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— ABSTRACT

Tennis Motion Recognition
Design of Classification Approaches and Experimental Studies

This monograph presents studies concerning the challenging topic of Human Action Recognition,
which has recently become of increasing importance to those working in the field of Computer
Vision. It contains an overview of the research literature on tennis movements recognition based
on video, images, motion capture data, and data registered using various sensors.

In this monograph, three novel methods of tennis movements recognition are presented in
detail with success, achieving high performance of the proposed classifiers. They all utilize Graph
Convolutional Neural networks (GCN) solutions. Two methods are also applied using attention
modules which improve feature extraction and thus make the classification better. The Spatial-
-Temporal Graph Convolutional Network, the Attention-Temporal Graph Convolutional Net-
work and the Dual Attention Temporal Graph Convolutional Network are applied for recognition
of the most frequently used tennis moves, such as: forehand, backhand, volley forehand, and
volley backhand. Moreover, the forehand and backhand are further divided into two phases:
1) the preparation, starting from the player’s positioning until the moment just before the ball
makes contact with the racket, 2) the hit together with the racket swinging until the move is
finished. These separations allow detailed analysis. For the purpose of this study, a 3DTennisDS
dataset was created that contains motion capture data of the forehand, backhand, volley forehand,
and volley backhand. They were registered via the Vicon motion capture system. Three proposed
neural networks methods were verified based on the gathered dataset.

In this monograph, the interpretability aspect of GCN was also presented. This issue is
important and was examined by presenting feature maps and heatmaps obtained after selected
convolutional operations. These results showed how individual filters in GCNs extract features
that are relevant for recognizing tennis movements.

Keywords: Graph Neural Networks, tennis movements recognition, fuzzification, attention modules,
interpretability
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Introduction 1

Human Action Recognition (HAR) has recently gained increasing atten-
tion in sport. Its main ideas are to identify players and to distinguish
their actions or their teams’ activities, usually from unknown data
sequences [1] [2] [3]. HAR integrates Computer Vision (CV), Machine
Learning (ML) and Deep Learning (DL) with image processing in order
to extract the features that characterize the analyzed action or acti-
vities. Movement recognition of various sports has a pivotal potential
in techniques analysis, sports statistics, developing virtual applica-
tions for increasing sport performance, improving learning purposes
and finally in developing strategies to understand how the moves are
performed [4]. This technique has also been utilized in tennis, which
has gained worldwide attention recently, especially in tennis moves
recognition, analyzing a player’s performance and calculating match
statistics.

Various HAR methods have been applied to different types of ten-
nis data, such as videos, streaming and motion capture (MoCap) data.
These sophisticated techniques enable one to collect more and more ac-
curate data, which are further applied to obtain more precise analyses.
A great number of studies have been performed using videos, mainly
due to the easy access of this kind of data via webservices such as
YouTube, which are inexpensive because of their low price and the high
availability of cameras. Athletes’ movements may be captured during
their warm-ups, trainings, matches and competitions. Another type of
data is gathered using various types of MoCap systems. They can be
divided into: marker-based systems, markerless ones and those that
operate based on the inertial measurement unit (IMU) [5]. Marker-
-based motion capture systems may be further categorized into optical
passive and optical active. The first type utilizes the infrared cameras
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to track retro-reflective markers attached to a participant’s body or to
additional objects, like a tennis racket. The latter type of marker-based
system recognizes LED markers which reflect light from cameras.
In a markerless system a video together with dedicated software are
enough to track the athlete’s body or additional items. The IMU systems
use wearable technology and operate with inertial sensors that trans-
mit data wirelessly to a computer or a smart device. Sport movement
data are often gathered into datasets, publicly available or created for
the purpose of research.

From two - or three-dimensional data feature extraction is perfor-
med in order to identify the searching object. For this purpose, deep
learning, together with self-learning and transfer learning approaches,
have achieved remarkable applications [1][6]. Feature maps are ge-
nerated utilizing various artificial neural networks from complicated
movement data. Among many deep learning methods, a very popular
one which is often applied in CV is Convolution Neural Network (CNN).
It plays a pivotal role in extracting features, especially from images.
Due to the fact that in tennis movement recognition the previous fra-
mes of data are important, neural networks like RNN and LSTM are
also often applied [4]. Taking into account a human body depicted
in the form of its characteristic points (e.g., joints) and the connec-
tions between them, the application of Graph Convolutional Networks
(GCNs) seems to be a natural solution for tennis recognition purposes
and thus may also have a vast potential in HAR [7].

Tennis has recently become increasingly very popular. In 2021
almost 87 million people played it around the world [8]. This has
resulted in increasing scientific interest through the application of
new enlightened methods for investigating athletes’ performance and
matching statistics. Therefore, the primary aims of this study are to
create and apply modern DL methods for MoCap tennis movements re-
cognitions and to model time-series data. The main achievements are:
1. Developed novel DL methods for tennis movements recognition

utilizing GCN and attention mechanisms that achieved high per-

formance. The following tennis strokes are considered: forehand,
backhand, forehand volley and backhand volley. Moreover, no-

-strokes are also included in the study in order to distinguish

the player’s movement on the court from performance of
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the analyzed strokes. All tennis moves were gathered using an
optical motion capture system.

Verification of how fuzzification of input data influenced perfor-
mance of the implemented DL methods.

Creation a dataset of very precise tennis movements consisting of
three-dimensional data, gathered using a Vicon motion capture
system. All moves were performed by professional tennis coaches
and players in the Motion Capture Laboratory.

In this monograph, the interesting research issues are raised. Deta-

iled investigation has been performed in order to clarify the following
current topics:

RT.1. Determining whether Graph Convolutional Neural networks
are suitable tools for tennis movement recognition based on
motion data.

RT.2. Another interesting aspect is how the type of data affects
the performance of the classifier. In this study motion capture
tennis moves are considered as in the forms of images as well as
three-dimensional data. They include a full body tennis player
model, a tennis racket model and the combination of these two
types in one input.

RT.3. Attention models and their influence on the classifier per-
formance is another fascinating problem. Whether increasing
numbers of these modules will provide extraction of the most
relevant features should be investigated as well as whether they
will improve the classifier performance.

RT.4. Another aspect worth investigating is fuzzification of the input
data based upon which the recognition is performed. An interest-
ing issue is whether this process will improve the classification
phases (preparation and hitting) of forehand and backhand strokes.
These moves are very dynamic in which the boundary of these two
phases is very difficult to determine and therefore may be incor-
rectly classified.

In this monograph, the overview of tennis motion recognition

methods as well as the tennis movements classification based on graph
convolutional networks are included. Many aspects of challenging
recognition issues are investigated. Various approaches of GCN tools
are proposed for motion capture tennis movement data. Each solution
is described in detail. The classification results are presented and
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compared for each input type. Moreover, it is of interest to investigate
how the fuzzification process influenced overall outcomes. The study
is performed utilizing images and three-dimensional data reflecting
a tennis player model and a racket tennis model.

This comprehensive research gives insight into tennis strokes
classification.
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Related works 2

In this chapter a thorough overview of tennis studies is presented.
The literature review provides a new insight into tennis stroke detection
research. Studies are divided into methods of registering various tennis
strokes, such as video, motion capture systems and sensor recordings.
Available datasets containing data from selected tennis strokes are also
collected.

2.1. Tennis movement classification

HAR in various sport disciplines is a challenging task. Many studies involve
recognition of individual actions as well as activities performed by many
athletes. Recently many novel DL approaches for movement classification
have been proposed. Classification of tennis movements has also gained
increasing interest. These studies present various techniques applied for
skeleton-based action recognition, tennis racket trajectories or combined
ones taking into consideration both the whole athlete body and the tennis
racket position. These studies are performed on three types of tennis data:
video-based, MoCap data, and sensor data.

2.1.1.Video data

Tennis movement classification based on video data has recently been
of great interest (Table 2.1). They usually combine two steps: feature
extraction in order to obtain the region of interest (ROI) representing
the athlete’s movements and a classification method applied to distin-
guish the proper moves.
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HAR using broadcast videos is recently a subject of extensive research.
Left and right swing were recognized in [9][10][11]. A group of histo-
grams based on optical flow (S-OFHs) represented motion. This approach
was treated with spatial features. The classification was performed using
Support Vector Machine (SVM), achieving 87.10% accuracy for frames [9]
and 90.219% for clips [11]. The experiments were performed on broadcast
video matches from various championships.

The classification of tennis-hit-the-ball, serve, and non-hit, utiliz-
ing Bags-of-visual-Words (BoW) and Spatio-Temporal Shapes (STS),
was presented in [12]. The spectral regression-based implementation
of the kernel Fisher discriminant analysis (FDA) was applied, obtaining
up to 84.5% mean accuracy. The same tennis actions were recognized
in [13] using a generative Maximum a Posteriori (MAP)-based three-
class classifier, achieving 58.72% mean accuracy. The histograms of
oriented gradients (HOG3D) feature vector were applied for detection
of each tennis athlete’s move.

Serve, left-swing topspin, left-swing backspin, right-swing topspin,
right-swing backspin, as well as no-action as were classified utilizing
RNN approach based on broadcast video from eighteen international
competitions in [14]. The videos were divided into clips of tennis move-
ments, which begin from the contact of a ball with a racket. Detec-
tron2 was applied for detecting the tennis player’s wrist and elbow.
The presented method achieved 99.9% average precision and 99.5%
average recall.

Many studies have been performed on a very-well known THETIS
dataset [15] that is described in detail in 2.2 chapter. The authors
of the database applied 12 non-linear SVMs for classification of all
twelve tennis movements (backhand, backhand played with two hands,
backhand slice, volley backhand, flat serve, forehand flat, forehand
from openstand position, forehand slice, volley forehand, kick serve,
slice serve, and smash). Video depth and video skeleton 3D were taken
into consideration. Dense trajectory, histograms of oriented gradients
(HOG), histograms of optical flow (HOF) and motion boundary histo-
gram (MBH), as well as their combination were applied for feature
extractions. Best results were achieved for the combined descrip-
tors, obtaining 57.50% and 53.08% average accuracy for depth data
and skeleton 3D, respectively. The same twelve tennis strokes were
recognized in [16]. The low-level video processing, feature description
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and dynamic phrase encoding were applied for feature extraction in
the form of a player model. Linear-chain Conditional Random Fields
(CRF) and SVM were utilized. Taking into account dynamic phrases
the CRF was stated to be a better method for tennis movement recogni-
tion, achieving 86.44% average accuracy. The SVM classifier obtained
much lower results, at the level of 51%.

All THETIS tennis moves were also classified [17]. For 2048
feature extraction, the Inception neural network was applied, while
for classification the 3-layered LSTM network was used. The average
accuracy for twelve tennis moves was 47.22%. Various types of tennis
strokes (e.g., forehand flat, forehand slice) were misclassified. Another
experiment concerned forehand, backhand and serve moves. Individual
types of stroke data were grouped together. Average accuracy was
achieved at the level of 43.19%.

The authors of [4] proposed a novel neural approach consist-
ing of Inception V3 and historical Long Short-Term Memory (LSTM)
networks for classification of all tennis strokes gathered in the THETIS
dataset. The first network, pretrained on the ImageNet dataset, was
applied for obtaining spatial information from RGB images as features.
The 3-layer historical LSTM network generated and updated the feature
vector taking into account the current frame and the previous one
(at the time ). In other words, the information about sequence of
images was gathered. The proposed tool achieved 62% accuracy, which
outperformed both the LSTM network and results obtained in [15].

