% and 41.5% respectively. When the
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landing area is in the outer corner, the scoring rate of athlete B is higher, which can reach 32.4%.

Table 1: The two sides serve and the gain and loss characteristics

Athlete | Serve area | Drop area coding | Drop probability | Scoring rate | Loss rate
Outer Angle 30 37.5 0 2.5
A Middle road 31 29.6 0 2.5
Inner Angle 32 32.9 0 0
Outer Angle 30 41.5 32.4 0
B Middle road 31 26.3 0 0
Inner Angle 32 32.2 15.6 0

Using the improved YOLOv4-based detector can successfully detect the position of 143
serves, and the prediction results of the drop point prediction model for the drop points of the
serves of A and B players are shown in Figure 6. The prediction error range between the
predicted drop point position and the actual drop point position is between 0.3% and 0.8%,
indicating that the method of this paper predicts the trajectory of tennis balls on the basis of
their force characteristics, which ensures the accuracy of the drop point prediction results, and
facilitates the training of athletes.

A ctual- A Forecast- A Actual-BJlll Forecast-B
50

40 1

354 - 40

[\ (9%)
W (=1
1 1
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(=)

l,:)
1
Drop probability/%
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T
—
(=)

-0
Middle road

Falling area

Outer Angle

Inner Angle
Figure 6: Analysis of the prediction results of the athletes' service

5 Conclusion

This paper explores the fast recognition of tennis ball and the prediction of trajectory landing
point, and mainly draws the following conclusions:

(1) Based on the YOLOv4 method, this paper proposes a tennis ball target recognition and
tracking method based on the fused attention mechanism, and introduces BASNet and LSM to
further improve the detection accuracy. The detection results are validated on two datasets,
Tennis Ball-640 and Tennis Double-Entry ECCV'22, and the results show that the inclusion of
the attention mechanism improves the detection accuracy by 2% and 1.9%, respectively.

(2) In this paper, we use 3D coordinate reconstruction + force characterization + continuous
motion model for tennis ball landing point prediction, and the method in this paper has good
prediction performance compared with the air resistance + gravity resolution model + least
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squares fitting method and LSTM sequence-to-sequence learning method.

In terms of the current research results of this study, some of the work is still to be improved

by further in-depth research in the future, mainly reflected in the establishment of the dynamics
model according to the tennis ball force, ignoring the effect of tennis ball rotation on the flight
trajectory, for the trajectory prediction of the research can be carried out from this aspect.
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