Volley forehand, backhand, backhand slice, serve slice, smash, and
flat service classification were performed utilizing the Attention-based
LSTM network [18]. The DenseNet was applied for feature extraction
from RGB data. The bi-directional LSTM network was used together
with two attention modules. The first one, the channel attention
module, indicated the most contributing features for learning, while,
the second one, spatial attention, specified what within the particular
feature was essential for learning. This novel approach was verified
using the THETIS dataset, achieving an average 87.229% Recall (up to
97.67% for flat serve) and 85.63% Precision (up to 89.79% for slice
serve).
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Table 2.1. Tennis movements video-based classification. FH - forehand, FF- flat forehand,
FO - openstand forehand, FS - forehand slice, BH - backhand, BH2 - backhand with
2 hands, BS — backhand slice, VF — volley forehand, VB - volley backhand, S - serve,
SF - serve flat, SK - serve kick, SS - serve slice, SM - smash, H - hit, NH — none-hit,
LS - left swing, RS - right swing

Feature
Video type extraction
method

Tennis Classification Average
Reference

strokes method accuracy

Tennis actions BoW

dataset TS S,H,NH FDA 84.5% [12]
(broadcast)
. . generative
Tennis actions
dataset HOG3D S, H,NH MAP-based ;g 7,9, [13]
three-class
(broadcast) -
classifier
Broadcast video S-OFHs LS, RS SVM 87.10% [9]
Broadcast video S-OFHs LS, RS SVM 90.21% [11]
. FS, FT, BS,
Broadcast video Detectron2 BT.S, NH RNN N/A [14]
low-level video
- BH, BH2, BS, o
THETIS feature descriptio, VB/SFFR.  CRF S120%  [16)
(depth video) dvnamic hrage " FO, FS, VF, SVM e
ynamic p SK, SS, SM
encoding
dense traiector BH, BH2, BS, 51.59%
THETIS VBN Jectory  VB,SEFF, svM 151
(depth video) combination FO, FS, VF, 54.32%
SK, SS, SM 57.50%
dense traiector BH, BH2, BS, 46.84%
THETIS VEBH Jectory  vB,SF.FE, - svMm (5]
(skeleton 3D) combination FO, FS, VF, 50.78%
SK, SS, SM 53.08%
BH, BH2, BS,
THETIS . VB, SF, FF, o
(RGB video) Inception FO, FS, VE. LSTM 47.22% [17]
SK, SS, SM
BH + BH2
+BS +VB, FF
THETIS . +FO+FS o
(RGB video) Inception +VE, LSTM 43.19% [17]
SF + SK+
SS, SM
BH + BH2
+BS +VB, FF
THETIS . +FO+FS  Historical o
(RGB video) Inception +VF, LSTM 62% (41
SF + SK+
SS, SM
THETIS VF,BH,BS, Attention-
(RGB video) DenseNet SS,SM,SF based LSTM N/A [18]
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2.1.2. Three-dimensional data

Three-dimensional data may be provided by recording movements
with multi-cameras or using sophisticated motion capture systems.

In [19], tennis moves were captured using nine cameras with
the frequency set to 50Hz. 3D coordinates were indicated based on
retro-reflective markers attached to the participants’ bodies and tennis
rackets. The authors presented an algorithm for indicating the type
of tennis motion, forehand and backhand, taking into consideration
two markers placed on the hips and one on the right wrist. The second
method was described for stance angle extraction that was identified
by five markers attached on hips, the right wrist and two feet.

Motion capture systems, especially marker-based ones, allow
for acquisition of very precise data. A great majority of studies
concern various tennis strokes classification methods based on three-
-dimensional information (Table 2.2). Forehand, backhand, and serve
were classified utilizing the Hidden Markov Model (HMM) [20].
The data were gathered using optical motion capture system with
the frequency set to 100Hz. Fifteen retro-reflexive markers were
attached to full bodies of five participants. In total, 500 records for
each type were collected. This kind of information was transformed to
discrete symbol sequences in the form of a position of the hand in each
frame. The proposed approach achieved 82.14% accuracy. The meth-
ods for distinguishing the forehand swing among novice and advanced
skill-level players were presented [21]. The moves were captured using
a 9-camera eMotion (BTS) SMART-e 900 system with the frequency
set to 50 Hz. Both body and racket were recorded with the use of
22 markers. Best results were achieved for spatiotemporal transforma-
tions using motion gradient vector flow and polynomial regression with
the Radial Basis Function (RBF) classifier, reaching 84.5% accuracy for
novice players and 94.6% for advance-skilled ones.
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Table 2.2. Tennis movements motion capture-based classification. FH - forehand, BH — backhand,

S - serve
. Data Tennis Classification Average
M
otion capture type type strokes method accuracy Reference

discrete

Optical sequence ' HMM 82.14% [20]

BH, S

symbol

9-camera eMotion (BTS) 3, FH RBF 84.5-94.6% [21]

SMART-e 900, 50 Hz

2.1.3. Sensor data

Tennis movement may be also recognized based on wearable sensors
attached to the wrist of the tennis player [22][23][24][25][26][27]
[28] (Table 2.3). In [22], forehand, backhand and serve, as well as
their extensions like topspin and slice, were classified utilizing
the ResNet and Fully Convolutional Network (FCN). Additionally, two
main groundstrokes were further divided into preparation, swing,
follow-through and retraction phases. The movements were captured
using SensorTile, development kit (STEVAL-STLKTO01V1) of STMicro-
electronics, Geneva, Switzerland. For each of the basic moves above
96% average accuracy was achieved for two DL solutions, while for
each of five shots above 94% average accuracy using the ResNet was
obtained (Table 2.3). For shot detection an algorithm using a finite
state machine was developed. The quality of hitting load in tennis based
on IMU sensors and video-based data of eight strokes (rally forehand,
slice forehand, volley forehand, rally backhand, slice backhand, volley
backhand, smash, serve along with false moves) was described [23].
Data were classified using six ML models. Among them two gained
the best results: a cubic-kernel SVM reached 97.4% accuracy and
a second cubic-kernel SVM - 93.2% accuracy. The classification of
topspin forehand, slice forehand, topspin backhand, slice backhand,
and smash with three IMU sensors attached to the feet and a tennis
racket, respectively, was described [24]. Accuracy was reached from
949 for slice forehand up to 100% for topspin forehand and slice
backhand. The longest common subsequence algorithm was applied.
At the same time the player’s steps were analyzed using SVM. The stroke
and side steps were distinguished. Data were gathered from three right-
handed male amateurs, and four left-handed male experts. Each of
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the participants performed the strokes ten times. A study presenting
tennis movement classification using an embedded JY-6 sensor module
into a racket handle is described [25]. Forehand, topspin forehand,
backhand, topspin backhand, smash and serve were taken into consid-
eration. The study was performed using 320 records, divided into 160
strokes and 160 swinging moves. The fluctuation of acceleration based
on moving windows was applied to moves recognition, achieving up to
96.8% accuracy. Forehand, backhand and smash obtained the highest
accuracy.

A real-time mobile system for tennis strokes classification for
training based on one SensorTile attached to a tennis racket was
proposed [26]. Six tennis moves were taken into consideration, like:
tennis swings: topspin forehand, subpar forehand, topspin backhand,
subpar backhand, slice forehand and slice backhand. Five ML algo-
rithms were used to classify them: SVM, NN, Decision Tree (DT),
Random Forest and k-Nearest Neighbor (k-NN). 1200 sensor records
were collected, 200 for each stroke. All the ML methods achieved above
939% average accuracy. The DT stated to be the weakest method gained
93.89% average accuracy, while the NN the best achieved 99.72%.

Another study concerning tennis movements classification was
presented [27]. In this approach PIQ Robot, a sport tracker, was taken
into account as sensor data. The Learning Vector Quantization (LVQ)
was chosen as a classification tool. Ten tennis strokes were analyzed:
forehand flat, forehand sliced, forehand lifted, backhand flat, back-
hand sliced, backhand lifted, serve, smash, volley forehand and volley
backhand. The study involved only two tennis players. The obtained
accuracy was up to 90%, which meant that the proposed ANN was
promising for this type of data.
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Table 2.3. Tennis movements classification based on sensor data. FH - forehand, FF - forehand flat,
FT - topspin forehand, FS — forehand slice, FR - forehand rally, FSb — forehand subpar,
FL - forehand lifted, BH — backhand, BF — backhand flat, BT - topspin backhand,
BS - backhand slice, BR - backhand rally, BSb — backhand subpar, BL - backhand
lifted, VF — volley forehand, VB - volley backhand, S - serve, SM — smash.

Number . Classification Average
Sensor type Tennis strokes Reference
of sensors method accuracy
. FCN 96.34%
SensorTile 1 FH, BH, S ResNet 96.69% [22]
SensorTile 1 FT, FS, BT, BS, S ResNet 94.37% [22]
NN 99.72%
FT, FSb, BT, BSb, DT 93.89%
SensorTile 1 FS, BS RF 98.61% [26]
k-NN 99.44%
SVM 98.06%
IMU 1 FH, BH gmc kernel 97400  [23]
FR,FS,VF, BR, BS,  cubic kernel o
IMU 1 VB, S, SM SVM 93.20% [23]
FH-FT, FH-FS '%“rﬁﬁftn
IMU 1 BH+BS, BH+BT, ~ S°MMO 94.00%  [24]
subsequence
SM -
algorithm
6 (full SVM 82.43%
MU body) FH, BH, 5 K-NN 93.44%s 128
1 (right SVM 88.36%
IMU arm) FH, BH, S k-NN 89.41% (28]
FH, FT,BH,BT,S,  acceleration 0
JY-6 sensor 1 M fluctuations 90.94% [25]
FF, FS, FL, BF, BS, 0-90%
PIQ Robot 1 BL,S, SM. VF. VB LvaQ [27]

The comparison of classification methods based on video and
IMUs was described [28]. Classification was performed using six IMU
sensors attached to the full body as well as only one sensor attached
to the right arm. SVM and k-NN methods were applied to forehand,
backhand, and serve shots classification. The k-NN algorithm stated
to be the most suitable method for this purpose, acquired 89.41% for
one IMU and 93.44% for six IMUs, respectively. A very interesting
approach was proposed for fusion of video-based and IMU-based data
utilizing a k-NN algorithm. For one IMU accuracy was reached at a level
of 98.68% and at 98.00% for back view video and side view video,
respectively. Taking into consideration full body sensors, data of 100%
and 99.67% accuracy was obtained from the back view video and
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the side view video, respectively. The study was performed on a dataset
containing 300 strokes.

2.2.Tennis datasets

Many studies, concerning tennis movements analysis, have been per-
formed on existing datasets and are available online. They were gathe-
red using various types of data, like video, sensors and motion capture
data. They vary in the frequency of data recording, as well as the type
of performed tennis moves.

The dataset consisting of primitive tennis actions, titled Tennis
actions dataset, like serve, hit (defined as the moment of contact with
a ball, except during a serve), and non-hit was proposed [12]. It was
created based on two broadcast tennis female games, one single and
one double, obtained from the Australian Open championships. Addi-
tionally, statistics of the above-mentioned actions were added. 122
serves, 386 hits and 2294 non-hits were gathered. In total, 65 minutes
of tennis play occurred.

The THree dimEnsional Tennis Shots (THETIS) is the most well-
known MoCap dataset [15]. 31 amateur players and 24 experienced
ones performed twelve tennis movements that were recorded using
Kinect’s depth sensor in two various indoor rooms. In total, 8734 avi
videos were obtained.

The Mimetics dataset [29] was also created using a Kinect camera.
It consisted of 713 video clips representing 50 various mimed human
actions, including playing tennis. Movements were performed by mime
artists or by people from everyday life. However, this dataset does not
include the specified tennis strokes performed by professional players.

The tennis dataset collecting tennis forehand, backhand, serve,
volley forehand, volley backhand, and smash was recorded using
optical motion capture, Optitrack Flex V100 with the frequency set
to 100 Hz [30]. Body joints were captured using 34 retro-reflective
markers. 17 tennis players from the Caldas-Colombia tennis league
were participants.

A dataset was presented [22] containing sensor data of five tennis
strokes: forehand slice, forehand topspin, backhand slice, backhand
topspin and serve gathered while in training or in matches, mainly for
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amateurs (6 male and 10 female). Another dataset containing 28,582
strokes from IMU was described [23]. A dataset containing video-
based data as well as IMU-based data was presented [28]. Data were
captured from five elite, nationally ranked, tennis players. Partici-
pants performed forehand, backhand, and serve movements. In total,
300 strokes were obtained. Nine cameras and six IMU sensors were
applied.
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Methodology of creating 3
3DTennisDS

In this chapter an original methodology for creating a new tennis
stroke dataset is described. It includes recordings of tennis strokes
using a passive optical motion capture system. The preparation of
the system and the participants are described. For the purpose of this
study a new racket model is defined. Finally, the preparation of tennis
data for publication is shown.

In scientific papers, only a few datasets containing three-
dimensional data of tennis movements are widely utilized. The most
well-known and frequently applied is THETIS that was gathered
using Kinect sensors. Apart from markerless motion capture systems,
marker-based ones are more accurate. However, only Tennis-Mocap,
available as a publicity dataset, was created using an optical motion
capture system, Optitrack Flex V100 [30]. It provided data in bvh
(Biovision Hierarchy) format, which described data in a hierarchical
way, in which the header defines the order of the data while the section
contains the motion capture data.

However, there is a lack of available publicity datasets, where
tennis movements can be stored using c3d format. These files keep
three-dimensional coordinates of markers. Additionally, analog data,
as muscles activity or ground reaction forces, may be stored as well.
This format is very easy to use and modify. It combines a binary format
together with its content using the characteristics of a database.
c3d files have minimal demands on storage. Taking into account
the above advantages, a new dataset of tennis movements was created
using the optical Vicon motion capture system.
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Capturing tennis movements
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Fig. 3.1. Schema of developing 3DTennisDS [31]

The development of a new and sophisticated motion capture data-
set, the 3DTennisDS, is very time-consuming and very demanding.
The following steps for creating this dataset are depicted in Fig. 3.1.
It consists of four main tasks. First, the motion sessions were prepared,
during which, the most important movements of tennis players were
recorded. Second, all registered data were post-processed. Third,
the data were prepared for publication. Finally, the dataset was made
public (at https://tennisdb.cs.pollub.pl/).



3.1. Capturing tennis movements

3.1.1. Motion capture system

The movements capturing was performed using the optical, 8-camera
Vicon motion capture system (Vicon Oxford, UK). It consisted of
T40S cameras, two Bonita reference cameras, Giganet hub, a desk-
top computer, and a set of accessories. The motion capture cameras
operate in near infrared, up to 512Hz. However, the tennis moves
were registered with the frequency set to 100Hz. The recording was
performed in a special room without windows (which may produce
additional reflections during a session). On each wall two cameras
were located so that the final capturing area has a dimension of 3.4 by
5.4 meters. The placement of the motion capture cameras is presented
in Fig. 3.2. The cameras register the position based on retro-reflective
markers that are attached to participants or objects that are being
recorded. During the movements recording a marker must be visible by
at least two cameras. Only when such a condition is met, are its three-
-dimensional data registered. Two reference Bonita cameras are for
digital video capturing. They are synchronized with the whole system,
so it is very helpful in post-processing while labeling the markers and
checking whether all markers are properly placed. Based on these data
video files containing integrated video and a biomechanical, post-
-processed model of a participant may also be generated. The Giganet
hub creates a link between motion capture cameras, digital cameras
and a PC computer utilizing a 5-port Ethernet switch. The main idea
of this device is data synchronization for all sources.

The Vicon’s Nexus is an integral part of the motion capture system.
This software is used to calibrate the system, register data and perform
data post-processing. The set of accessories (like a calibration wand,
retro-reflective markers and double-sided tapes) is vital for preparing
the system and capturing the movements.
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3.1.2. System calibration

The process of system calibration consisted of two stages: camera
calibration and setting the volume origin. For the first part a special
wand is used. While changing the position and orientation of this
device, the Vicon system calculates the position and orientation of
all cameras. The system learns how the cameras are relative to each
other. It is essential for combining real and virtual worlds. Also, opti-
cal distortion of the camera lenses and any other non-linearity in
the system are calculated. The correction matrix is computed.

In the second stage, a calibration device is measured and the global
coordinate system is set. The coordinate system is essential for proper
display and visualization of recorded data.

The global origin (0,0,0) is indicated by the calibration wand that
is usually placed on the floor. It specifies the center of the capture
volume, and the global axes (X,Y,Z). The axes indicate the three-
dimensional plane.
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The calibration process indicates the system accuracy. Therefore,
performing this step accurately is crucial for the correct mapping of
movements. The result of the calibration process is presented in Fig. 3.3.

oy X
View Types [ Untited* M ¥ NICON "/ x
i Teors
2 pAx 145 o ‘ 6 Q
Viend: Actve Wond
L4 ame Active Wond
L
L.
ot
-
26 METH-S 0 MMLTH-S
han Frpe Fub Calbascn
2 fo Calbes 1 Carmeres
farex co
U CaNEeaban 1 es
neo
Stop Canced
t 9
J
LFranme
ath
-
-
x Triy - Frogres
Fhe Creowd ] Doearpoon Carnma Vend Cound Wrage Frvw
123Vans 102 [ 502 (Bories .. 3387
Seca Deite Sddeaned Fies B3 fovz Borina .

St Nene

Sl Treartar

B e vxTens STR

Fig. 3.3. System calibration result

3.1.3. Participants

Seven male and three female tennis coaches (age 23.7+4.58, height
1.77+0.13 m, weight 71.65+10.68 kg) were the participants of
the study. They all signed consent for movement capturing. They are
professionally active. They also have taken part in various tennis tour-
naments.
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Each participant was prepared according to the Plug-in Gait model
[32]. Thirty-nine retro-reflective markers were attached to the partic-
ipant’s body. One of the participants is presented in Fig. 3.4.

Fig. 3.4. Marker placement according to Plug-in Gait model

3.1.4. Motion capture session

Motion capture session consists of calibration of the participant, creating
a new model for a tennis racket and finally recording the movements.

3.1.4.1. Participant calibration

After attaching markers, each participant was measured for the purpose
of calibration in the Nexus software. The following measures were
performed for the left and right sides of the body: leg length, knee width,
ankle width, shoulder offset, elbow width, wrist width, and hand width.
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Additionally, the participant’s height and weight were gathered. These
values were entered into Nexus software and a new model was created.

The participant was recorded in a “motor bike pose” for a few
seconds. This step is extremely important. First, verification of
whether all markers attached in their proper positions is performed
based on labeling. Second, the skeleton calibration is done. This process
cannot be performed if the distance between two markers is too large,
according to the Plug-in Gait model. Finally, the Static Plug-in Gait
Model is applied. A high value of covariance ellipsoids indicates that
the calibration is poor. Participant calibration is presented in Fig. 3.5.

Whole > | Forward

lect Find Next Unlabeled Trajectory

Range Next (

Fig. 3.5. a) Subject labeling according to Plug-in Gait model, b) Subject after applying
Static Plug-in Gait

3.1.4.2. Creating a tennis racket model

While performing tennis strokes, racket position is a very important
issue that should be taken into consideration in movement analysis.
That is why capturing a tennis player moves should be done together
with the racket so that the recorded strokes will be as natural as
possible during real playing conditions.

Tennis player movements are captured using the Plug-in Gait model
that is utilized into the Nexus software. However, for the purpose of
recording racket movements, a dedicated tennis racket model needs to
be created. Its shape was indicated by seven retro-reflective markers
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(Fig. 3.6). One marker was attached to the top of the racket head,
two on both sides of the racket head, one at the bottom of the racket
head, and one to the bottom of the racket handle. This kind of marker
deployment allows for further examination of the racket’s trajectory.

Fig. 3.6. a) Tennis racket with attached retro-reflective markers [31], b) tennis model

3.1.4.3. Capturing tennis movements

Participants of the study performed four various types of tennis strokes:
forehand, backhand, forehand volley, and backhand volley. The first two
were performed while moving and avoiding a small bollard placed on
the floor so that the movements were as similar as possible to those
performed on the court during a game or training. First, the participants
did ten forehand strokes followed by ten backhand strokes without
the ball. The tennis coach performed the movements in such a way that
they were carried out from the same place, position. The moves were
repeatable. Then, the same moves were performed with a ball that was
thrown so that the stroke was carried out in the same position. A tennis
net was set up in the laboratory to make it easier for players to perform
tennis strokes (Fig. 3.7).

However, volley strokes were played while the athlete was standing
in front of the tennis net. The ball was thrown alternately, once from
the right and once from the left side. This ensured forehand and back-
hand volley movements. The participant had to approach the net, get
into the appropriate position and perform a proper type of volley. Each
stroke was recorded into a separate file. The capturing was performed
with the frequency set to 100 Hz.
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Fig. 3.7. Placement a tennis net while performing forehand and backhand strokes

3.2. Data post-processing

Each recording needed post-processing that consisted of four steps:
marker labeling, gap filling, data cleaning, and in the case of a human
subject, applying the Plug-in Gait model. Due to dynamic movements,
some markers were covered, incorrectly registered or swapped with
others. In the first stage the proper names (labels) must be specified
in every frame for all markers. For the player model the markers were
consistent with the Plug-in Gait model, while for the tennis racket
model the markers were consistent with the designated names of
the created tennis racket model. This part of post-processing was time-
-consuming because it required viewing the entire recording, frame
by frame. This process is depicted in Fig. 3.8.
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Fig. 3.8. Labeling the markers according to Plug-in Gait model

After capturing the movements, some of the markers were miss-
ing in part of the recordings. The idea of the second stage of post-
-processing was to interpolate the 3D positions of the marker based
on its position before and after the gap. Various interpolated methods
were integrated in the Vicon Nexus software. The most proper one
was chosen in order to ensure the smoothness of the whole markers’
trajectories. For the full body model various types of interpolations
were selected, depending on the region of the body. However, for
the tennis racket model the rigid body was the most frequently
chosen algorithm. It is worth mentioning that these algorithms were
appropriate only if the gap was not at the beginning nor at the end of
the recordings. The process of interpolating a gap is presented in
Fig. 3.9.
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During the recordings some additional markers may appear, for
example as a result of reflections. When the gaps interpolation perform
inappropriately, additional markers may appear. In the third step of
the post-processing, all of this kind of data were deleted. Finally, for
the human-based model the Plug-in Gait model was applied. It gener-
ated body angles, forces, and moments. The post-processed tennis data
is depicted in Fig. 3.10.

Fig. 3.11. Tennis strokes captured using the Vicon motion capture system:
a) forehand preparation phase, b) forehand hit with swing, c) backhand preparation phase,
d) backhand hit with swing, e) forehand volley, f) backhand volley
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3.3. Data preparation

When the captured tennis movements were post-processed, the record-
ings were verified by experts. All incorrectly performed movements
were removed. From the whole recordings the individual tennis strokes
were separated indicating the beginning and the end frames based on
the position of the tennis racket as well as the position of the player’s
body. The following types were obtained: forehand, backhand, volley
forehand and volley backhand. Additionally, forehand and backhand
strokes were further divided into phases of the moves. The prepara-
tion phase started from the moment the player raised the racket at
the highest point until the moment right before the racket hit the ball.
The hitting phase began from the moment the ball contacted the racket
through the swing until the movement ended and the racket was posi-
tioned behind the player’s body. Due to the fact that the volley strokes
are short, they were not divided into phases. The whole stroke separa-
tion was performed in the Vicon Nexus software. The following tennis
strokes are depicted in Fig. 3.11.

Another important issue was to make all recordings anonymous.
In data the name of the participant was stored in each marker as well
as in the analog data. That is why all sensitive data were removed to
protect privacy.

3.4. 3DTennisDS

The 3DTennisDS dataset is available for public use at https://tennisdb.
cs.pollub.pl/ [31]. The whole dataset was created in the form of a table.
The strokes were divided into the tennis participants and the type of
moves. For each player the number of strokes is specified. Additionally,
the link to the Plug-in Gait model was made available. The racket’s
model is also available for downloading in order to incorporate it into
the project.
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Data classification - selected aspects 4

The chapter contains theoretical foundations of data classification,
including Convolutional Neural Networks, Spatial-Temporal Graph
Convolutional Neural Networks, and attention modules. All these topics
are essential to better understand studies involving tennis stroke recog-
nition.

Data classification is one of the tasks of CV. It involves image analy-
sis and assigning one of the fixed category labels to the picture. Because
an image is represented as a great variety of numbers, a set of various
computations have to be computed. There are many challenges that data
classification must face, such as: various views of the image, changes in
illumination, deformation of the objects, occlusion that occurs when an
image contains only partial information, similarity between object and
its background. For image classification, Convolutional Neural Networks
(CNNs) have been stated to achieve the highest performance.

4.1. Convolutional Neural Networks

CNNs have obtained impressive results in CV, especially in image - and
signal-based analysis, recently [33][34]. The idea of this technique has
been known for several dozen years, but the development of computer
science has allowed it to be used in practice in many two - and three-
dimensional data processing.

Yan LeCun is one of the precursors of this deep learning approach.
In [35] the researcher (together with B. Boser, J. S. Denker, D. Hender-
son, R. E. Howard, W. Hubbard, and L. D. Jackel) proposed an architec-
ture of the Convolution Neural Network for handwritten zip code digits
classification. The dataset was constructed using images of a great
variety of sizes, written styles and instruments of handwritten zip
codes of U.S. mail that passed through the Buffalo, NY post office.
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7291 images were used for training the network and 2007 for test-
ing and calculating its performance. All the digits were normalized
to fit an image into a 16x16 pixel matrix. The image was input to
the network, while the output consisted of ten units that corresponded
to ten defined classes. The proposed network architecture consisted
of three hidden layers. The first layer had 12 groups of 64 units that
were represented as 12 independent 8 by 8 feature maps, the second
one as 12 feature maps of 16 units arranged in 4 by 4, and finally
the third layer consisted of 30 units that were fully connected to
the previous layer. Each unit of feature maps in the hidden layers took
5 by 5 neighborhood on the input plane.

In [36], another one of the first CNN architectures was presented
which consisted of eight layers combined with the ReLu function. Five
convolutional layers and three fully-connected ones were applied. Each
convolutional layer was followed by a max pooling method to reduce
the feature maps resolutions. In the end of the network architecture
1000-way Softmax was used to generate 1000 classes as the network
results. In this approach the overlapping max pooling was intro-
duced instead of average pooling. The following number of neurons in
the subsequent layers were: 253, 440-186, 624-64, 896-64, 896-43,
2644096-4096-1000.The first layer consisted of 96 kernels of 11x11x3
size, the second of 256 kernels of 5x5x48 size, the third of 384 kernels
of 3x3x256 size, the fourth of 384 kernels of 3x3x192 size, and finally
the fifth of 256 kernels of 3x3x192 size.

The CNN approach has got many advantages [34]. First, local
connections among neurons are applied. It means that only selected
neurons from the previous layer are connected to the proper neuron.
It not only reduces the parameters, but also speeds up the convergence.
Second, a weight sharing technique is applied. Therefore, the same
weights can be assigned to the group of connections and as a result
the parameters are also decreased. Finally, down-sampling of
the image reduces the data processed but retains relevant information.

The basic architecture of CNN is constructed with three layers
(Fig. 4.1): Convolutional, Pooling and Fully Connected layers.
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Fig. 4.1. 3-layer CNN architecture for four types tennis movements

The first layer obtains feature representations (feature maps) of
the input using several convolution kernels (also called filters). Each
kernel corresponds to a specific feature map. It is computed based on
a region of neighboring neurons (neuron’s receptive field) from the previ-
ous layer. A new feature map is indicated in two steps. First, a convolu-
tion operation of the input with the learnt kernel is computed (Fig. 4.2).
The filter is put over the input and the multiplication operation is
performed between the kernel and the portion of an input (neighbor-
hood) over which the filter is covered. The filter is then moved with
a set stride from left to right and from top towards bottom of the input.
After the filter is applied to the whole input, the output image is obtained
with decreased dimensions (width and height). Second, a nonlinear
activation function is applied to the obtained result. It is worth noting
that a particular feature map is achieved using various kernels and is
given by the formula 4.1 [37]:

l

_ 1T !
Ziik = Wg xi,j+bk (4.1)

where wﬁc and bgc denote weight vector and bias for the k-th filter on
the I-th layer, respectively, while xij stands for the input location
at (4,j) coordinates on the I-th layer. A very important factor is
that a particular weight vector is shared, which results in reducing
the complexity of the model as well as providing its easier training.
In order to indicate the nonlinear features, the activation functions,
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defined as a(-) are applied. The activation function for convolutional
feature Zé, j,kis given by formula 4.2 [37]:

There are three most-commonly applied functions: sigmoid (4.3),
tanh (4.4) and ReLu (4.5). They are depicted in Fig. 4.2.

) 1
sigm = ———— (4.3)
1+ e %k

l l
etiik — e Fijk
tanh = — l (4.4)
eZiik 4 e Ziik

ReLu = mazx (zi.,j,k, 0) (4.5)

There are many modifications of the ReLu function, such as leaky
ReLu (4.6), parametric ReLu (4.7) or randomized ReLu (4.8) [37].

In order to eliminate one of the ReLu zero gradient disadvantages,
the Leaky ReLu was proposed [38]:

LReLu = max (zﬁ,j’k, 0) + )\min(zﬁ,j,m 0) (46)

where X stands for a predefined parameter in range [0-1].
In parametric RelLu, instead of a predefined value, a parameter
was applied which changes values in order to improve accuracy [39].

PReLu = max (zé’j’k, 0) + Akmin(z§7j7k, ()) 4.7)

where \,_stands for the indicated parameter of the k-th channel.
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Randomized RelLwu is another modification of the ReLu method
[40]. In this solution the parameter is randomly selected in the training
process and additionally improved in testing.

RReLu = mazx (z(n) 0) + A ™min (zg?k, 0)

i:j7k’ (4.8)

where zz(z)k stands for input at the (7,j) position on the k-th channel

of the n-th example, while A\;\" for the corresponding sampled value.

Filter

qu_ui.imé'géi,,.-f:"""‘ —

o , Output image

- = - . >

Fig. 4.2. Convolution operation

Fig. 4.3. Activation functions: a) sigmoid, b) tanh, ¢) ReLu

Extracting features is a very crucial aspect of CNN. The first layer
of convolution operations extracts low-level features (e.g., color, edges
or textures), while the subsequent layers extract more conceptual
characteristics, namely high-level features.

The second layer of CNN architecture, the Pooling layer, is respon-
sible for downsampling the features obtained in the convolutional
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layer. It is usually located between two convolutional layers. The pool-
ing function is defined as [37]:

yé,j,k = pool(al ),V(m,n) € Zy; (4.9)

m,n,k

where Z;; denotes the local neighborhood around the (4,j) position and
afn’n’ i is the feature map localized at the (m,n) position of the I-th layer
obtained using the k-th filter. There are two types of pooling functions
very often applied: max pooling (4.10) [37][41], and average pool-
ing (4.11) [37][42]. The first one indicates the most characteristic
features, while the second one the average of all features.

l l
... = max a (4.10)
yl7.71k (m7n)€gz] m7n7k
l _ § : l
yi,j,k - a’m,n,k (4.11)
(m,n)e.%ij

Lp is another example of pooling function that was stated to obtain
better generalization [37][43][44]. It is given by formula 4.12. For p
equal to one the Lp corresponds to average pooling, while for p equal
to infinity, corresponds to max pooling.

1/p

l l p
yi,j,k = Z a’m,n,k (4.12)
(m,n)e%ij

In [37][45] a mixed pooling was proposed that combined both
max and average pooling:

T ! B !
Yijk = A(mTZ)CIéC?%ijam’n7k + (1 )‘) %3] (m,nE):eﬂ,’ij Gk (4.13)

where X stands for indicating one of the pooling types, which is
a random value equal to one or zero.
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Usually, the CNN architecture contains several convolutional layers
followed by pooling layers. The last layer has one or more fully-con-
nected layers that give high-level interpretation [37][46][47][48]. This
part performs the classification using the features that are extracted
in the previous layers. In this layer each node of the output layer is
connected to all nodes from the previous layer. The final part of this
layer has an operator that at the end gives a probability in range [0,1].
The Softmax or SVM are very commonly used functions.

The optimization of the CNN, which means finding the best
network parameters, is about minimizing the loss function, which is
given by the formula 4.14 [37][46].

N

- % ZK(G; y™, 0(”)) (4.14)

where 6 denotes CNN parameters (weight vectors and bias values),
N - number of relations between n-th input and corresponding n-th
output in a form of {z™,y™}; n € [1,..., N], and finally o™ stands for
output of the network. Four examples of loss functions are defined
[37]1[46]: Hinge (4.15), Softmax (4.16), Contrastive (4.19) and Triplet
(4.21). The Hinge loss is usually applied in the SVM classifier.

S = 3y 23 (018003}t wrs

i=1 j=1

where w stands for weight vector, z, for i-th input and y(i) €l,...,K]-is
the correct class label from the set of K classes. It should be noted that
5(y() > =1 for ¥ = j and otherwise § y() ) = —1. The parameter
p = 2 indicates the squared function, which is used in deep networks.

Softmax is one of the most commonly applied functions in CNN
approaches. It calculates the prediction from the [0-1] range. It is
given by formula 4.16.

N K .
gSoftmaac = - [Z Z 1{ j}logpy)] (4.16)
Jj=

i=1
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where pg'i)

(4.17),

stands for the prediction of the j-th class for the i-th input

(4)
@0 _ €7

Py = — @& (4.17)
! leil CZE)

The zg.i) is the activation of the densely connected layer, given by
formula 4.18.

@) _ T, (
z; —w]-a()-l-bj (4.18)

The contrastive loss function is applied in weakly-supervised net-
works based on matching and non-matching pairs of data (4.19) [37][46].
The pairs may be defined as input data (:cg), m(ﬁl)) and the corresponding
output data at the I-th layer (y(()f’l), y(ﬁi’l)) , where le[l, ..., L].

1 Y , .
i/pCOntrastve = W Z(p)d(l’L) + (1 — p)maw (m — d(Z’L), O) (4.19)
i=1

where d stands for the Euclidean distance between features (4.20),
p for the parameter that is equal to one if (a:g), x(ﬁl)) is a matching pair,
otherwise p is equal to zero, while m is the margin parameter having

an influence on non-matching pairs.

a8 = [y — P13 (4.20)

defined as x((f), mg), :cgf ) , where the first element stands for anchor
instance, the second and the third ones for positive and negative
instances from the same class of a:gf), respectively. The triplet func-

tion is given by formula 4.21.

Triplet is another examsle of loss function [37][46]. The triplet is
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1 & i i
Lrriplet = N Zl maa:{dgcz’p) — dga),n) + m, O} (4.21)

where the distances are defined as [37][46]:

di) =1 =113 (4.22)

(4)

d(a,n) = ||yg) - yS)Hg (4.23)

Since the first early attempts of CNN, that is the LeNet-5 in 1998
and the AlexNet in 2012, many CNN approaches have been developed.
The VGGNets, created by the Visual Geometry Group from Oxford
University, are definitely worth mentioning [34][46]. They include
the following networks: VGG-11, VGG-13, VGG-16 or VGG-19. They
achieved greater depths of CNN and thus improved network perfor-
mance. 3x3 kernels instead of 5x5 were applied. The total parameters
were reduced by about 45% [49].

GoogleLeNet solutions, like Inception (v1, v2, v3 and v4) and
ResNet also obtained excellent results in image classification tasks
[34]1[49]. They applied different kernel sizes that enabled one to extract
feature maps of various scales of an image. The number of channels
were reduced, which in turn lowered computational costs. Some of
the networks eliminated the covariate shift problem by utilizing batch
normalization. New solutions contained more and more deep layers.
This caused a vanishing or exploring gradient and, as a result, an
increase in training and test errors. The Residual Networks, created
in 2015, reduced the number of parameters as well as improved their
nonlinearity by applying 1x1 convolution kernels. These approaches
introduced two - or three - layer residual blocks [50] that allowed
skipping the connections between layers. Some layers were omitted.
An advantage of this adjustment is that all layers are important and
necessary to obtain high network performance.

Light models of CNN, called MobileNets, have also been developed,
mainly dedicated to resource-limited devices, such as smartphones
[34]. They utilized depth-wise separable convolutions together with
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other techniques, such as: a multiplier for the number of channel reduc-
tions, inverted residual blocks, lightweight attention mode or hard swish
activation function to make computation costs lower with minimum
loss of accuracy [51][52]. The ShuffleNets are other implementations
for mobile devices [53][54]. These solutions utilized pointwise group
convolution. In order to ensure extracting proper features, the channel
shuffle was also necessary to allow for feature flow among channels.
The reduction of computation costs is mainly obtained by combining 3x3
average pooling layers in shortcut paths, reducing elementwise opera-
tions (like ReLu) as well as adjusting the number of convolution groups.

LetNet-5 and AlexNet introduced very important foundations on
the basis of which solutions for image segmentation and classifica-
tion have been and are still being developed. Increasingly deeper and
deeper neural networks allow for effective image and video processing.
Deep learning made it possible to perform challenging image analysis
tasks. The CNN has performed excellently in CV due to the ability of
extracting high-level featuring and thus performing pattern recogni-
tion issues.

4.2. Graph Convolutional Neural Networks

In traditional CNNs there is a difficulty of carrying out the local
features stored in the form of a graph [55]. This problem appears
to be caused mainly by unstructured features as well as the variable
number of neighbors of a given node. However, in images, where there
is a constant number of neighboring pixels, CNN approaches have been
implemented successfully.

Graphs are widely applied in a great variety of areas mainly
because of their power. They allow for the storing of complex data
together with their relationships. There are a large variety of studies
concerning data represented as graphs, such as interactions between
users and products for e-commerce recommendations, drug recognition
based on molecules or citation network of papers. For these kind of
structures, also skeletal ones, that store irregular types of data, GCNs
have been applied with great success due to their high performance
[56]. GCNs leverage the structure of the graph and aggregate the infor-
mation from nodes’ neighbors using a convolutional way. This model
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has obtained much attention as a result of various node classification,
prediction or recommendation tasks. Because GCN is growing devel-
oping research area, many studies have resulted in implementing new
models including graph combining with auto-encoder [57][58][59]
recurrent neural networks [57][60][61] attention models [57][62]
[63] and generative models [57][64][65][66].

Graph G (4.24) may be represented as a set of nodes V, edges F
and the adjacency matrix A. The number of nodes is set to n, while
the number of edges to m [57].

G={V,E, A} (4.24)

The adjacency matrix A(k,l) between node k and [ has a value
equal to zero if there is no connection between these nodes, otherwise
the value is set to one.

A diagonal matrix D, the degree matrix of adjacency matrix, is
given by formula 4.25.

D(k, k) = A(k,1) (4.25)
=1

The Laplacian matrix of A is defined as 4.26 and the symmetrically
normalized Laplacian matrix as 4.27.

L=D-A (4.26)

L=I-D:AD @27)

where [ stands for the identity matrix.

A graph data of nodes is defined as a vector € R" where z(k) is
the data of the k-th node. The node attribute matrix can be expressed
as X € R™? where d stands for a graphcal data.

An example of architecture of the GCN is depicted in Fig. 4.4.
It consisted of the input channel (X), the hidden layers, the calculated
feature maps (Z) and the output layer (Y).
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hidden layers

Input Output
layer layer

Fig. 4.4. GCN architecture [58]

As in GNN the feature maps are calculating and utilizing the convo-
lutional operation. In GCN the convolutional layer was defined based on
the Chebyshev recursive polynomial T, (4.28) to reduce computational
complexity [57]. In order to provide the eigenvalues in range [-1,1],
a filter was defined according to formula 4.29. In this configuration
the convolution layer is defined as in formula 4.30 [57].

Ty(z) = 22T, 1(z) — Ts_2(z), for Ty =1,Ti(z) =1 (4.28)

(4.29)

d, S-1
XPH( 0'< ( )s+1)T( )XP(: ')),

=1

w
Il
<

(4.30)

V] - ]_, ...,dp+1

where XPH( :,j) stands for the j-th column of feature map
obtained for the p-th layer, @ﬁ ;j denotes a parameter of S-dimensional
vector for the i-th column of the input feature map XP(:,1).

In semi-supervised node classification in [58] the Chebyshev
of the first-order polynomial was proposed. Additionally, the set
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@i,j(l) = —@i,j(z) = @i,j was defined. Moreover, the A\, = 2 was
used which yielded —1 < Xk <1,V;=1,...,n. As a result, the eigen-
values of the symmetrically normalized Laplacian are in range [0,2].
The convolutional layer (convolved signal matric) is then defined
according to formula 4.31.

— —~————

1 1
XPtl — a<’5 *AD 2XP@P> (4.31)

where A = I + Astands for adjacency matrix A together with self-con-
nections in the form of an identity matrix I, I for the diagonal degree
of A matrix and finally ©F denotes the matrix of filter parameters of
the dimension dp41 X dp. This solution aggregates data from directly
neighboring nodes, and also provides a gap between spectral and
spatial methods. Because the convolution is computed in the Laplacian
matrix, obtaining spectral data is not an easy task. For this purpose,
classical CNN methods are applied, like propagation-based models.
The idea of GCN convolution is depicted in Fig. 4.5. The new
value of the node is calculated based on the corresponding node value
together with its all neighbors based on the given rule. For calculating
the value of the node depicted as purple, 15, 9, 12, and 23 nodes are
required. As a result of the convolution a new graph is created.

Fig. 4.5. An example of graph convolution

Many studies have considered new models for spatial graph
convolutions including propagation and aggregation representation
methods from neighboring nodes in the vertex domain. One example
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of convolution for the t-th node at the p-th layer was proposed by
the authors of [67]. It is given in formulas 4.32 and 4.33.

PN = ‘ Z XP(v,: (4.32)
veN

+1 . _ D
XP(t:) = "( O

) (4.33)
where 67 N(D)| stands for weight matrix for nodes with the degree equal
to |N(t)| for p-th layer.

In order to take into consideration, data associated with edges of
the graph, an edge-conditioned convolution operation was proposed
in [68] based on a dynamic filter network. It is given in formula 4.34.

XpH(t Z @p XP(u,: )+ b° (4.34)
vEN

where @Z , Stands for the edge weight matrix for p-th layer between
t-th and u-th nodes and for the bias and filtering-generating network
F?:R® — R%%.

The feature maps for an example of GCN consisting of two layers
for node classification are defined in the formula 4.35 [58].

Z = f(X, A) = Softmaz (AReLu(AXWO)Wl) (435)

where W? stands for the weight matrix that is an input to the hidden
layer, W* for the weight matrix for the output layer. This is presented
in Fig. 4.6.

In the case of graph classification, the result of a specific class
(graph representation) should be indicated. In this approach a pooling
mechanism is applied to create a coarser graph that is further reduced.
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Fig. 4.6. GCN with pooling

Readout

After the convolutional and pooling layers, the extracted features
are mapped into a vector using a global pooling layer (Fig. 4.7).
At the end the fully-connected network is applied to obtained
the classification tasks.

A C
@ @ A [12] Forehand

B E Backhand

23
—_— C B Volley
D D |9
@ E [2] No-shot
F |53

Fig. 4.7. Construction of a vector from a graph

GCNs have achieved impressive results in many real-life applica-
tions, such as object detection in images and videos, image classifica-
tion, medical diagnoses, point cloud classification and segmentation,
shape completion, text classification as well as prediction.
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4.3. Spatial-Temporal Graph Convolutional Neural Networks

Graph Convolutional Neural Networks (GCNs) is a very fast developing
field of study, so much so that a great variety of up-to-date models
have recently been created. For the purpose of video or motion capture
processing, where skeleton-based data can be obtained, a new model,
the Spatial-Temporal Graph Convolutional Neural Network (ST-GCN),
was developed. This Al method takes into account spatial dependency
and temporal dependency at the same time [69]. This model is able
to leverage latent patterns from spatial-temporal graph structures.

The ST-GCN was proposed for the first time in 2018 [70] for human
action recognition purposes. The graph, reflecting the data, was created
based on human topology. Two types of edges can be specified: spatial
and temporal. In the case of the first character, each node in the graph
corresponded to a proper joint from the human body, while bones
connected to these joints were represented as edges. The second type
corresponds to the same joints but in consecutive frames (time inter-
vals). In this solution combining the multi layers resulted in leveraging
and integrating both spatial and temporal information. The important
advantage of this model is that the created model did not take into
account hand-crafted feature-based methods, which allowed for a better
representation of activities.

Fig. 4.8. The structure of spatial temporal graph, based on [70]
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The node structure of the graph G(V, E) in the ST-GCN is repre-
sented as [70]:

V=A{vwlt=1,..,T,i=1,..N} (4.36)

where Vti denotes the coordinate vector of the i-th joint in the t-th frame.
This kind of construction involves the information on all joints and
their sequence in time. Each node, in the current frame, is connected
to the corresponding nodes using edges according to the specificity of
the data, and then each node is connected to its corresponding node
in the consecutive frame. This structure is illustrated in Fig. 4.8. Blue
lines indicate the edges between nodes in a graph in a current frame,
while the yellow lines connect the corresponding nodes between frames.
The edges between i-th and j-th nodes in a frame at time 7 can be
defined as [70]:

E(1) = {vyvy|t = 7,(i,J) € H} (4.37)

In the ST-GCN the implementation of convolutional operation is
similar to 4.31, where adjacency and identity matrices are utilized
for connections between joints in a specific frame. The convolution
operation may be written as [70]:

X =N AT AN XIW, (4.38)
J

where similarly A;’ — Z(A;’“) + o, with @ =0.001, W; stands for
k

the weight matrix. The convolution operation is performed utiliz-

ing 2D convolution anld then mul'giplies the results by the normalized

adjacency matrix A" 2(A 4+ I)A™? in the second dimension. It must

be stressed that the adjacency matrix is disassembled into matrix Aj.

ThenA+I:ZAj.
J
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Fig. 4.9. The ST-GCN classifier [70]

The structure of the ST-GCN classifier is depicted in Fig. 4.9. Input
to the classifier is a sequence of data, for example video, based on
which the graph representing human topology is created. Multiple
layers of graph convolutions are applied. As a result, high-level feature
maps are obtained. The next step is a classification process utilizing
Softmax for specified output classes.

The ST-GCN has found many applications, such as human action
recognition [70] or traffic speed forecasting [71].

4.4. Attention Modules

CNN models are still being improved. Deeper and deeper CNNs have
been developed such as VGGNet, ResNet or GoogLeNet for boost-
ing spatial correlations [39][46][49]. Attention models have found
many applications in CV [73][74][75]. They obtain information from
a small visual area [73]. The selected region from which information is
obtained is indicated by specific patterns of activities, textures, colors
or shapes. There are three types of attention mechanism: soft, hard and
those combining several attention modules into one framework [76].
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4.4.1. Soft attention modules

The soft attention module is a fully differentiable deterministic mech-
anism that can be utilized in a neural network. The gradients are
disseminated by the attention mechanism at the same time as they are
propagated through the rest of the network [76]. The soft attention
mechanism can be further divided into spatial attention and channel
attention modules.

One of the examples of a spatial attention module is the residual
attention network, dedicated to image classification [77]. It can be
applied in any neural network structure. It utilized several attention
modules, each of which consisted of a mask branch and trunk branch.
The output of the whole attention module is specified as [77]:

H;.(z) = M (z) * T; () (4.39)

where i denotes spatial positions, ¢ € {1,...,C} is the channel index,
M; . is the mask branch, and T - the trunk branch. The structure
may be trained end to end.

The mask branch serves two functions: as a feature selection and
for updating the filter during the backpropagation process. In this part
of attention module, the gradient of the mask for the input features
can be defined as [77]:

OM(z,0)T (z,d)
0¢

0T (z, )
¢

(4.40)

= M(z,©)

where O stands for the mask branch parameters, while ¢ for the trunk
branch parameters.

In the Residual Attention Module, the trunk and mask branches
were located next to each other. This resulted in a learning attention
that was connected to its features.

Image classification usually deals with channel convolutional
operations that lead to obtaining various channel information [76].
By adding the weights to the channel, the meaningful areas are indi-
cated and the key information is extracted.

One of the channel-based attention models applied with a great
success in classification purposes is Squeeze-and-Excitation Network
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(SeNet) [78]. In this approach, after obtaining the feature maps using
convolutional operation, the channel dependencies are obtained utiliz-
ing squeeze and excitation steps. Due to the fact that each filter oper-
ates in a specific area, the first step is to squeeze the global spatial
information into the channel descriptor. Global average pooling is
performed to determine statistics for individual channels. The statis-
tic is generated by reducing the feature maps (U) through its spatial
dimensions (H x W). These elements are calculated as [78]:

1 H W o
Ze = qu(uc) = m Z ZUC(Z,J) (441)

In the next step, the dependencies between the channels are deter-
mined. It is stated that the function must be flexible (it must be able to
learn non-linear interaction between channels), and it must also learn
a relationship that is non-mutually-exclusive. In this way, multiple
channels are highlighted. For this purpose, the gating mechanism and
sigmoid activation functions are applied [78]:

§=Fer(2, W) = 0(g(2,W)) = o(W20(W12)) (4.42)

where o denotes the ReLu function, W; € R%XC and W, € RC <¢ . Addi-
tionally, ris the reduction ratio parameter.
Finally, the output of the network is calculated as [78]:

—_~

Le = Fscale(uca Sc) = ScU, (4.43)

where X = [Z1,Z2,...,%¢|, Fscle denotes the channel-wise multipli-
cation between s_and the feature map.

4.4.2. Hard attention modules

In contrast to soft attention modules, hard ones perform the analysis
of input images using subregions, rather than using the whole image
[76][79][80][81]. These approaches utilize various stochastic models
as well as reinforcement learning. The model of hard attentions is
random.
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In [80] a new model with a hard attention-based converter
for a CNN was presented. In this solution pixel-based analysis was
performed in order to create a new image. For each pixel one feature
is selected after model training. Then the CNN was performed for
the prediction based on the obtained image. Each pixel of an image is
calculating using an attention mechanism [80]:

d
Pij(z) = (a",z):= ) a’ay (4.44)
k=1

where P e R®T*W  i=1,..,H, j = 1,...,W, a stands for the attention
weight for a pixel. The domam of a ; .is a d-1 dimensional simplex

d
AT = {a € RYay, € [0,1], Zak—l}’mER
k=1
The representation z of the category is calculated as [80]:

. __ argmaz
2 = {1 Zf k= je(1,. )log(p]) + gj (445)

0 otherwise

where g; ~ Gumbel(0,1) for j= 1,...,m is computed as g; = ~log(u;) using
uniform distribution and denotes the probabilities of the Gumbel-Max
categorical distribution.

The Gumbel-Softmax is applied to compute the attention weight

[80]:
i _ ewp((log(pi’j ) - g?;j) /T) »
k N s A .. X
Y- eap ( (l"g (p?]> + g’s”) / T)

for k= 1,...,d, where 7 denotes the temperature parameter controlling
sample distribution. Controlling this parameter is necessary for
the training process. As a result, a new image is generated, in which
each pixel corresponds to one feature that was selected by the convector.
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4.4.3. Convolution Block Attention Module

A third type of attention modules is the kind that combines both
the spatial attention module and the channel one. In 2018 the Convo-
lutional Block Attention Module (CBAM) was proposed as an enhance-
ment for generating feature maps [82]. It was specified for feed
forward CNNs. The main advantage of this solution was obtaining
the information in which features are important as well as their loca-
tions. The obtained attention maps utilized convolution activations.
As a result, the most principal features are extracted.

Due to the specificity of convolution operations in neural networks,
which are performed on small areas of the analyzed image, and due
to the fact that the spot extracts both cross-channel and spatial infor-
mation, the proposed CBAM model consists of two parts: the channel
attention and the spatial attention modules (Fig. 4.10). After the chan-
nel attention module, the intermediate features are generated [82]:

F'= M. (F)®F (4.47)

where F is the input feature map, M_ denotes a one-dimensional chan-
nel attention map and F’ is the intermediate feature map.

The channel attention module is presented in Fig. 4.11. This module
indicates what is extremely important from the input image. In order to
obtain spatial information both max-pooling and average-pooling oper-
ations are applied simultaneously. This combination greatly improves
the network performance compared to their separate use [82].
As a results of these operations two spatial context descriptors are
achieved, F,,, and F;Ug, respectively. The extracted max-pooled
and average-pooled are input to the multilayer perceptron network.
The outputs of the MLP network are summed. The equation representing
the channel attention calculation is described as eq. 4.48 [82]:

M_.(F) = o(MLP(AvgPool(F)) + MLP(MaxPool(F))) =
(4.48)

= o(Wi(Wo(F,y) + Wi (Wo(Fipe)))

avg maz

where o denotes the sigmoid function, W, and W,are the MLP weight.
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Fig. 4.10. Convolutional Block Attention Module [82]
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After calculating intermediate features, a two-dimensional spatial
attention map is generated (M,), which is further used to obtained
refined feature map (eq. 4.49).

where F’ is the intermediate feature map, M, denotes a two-dimen-

MaxPool

AvgPool

—>

- =
® O
- =

MLP

Fig. 4.11. Channel Attention Module [82]

F/I — MS(F/)®F,

\f® Refined

Feature

Intermediate
Feature

Mc

(4.49)

sional spatial attention map and F” is the output feature map.
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Fig. 4.12. Spatial Attention Module [82]

The spatial attention module indicates the locations which corre-
spond to the channel attention (Fig. 4.12). In order to emphasize
the dedicated regions, first average-pooling and then max-pooling are
applied in order to obtain two feature descriptors: F;vg and F; ., respec-
tively. The next step is to apply a standard convolutional layer in order
to compute a two-dimensional spatial attention map (M,). The spatial
attention map is calculated as [82]:

M, (F) = o(f™"([AvgPool(F); MazPool(F)])) =
(4.50)
= o(f ™ ([Faugs Fraa)))
where o denotes the sigmoid function while the f7*” is a convolution
operation with a 7x7 filter size.

It has been stated that the method and the order of arranging
the modules influences classification efficiency [82]. The best results
are obtained by placing the modules sequentially, with the channel
attention being the first one.



Spatial-Temporal Graph
Convolutional Networks for tennis 5
movements recognition

This chapter describes a new classifier, Spatial-Temporal Graph Convo-
lutional Networks, developed for data representing the silhouette of
a tennis player and a tennis racket, both in the form of images and
3D data. Moreover, the fuzzification of input data is applied in order
to verify how it affects classification performance. Extensive results
of the classification of tennis strokes in the form of accuracy, recall,
precision, F1 score and confusion matrix are also presented.

HAR is a very challenging task in the CV field. ST-GCN is the first
approach implemented in this study for tennis movement classification
using data gathered via the Vicon motion capture system [7]. Two types
of data have been taken into consideration, both of these obtained from
the created 3DTennisDS [31]. First, images of a three-dimensional
subject representing a tennis player with a tennis racket reflecting
the proper tennis moves while performing actions. Second, three-
-dimensional data representing the tennis player model and a tennis
racket. The 3D data were gathered utilizing retro-reflecting markers
attached to the body and to the racket.

5.1.Image-based classification

5.1.1. Data preparation

From the post-processed motion capture data, reflecting tennis move-
ments, like forehand, backhand, volley forehand, and volley backhand,
videos were generated using the Vicon Nexus 2.0 software. Each record-
ing of forehand and backhand moves presented the tennis player model

63



holding a tennis racket and performing strokes. Between each tennis
move, the tennis player ran and avoided a bollard placed on the floor.
He/she returned to the specified position from which the next move
was performed. As for the video presenting volley strokes, the latter
are performed alternately, e.g., the volley forehand preceded the volley
backhand. The images were generated from videos using the ffmpeg
tool with a sampling equal to 0.1 s. As a result, the following categories
of tennis moves were collected: forehand preparation phase, forehand
shot, backhand preparation phase, backhand shot, forehand volley, back-
hand volley, and no-stroke. Each move, except the last one, is defined
as beginning at the moment the ball is hit and ending at the moment
the stroke is finished. The last move does not correspond to tennis
strokes. It was used in order to distinguish tennis movements from other
activities presenting a tennis player holding a tennis racket.

Each image was further transformed to obtain a graph structure.
First, the size of the images was reduced. Second, the background of
an image was changed to white. From an image prepared like this
the skeleton of a tennis player was indicated. The markers attached
to the tennis player’s body corresponded to nodes of the future graph.
Moreover, some simplifications were performed for the tennis racket
model and the head of the tennis model. Instead of seven markers
from racket model, only two were considered as most important.
The first marker was attached to the top of the racket head and
the second to the end of the racket handle. These two nodes and an
edge created between them were enough to indicate the position of
the racket in reference to the tennis player. Another simplification
was performed for the head and pelvis of the tennis player model.
Four markers representing the head or pelvis were replaced by one
marker. It was indicated using interpolation methods. Some markers
from front and back, such as on the spine and on the chest, or two
markers attached to wrists were interpolated to one. The markers
from lower and upper limbs that were not attached to joints were
also removed. Totally, 19 nodes were obtained for the player model,
and the tennis racket model. The described operations did not affect
classification quality. Additionally, these transformations allowed
reduction in the number of input points and also acceleration of
the calculations.
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For the classification of tennis strokes, indicating the temporal
features are very important factors. That is why a spatial temporal
graph was created utilizing the transformed motion capture data.
The structure was represented as a graph G = (V, E), which consisted
of N nodes and their change in time. The set of nodes were given as
in eq. 4.36. An example of the input data are presented in Fig. 5.1.
In order to indicate the moves, three frames were taken into consid-
eration: preparation phase, the hit, and the swinging the racket.

o

e
L

Fig. 5.1. A spatial temporal graph for forehand groundstroke performed
by left-handed tennis player [7]

In Fig. 5.1, red dots represent the nodes corresponding to both the
tennis player model and to the racket model, red lines denote the edges
between the nodes of the lower limbs, green edges of the upper limbs,
while yellow are the edges between two nodes of the tennis racket.

5.1.2. ST-GCN classifier

While performing tennis strokes, joints and corresponding parts
of the body change position. These data are adequate for motion
recognitions [83][84]. The representation of changes in model over
time allowed one to create the hierarchical structure for classification
purposes. Vectors containing joint coordinates of the graph nodes
were input to the classifier. Coordinates were indicated starting from
the left bottom corner of the image. Input data was transformed
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utilizing spatial-temporal graph convolutional operations in multi-
ple layers of the proposed neural network. The classification was
performed in the last layer utilizing the standard Softmax function for
the tennis moves classification. The neural network solution learning
process was performed using a stochastic gradient descent algorithm.

The convolution operation for image utilizing i x K - size kernel
may be defined as [7]:

K K
fout = ZZ fmp(m) * (5.1)
1 1

where p stands for sampling function Z2? x Z2? — Z?2, @ is the weight
function Z% — R?, f,, and f,  are input and features at the spatial
location z, respectively. Due to the fact that the data were presented
in the form of a graph, the convolution operation was performed on
the neighbor set [7]:

G(vii) = {vyld(vej,vi) < D} (5.2)

where d(v4j, ;) stands for minimum length path between v node
and vy node. In this study the D was set to 1. The sampling function
was defined as [7]:

p:G(yy) =V (5.3)

The convolution operation (5.1) was defined as:

fout = Z fin(th) * w(’/tj) (5.4)

IltjGG(Vti)

According to (4.38) the convolution operation for a single frame may
be defined as:

four = A T(A+ AT f, W (5.5)

The input vector was defined as (C, V, T), where C denoted
the dimension of each node, V the number of nodes, and 7 the number
of time steps. In this study C'was equal to 2, V was 19, and T was set
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to 14. The convolution operation was implemented as a two-dimen-
sional convolution, multiplied by a normalized adjacency matrix on
the second dimension.

The proposed classifier for tennis movement recognition was
presented in Fig. 5.2. It was composed with a ST-GCN classifier,
a two-dimensional average pooling layer, a one-dimensional convo-
lutional layer, an active features knowledge base and a Fully-connected
layer with the Softmax function for tennis stroke recognition.

ST-GCN

AvgPool2D  Conv2D FC
64 —» Forehand preparation
E’ —Softmax |y Forehand shot
— Backhand preparation
. m‘ '» G—»%» —> Backhand shot
v —» Forehand volley
é —» Backhand volley
affective —> No-shot
features

Fig. 5.2. The classifier for tennis movements recognition based on images utilizing the
ST-GCN and affective features modules [7]

The ST-GCN part consisted of three spatial-temporal layers. They
were made up of 32, 64, and 64 kernels, respectively. The output from
the ST-GCN classifier was then passed to the average pooling layer,
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where the average values of joints and temporal directions were calcu-
lated. The convolutional operation was performed on the obtained
values using 64x64 kernels. The final layer was defined as a seven-di-
mensional vector, which corresponded to the specified types of tennis
movements: forehand preparation phase, forehand shot, backhand
preparation phase, backhand shot, forehand volley, backhand volley,
and no-shot.

Each of the ST-GCN layers was followed by ReLu nonlinearity.
After each layer, except the Fully-connected one, a BatchNorm layer
was added.

The active feature part introduced two types of important infor-
mation to the proposed classifier: movement parameters and posture
data. The first one consisted of the acceleration and velocity of each
joint. The second are the distance and angles between joints in two
triangular areas for lower (left and right feet, and spine) and upper
limb (left and right hand, and head). These types of data were combined
with the data obtained from the ST-GCN classifier and finally passed
to the Fully-connected layer.

5.1.3. Tennis strokes recognition

In total, 44,834 RGB 800x600 images were used in this study, separated
into seven categories: forehand preparation phase (9,082), forehand
hit together with racket swinging (9,716), backhand preparation phase
(7,309), backhand hit together with racket swinging (7,709), fore-
hand volley (6,676), backhand volley (6,055), and no-stroke (8,055).
The whole dataset was divided into 80% (35,867) and 20% (8,967),
for training and testing, respectively. Ten tests were performed.

Classifier performance was evaluated using the following meas-
ures: accuracy (5.6), precision (5.7), recall (5.8), and F1 score (5.9).
In this monograph, all presented results were obtained based on testing
data.

Truepositive + Truenegative

Accuracy =

(5.6)

T”'uepositiue + Truenegative + Falsepositive + Falsenegative

Truepositi

.. positive

Precision = (5.7)
TTuepositive + Falsepositive
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T’I ue iti
positive
Recall =

Truepositive + F alsenegative

Pl 2 - Precision - Recall (5.9)

Precision + Recall

Accuracy gives one knowledge of how the neural network model
deals with all specified classes. This measure is defined as the ratio
between the correct predictions to all (including true and false) predic-
tions. It should be used, especially when all classes are equally impor-
tant.

Precision defines the accuracy of the model for positive classi-
fication. It is calculated as the ration between positive samples that
are classified correctly to the samples recognized as positive, both
correctly and incorrectly. The high value of precision is achieved when
a lot of positive classifications are obtained or when there are only
a few incorrect positive classifications. Recall gives knowledge of how
many positive samples are recognized by the model. If more positive
samples are classified, a higher recall value is obtained.

F1 score is the harmonic mean of precision and recall measures.
The higher the value of this score, the better the classifier performance
is. When the precision and recall results are similar to each other,
the higher the value of this score is obtained.

The obtained results for the proposed classifier are gathered in
Tables 5.1-5.5.

Table 5.1. Obtained accuracy results for the ST-GCN classifier for image input for all classes
Mean Max Min +SD
81.57% 84.70% 77.11% 5.52%

The results presented in Table 5.1 indicates that the mean
obtained accuracy for all classes exceeds 81.50%, which is satisfactory.
The achieved values are within the range 77.11-84.70%. It can be
concluded that, based on the sequence of images showing subsequent
parts of the same stroke, using the ST-GCN network is possible to
classify tennis strokes and their phases with high accuracy. It should
be emphasized that the low value of the average standard deviation
determines the stability of the developed model.
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Table 5.2. Obtained accuracy results for the ST-GCN classifier for image input for individual
classes FHP - Forehand Preparation Phase, FHS — Forehand Shot, BHP — Backhand
Preparation Phase, BHS — Backhand Shot, VFH - Volley Forehand, VBH - Volley
Backhand, NST — No Stroke

Class Mean Max Min +SD
FHP 80.12% 84.58% 77.16% 5.56%
FHS 79.35% 83.84% 77.73% 6.63%
BHP 84.52% 85.84% 77.15% 551%
BHS 84.70% 85.24% 77.11% 6.24%
VFH 84.67% 87.49% 77.18% 5.92%
VBH 84.69% 86.89% 77.47% 6.21%
NST 83.75% 84.62% 77.13% 6.52%

Accuracy results for individual classes are gathered in Table 5.2.
The minimum results are higher than 77.12%, while the maximum
values exceed 83%. The highest accuracy values are achieved for volley
strokes, both forehand and backhand. Forehand strokes as well as
the forehand preparation phase were recognized with the lower results.
However, it should be stressed that the mean accuracy values are
not lower than 79%. Also, no-stroke class concerning running with
the tennis racket is recognized with high accuracy, exceeding the 83%
mean value.

Table 5.3. Obtained precision results for the ST-GCN classifier for image input for individual
classes FHP - Forehand Preparation Phase, FHS — Forehand Shot, BHP — Backhand
Preparation Phase, BHS - Backhand Shot, VFH - Volley Forehand, VBH - Volley
Backhand, NST - No Stroke

Class Mean [ EV Min +SD
FHP 82.34% 85.41% 78.55% 8.68%
FHS 81.32% 84.38% 77.61% 7.54%
BHP 87.48% 89.68% 84.82% 7.50%
BHS 86.78% 89.11% 83.62% 7.37%
VFH 88.67% 90.21% 86.77% 8.27%
VBH 88.38% 90.32% 85.92% 9.39%
NST 85.57% 88.01% 82.67% 8.41%

Precision results for individual classes are presented in Table 5.3.
As in the case of accuracy, the highest precision values are achieved
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for volley strokes. Slightly lower values are obtained for backhand
strokes (both preparation phase and the hit with racket swinging).
Classification for forehand strokes obtains the lowest precision values.
It should be stressed that the lowest mean values are higher than
81%, which proves that the proposed ST-GCN model has the ability
of positive classification.

Table 5.4. Obtained recall results for the ST-GCN classifier for image input for individual classes
FHP - Forehand Preparation Phase, FHS — Forehand Shot, BHP - Backhand Preparation
Phase, BHS - Backhand Shot, VFH - Volley Forehand, VBH - Volley Backhand,
NST - No Stroke

Class Mean Max Min +SD
FHP 92.67% 94.13% 89.95% 6.61%
FHS 86.11% 88.44% 83.17% 7.47%
BHP 84.21% 86.88% 81.16% 8.22%
BHS 84.51% 87.42% 81.24% 8.37%
VFH 83.21% 85.36% 80.60% 8.38%
VBH 84.75% 87.14% 81.58% 7.46%
NST 85.12% 87.51% 81.93% 7.82%

Recall results for individual classes are gathered in Table 5.4.
The highest ability of the model to detect the positive tennis move-
ments are obtained for forehand strokes. Recall values are also high for
backhand strokes. About one percent less values are obtained for volley
strokes. Also, movements that do not correspond to tennis strokes
receive high recall results.

Table 5.5. Obtained F1 results for the ST-GCN classifier for image input for individual classes
FHP - Forehand Preparation Phase, FHS — Forehand Shot, BHP - Backhand Preparation
Phase, BHS - Backhand Shot, VFH - Volley Forehand, VBH - Volley Backhand,
NST - No Stroke

Class Mean Max Min +SD
FHP 87.19% 89.56% 84.39% 8.62%
FHS 83.64% 86.36% 80.29% 8.43%
BHP 85.81% 88.26% 82.95% 6.33%
BHS 85.63% 88.26% 82.65% 8.34%
VFH 85.85% 87.72% 83.58% 11.32%
VBH 86.53% 88.70% 83.71% 9.41%
NST 85.35% 87.76% 82.33% 9.61%
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The results of the F1 score for individual classes are gathered in
Table 5.5. The obtained values indicate that the proposed model is
well-balanced. This means that the analyzed classifier achieves both
high precision and high recall results. The mean values are between
83.649% and 87.19%. The classifier obtains minimum F1 scores
exceeding 80%. The highest mean F1 score, 87.19%, is obtained for
the forehand preparation phase. The remaining classes have slightly
worse results. However, they are above 83%. The lowest value reached
is for the forehand stroke.

The confusion matrix is depicted in Fig. 5.3. In most cases,
the ST-GCN model correctly classifies all tennis strokes and their
phases. Incorrect classification occurred up to 3.52%, which proves
that the model achieves high performance.

FHP oA 3.53 3.46 3.29 3.46 3.17 2.97

FHS4{ 3.70 gERsls) 3.43 3.35 3.48 3.17 3.52

BHP{ 0.18 2.72 EBEREY 2.91 291 2.72 2.72

BHS+ 0.19 3.04 3.01 2.84 2.84 2.84

True label

VFH{ 2.56 0.29 2.37 2.37 GygEl 2.37 2.56

VBH4{ 0.24 2.53 2.47 2.67 2.70

NST4 0.23 3.34 3.33 3.10 3.11 3.14 EEN]

FHP FHS BHP BHS VFH VBH NST
Predicted label

Fig. 5.3. Confusion matrix (in%) for tennis movement classification for the ST-GCN model FHP
- Forehand Preparation Phase, FHS - Forehand Shot, BHP - Backhand Preparation Phase, BHS
- Backhand Shot, VFH - Volley Forehand, VBH - Volley Backhand, NST — No-Stroke

The forehand preparation phase was most often confused with
the forehand stroke, the backhand preparation phase and the volley
forehand. There is very little difference between the end of the prepa-
ration phase and the beginning of the execution phase. Additionally,
the forehand volley contains similar elements to the forehand
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preparation phase. This phase may have been incorrectly classified
with the backhand preparation phase due to the fact that the data-
set includes strokes performed by both right-handed and left-handed
tennis players. The forehand stroke was most often confused with
the preparatory phase of the same tennis move, as well as with
the no-stroke. Racket positioning during the running may be confused
with racket positioning during racket swinging.

The backhand preparation phase was misclassified with the back-
hand stroke and the volley forehand move. As in the case of the fore-
hand, the end of the backhand preparation phase may be confused
with the beginning of the backhand hit and with the volley forehand.
The volley forehand was confused with the forehand preparation phase
due to the racket positioning and similarly performed movements.
Similarly, the volley backhand was most often confused with the back-
hand shot. Due to right-handed and left-handed tennis players, both
types of volley shots were also confused with each other. Racket posi-
tioning while running (no-stroke) could be confused with the forehand
stroke and the backhand preparation phase.

Accuracy criterion

100 __ Train
— Test
80
g 60
o
=)
Q
£ 40
20
0
0 20 40 60 80 100 120 140

Epochs

Fig. 5.4. Learning accuracy for the ST-GCN classifier for image input
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Loss function
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Fig. 5.5. Loss function for the ST-GCN classifier for image input

The process of learning the ST-GCN model is presented in Fig. 5.4
and 5.5. Accuracy values for training and testing datasets are depicted
in Fig. 5.4. It can be noticed that reaching 140 epochs is enough to
reach satisfactory accuracy. The loss function is presented in Fig. 5.5.
It can be observed that the sum of the errors for each sample system-
atically decreases in subsequent epochs. After exceeding 140 epochs,
the value of the loss function becomes the minimal value and the model
reaches its highest performance.

5.2. 3D-based classification

In this subsection the recognition of tennis movements is presented
using three-dimensional data. They are obtained from motion capture
recordings, gathered for the purpose of this study. In order to conduct
comprehensive studies, the classification of tennis strokes was carried
out based on the tennis player model, the tennis player model with
a tennis racket model and the tennis racket model itself.
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5.2.1. Data preparation

Motion capture data consist of three-dimensional coordinates of thir-
ty-nine markers attached to the body of the tennis player and seven
markers attached to the tennis racket. These coordinates were read
from c3d files using Python software with the c3d library. These data
were divided into seven categories representing six tennis move-
ments and one no-stroke. For the purpose of this study three types of
spatial-temporal graphs were created, representing the whole tennis
player model, the tennis player model holding a tennis racket and
the same tennis racket model, respectively.

5.2.2. ST-GCN classifier

The structure of the ST-GCN classifier is the same as presented in
Fig. 5.2. One difference is the type of input data, which is depicted in
Fig. 5.6. From three various phases of tennis movements, the corre-
sponding three-dimensional points were obtained for the defined frames.
The input vector, defined as (C, V, T) was also modified. C'was equal to 3.
V was set to 39 in the case of input defined as a whole tennis player
model, 46 in case of the tennis player model with a tennis racket model
or 7 when only the tennis racket model was taken into consideration.
T was set to 14. Another difference is that the convolution operation
was implemented as a three-dimensional convolution, multiplied by
the normalized adjacency matrix on the second dimension.
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Fig. 5.6. The classifier for tennis movements recognition based on 3D data utilizing
the ST-GCN and affective features modules, based on [7]

5.2.3.Tennis strokes recognition based on a tennis player model

In total, 1150 three-dimensional files were used in this study, sepa-
rated into seven categories, as was described in 5.1.3. For the following
tennis moves data were gathered: forehand preparation phase (178),
forehand hit with racket swinging (178), backhand preparation phase
(190), backhand hit with racket swinging (190), volley forehand (125),
volley backhand (125), and no-stroke (164). Each data consists of 39
three-dimensional points that represent the movements of a tennis
player model. In each file the parts consisting of 25 frames were gath-
ered for the classification. The whole dataset was divided into 80%
(920 files) and 209% (230 files) for training and testing, respectively.
Ten tests were performed.

The classifier performance was evaluated using the following
measures: accuracy (5.6), precision (5.7), recall (5.8), and F1 score (5.9).
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The obtained results for the proposed classifier for the three-
-dimensional data of a tennis player model are gathered in Tables 5.6-5.10.

It can be observed that the ST-GCN classifier obtained better accu-
racy results for input data in the form of three-dimensional coordinates
than in the form of images (Table 5.6). The mean accuracy for all
classes exceeds 82.25%, which is satisfactory. The achieved values
are within the range 78.10-88.70%. It can be concluded that, based
on the sequence of three-dimensional data of a tennis player model,
using the ST-GCN network, it is possible to classify tennis strokes and
their phases with high accuracy. It should be emphasized that the low
value of the average standard deviation determines the stability of
the developed model.
Table 5.6. Obtained accuracy results for the ST-GCN classifier for 3D tennis player model input

for all classes
Mean Max Min +SD
82.26% 88.70% 78.10% 2.82%

Table 5.7. Obtained accuracy results for the ST-GCN classifier for 3D tennis player model input
for individual classes. FHP — Forehand Preparation Phase, FHS — Forehand Shot,
BHP - Backhand Preparation Phase, BHS — Backhand Shot, VFH - Volley Forehand,
VBH - Volley Backhand, NST - No Stroke

Class Mean Max Min +SD
FHP 78.62% 87.70% 78.30% 2.76%
FHS 77.43% 88.70% 79.00% 2.93%
BHP 84.73% 87.90% 78.10% 3.21%
BHS 83.98% 87.86% 78.63% 3.11%
VFH 86.73% 87.62% 78.89% 291%
VBH 85.80% 87.30% 78.20% 2.58%
NST 83.48% 87.40% 78.30% 2.59%

Accuracy results for individual classes are presented in Table 5.7.
The minimum results exceed 78%, while the maximum values exceed
87.29%. The best mean accuracy values are achieved for volley strokes,
both forehand and backhand. Slightly worse results are obtained for
backhand strokes, both the preparation phase, the hit with racket
swinging and the no-stroke. The worst values are for both types of
forehand strokes. It should be emphasized that the difference between
the highest (volley forehand) and the lowest (forehand hit with racket
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swinging) results is 9.3%. The mean standard deviation values do not
exceed 3.21%, which proves that the neural network is stable.

Table 5.8. Obtained precision results for the ST-GCN classifier for 3D tennis player model input
for individual classes: FHP — Forehand Preparation Phase, FHS - Forehand Shot,
BHP - Backhand Preparation Phase, BHS - Backhand Shot, VFH — Volley Forehand,
VBH - Volley Backhand, NST - No Stroke

Class Mean Max Min +SD
FHP 96.55% 97.67% 95.83% 5.45%
FHS 96.77% 97.82% 96.09% 5.09%
BHP 97.21% 98.18% 96.61% 4.68%
BHS 96.92% 97.94% 96.33% 491%
VFH 97.49% 98.16% 97.06% 3.29%
VBH 97.61% 98.32% 97.10% 3.78%
NST 97.10% 98.10% 96.51% 4.67%

The precision results for individual classes for 3D tennis player
model input data are presented in Table 5.8. As in the case of accuracy,
the highest precision values are achieved for volley strokes. Slightly
lower values are obtained for backhand strokes and no-stroke. The clas-
sification for forehand strokes obtained the lowest values, however not
lower than 96.55%. The obtained results indicate that the proposed
ST-GCN model has the ability of positive classification based on 3D
tennis player model input data.

Table 5.9. Obtained recall results for the ST-GCN classifier for 3D tennis player model input
for individual classes: FHP — Forehand Preparation Phase, FHS — Forehand Shot,
BHP - Backhand Preparation Phase, BHS - Backhand Shot, VFH - Volley Forehand,
VBH - Volley Backhand, NST - No Stroke

Class Mean Max Min +SD
FHP 96.54% 97.67% 95.95% 5.29%
FHS 97.24% 98.05% 96.62% 4.41%
BHP 96.92% 97.99% 96.24% 5.24%
BHS 97.82% 98.49% 97.33% 3.79%
VFH 99.41% 99.64% 99.21% 1.24%
VBH 97.34% 98.25% 96.84% 4.16%
NST 94.72% 96.56% 93.58% 8.88%

Recall results for individual classes for 3D tennis player model
input data are gathered in Table 5.9. The highest ability of the model to
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detect the positive tennis movements is obtained for volley forehand.
The rest classes are also received high values from 94.72% to 97.34%.

Table 5.10. Obtained F1 score results for the ST-GCN classifier for 3D tennis player model input
for individual classes: FHP — Forehand Preparation Phase, FHS - Forehand Shot,
BHP - Backhand Preparation Phase, BHS — Backhand Shot, VFH - Volley Forehand,
VBH - Volley Backhand, NST - No Stroke

Class Mean Max Min +SD
FHP 96.54% 97.64% 95.89% 5.35%
FHS 97.01% 97.93% 96.35% 4.74%
BHP 97.06% 98.09% 96.42% 4.94%
BHS 97.37% 98.22% 96.83% 4.34%
VFH 98.44% 98.81% 98.17% 1.75%
VBH 97.47% 98.29% 96.97% 3.91%
NST 95.89% 97.32% 95.02% 6.81%

The results for the F1 score for individual classes for 3D silhouette
input data are presented in Table 5.10. The obtained values indicate that
the proposed model is very well-balanced. It means that the analyzed
classifier achieves both high precision and high recall results. The mean
values are between 95.89% and 98.44%. The classifier obtains minimum
F1 scores exceeding 95%. The two highest mean F1 scores, 98.44% and
97.47%, are obtained for volley strokes. The remaining classes have
slightly worse results but on the same level. The lowest value reached
is for no-stroke movement.

The confusion matrix is depicted in Fig. 5.7. Misclassifications in
the matrix have low value, up to 4.00%, as is the case with the classifi-
cation of tennis movements based on images. It proves that the model
achieves high performance.

The forehand preparation phase was most often confused with
the first phase of the backhand stroke and with the forehand stroke
itself. It was misclassified with the preparation phase of the same move.
The backhand preparation phase was confused with the backhand stroke
and the volley forehand, while the backhand stroke with the forehand
move and the backhand preparation phase. Both types of volleys were
confused with no-stroke. However, the latter one was misclassified with
the backhand preparation phase in most cases.
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Fig. 5.7. Confusion matrix (in%) for tennis movement classification for the ST-GCN model for
3D tennis player model input data FHP - Forehand Preparation Phase, FHS — Forehand Shot,
BHP - Backhand Preparation Phase, BHS — Backhand Shot, VFH - Volley Forehand, VBH - Volley
Backhand, NST - No Stroke

All incorrect classifications result from the fact that the end of
the preparation phase and the beginning of the actual forehand and
backhand stroke do not have a fixed boundary. Some strokes are also
misrecognized due to stroke data performed by both right - and left-
handed tennis players.
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Fig. 5.8. Learning accuracy for the ST-GCN classifier for 3D tennis player model input data
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Loss function
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Fig. 5.9. Loss function for the ST-GCN classifier for 3D tennis player model input data

The learning parameters for the ST-GCN model for 3D silhouette
input data are presented in Fig. 5.8 and 5.9. It can be noticed that
reaching 140 epochs is enough to reach satisfactory accuracy and loss
value. This model reaches high performance.

5.2.4. Tennis strokes recognition based on a tennis racket model

In total, 1150 three-dimensional data were used in this study, separated
into seven categories, as was described in 5.1.3. Each data consists of
7 three-dimensional points that represent the movements of a tennis
racket. The whole dataset was divided into 80% and 20% for training
and testing, respectively. Ten tests were performed. Classifier perfor-
mance was evaluated using the following measures: accuracy (5.6),
precision (5.7), recall (5.8), and F1 score (5.9).

Table 5.11. Obtained accuracy results for the ST-GCN classifier for 3D racket model input for

all classes
Mean Max Min +SD
76.75% 81.91% 70.21% 13.45%
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The obtained results for the proposed classifier for three-dimen-
sional data of a tennis racket are gathered in Tables 5.1-5.15. It can be
stated that the ST-GCN classifier obtained lower accuracy results for
input data in the form of three-dimensional coordinates for a tennis
racket model than for images or for 3D data of a tennis player model
(Table 5.11). The mean accuracy is equal to 76.75%. The range of
the obtained values, 70.21-81.91%, proves that the model performs
well. The standard deviation is higher than for other input data and
thus this model has less stability.

Table 5.12. Obtained accuracy results for the ST-GCN classifier for 3D tennis racket model input
data for individual classes: FHP — Forehand Preparation Phase, FHS - Forehand Shot,
BHP - Backhand Preparation Phase, BHS - Backhand Shot, VFH - Volley Forehand,
VBH - Volley Backhand, NST - No Stroke

Class Mean Max Min +SD
FHP 72.03% 81.19% 70.21% 9.11%
FHS 70.60% 81.75% 71.56% 5.99%
BHP 79.81% 81.91% 70.90% 8.08%
BHS 78.93% 81.58% 70.29% 5.28%
VFH 82.49% 81.77% 70.53% 9.85%
VBH 81.12% 81.59% 70.94% 11.75%
NST 77.11% 81.51% 7331% 7.35%

Accuracy results for individual classes for 3D tennis input data
are presented in Table 5.12. The minimum results exceed 70%, while
the maximum values exceed 81%. The best mean accuracy values
were achieved for volley strokes, both forehand and backhand, 82.49%
and 81.129%, respectively. Slightly worse results were obtained for
backhand strokes, both the preparation phase and the hit with racket
swinging and for no-stroke. The worst values are for both types of
forehand strokes, 72.03% and 72.03%. It should be emphasized that
the difference between the highest and the lowest results is 11.89%.
The mean standard deviation values do not exceed 11.75%, which
prove that the neural network is stable.
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Table 5.13. Obtained precision results for the ST-GCN classifier for 3D tennis racket model input
data for individual classes: FHP — Forehand Preparation Phase, FHS - Forehand Shot,
BHP - Backhand Preparation Phase, BHS - Backhand Shot, VFH - Volley Forehand,
VBH - Volley Backhand, NST - No Stroke

Class Mean Max Min +SD
FHP 77.16% 82.53% 71.48% 8.21%
FHS 75.89% 81.38% 70.11% 9.24%
BHP 83.62% 87.45% 79.48% 8.18%
BHS 82.91% 86.93% 78.62% 9.02%
VFH 85.70% 88.64% 82.18% 8.88%
VBH 84.79% 88.41% 80.77% 6.95%
NST 81.34% 85.56% 76.74% 9.07%

Precision results for individual classes for 3D tennis racket model
input data are presented in Table 5.13. As in the case of accuracy,
the highest precision values are achieved for volley strokes. Slightly lower
values are obtained for backhand strokes and no-stroke. The classification
for forehand strokes obtained the lowest values, however not lower than
77.16%. The obtained results, the mean ranging from 77.16% to 85.70%,
indicate that the proposed ST-GCN model can be relied upon for positive
classification based on 3D tennis racket model input data.

Table 5.14. Obtained recall results for the ST-GCN classifier for 3D tennis racket model input
data for individual classes: FHP — Forehand Preparation Phase, FHS - Forehand Shot,
BHP - Backhand Preparation Phase, BHS — Backhand Shot, VFH - Volley Forehand,
VBH - Volley Backhand, NST - No Stroke

Class Mean Max Min +SD
FHP 90.52% 92.56% 87.66% 7.22%
FHS 81.77% 86.02% 77.05% 11.89%
BHP 79.61% 84.47% 74.65% 9.37%
BHS 80.01% 84.54% 75.03% 10.13%
VFH 79.06% 83.17% 74.42% 9.82%
VBH 80.23% 84.76% 75.22% 8.11%
NST 80.70% 85.50% 75.76% 10.61%

Recall results for individual classes for 3D tennis input data are
gathered in Table 5.14. The highest ability of the model to detect
the positive tennis movements, 90.52%, is obtained for the forehand
preparation phase. The remaining classes also received high values,
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from 79.06.% to 81.77%. The obtained values, however, are lower
than recall results for images and 3D tennis player model input data.
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Fig. 5.10. Confusion matrix (in%) for tennis movement classification for the ST-GCN model for
3D tennis racket model input data: FHP - Forehand Preparation Phase, FHS - Forehand Shot,
BHP - Backhand Preparation Phase, BHS - Backhand Shot, VFH - Volley Forehand, VBH - Volley
Backhand, NST - No Stroke

Table 5.15. Obtained F1 score results for the ST-GCN classifier for 3D tennis racket model input
data for individual classes: FHP — Forehand Preparation Phase, FHS - Forehand Shot,
BHP - Backhand Preparation Phase, BHS - Backhand Shot, VFH - Volley Forehand,
VBH - Volley Backhand, NST - No Stroke

Class Mean Max Min +SD
FHP 83.29% 87.12% 78.75% 9.53%
FHS 78.72% 83.60% 73.45% 8.86%
BHP 81.57% 85.93% 76.99% 8.09%
BHS 81.44% 85.70% 76.78% 9.15%
VFH 82.24% 85.82% 78.11% 7.22%
VBH 82.44% 86.54% 77.93% 8.30%
NST 81.02% 85.53% 76.25% 9.66%

Results for F1 score for individual classes for 3D tennis racket
model input data are presented in Table 5.15. The obtained values
indicate that the proposed model is well-balanced. It means that
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the analyzed classifier achieves both high precision and high recall
results. The mean values are between 81.02% and 83.29%. The clas-
sifier obtains minimum F1 scores exceeding 73%.
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Fig. 5.11. Learning accuracy for the ST-GCN classifier for 3D tennis racket model input data

The three highest mean F1 scores, 83.29%, 82.44%, and 82.24%,
are obtained for the forehand preparation phase and for both types of
volley strokes. The remaining classes have slightly worse results but
are on the same level. The lowest value reached is for forehand stroke.
It must be emphasized that these results are lower than for image and
3D tennis player model input data.

The confusion matrix for 3D tennis racket input data is presented
in Fig. 5.10. The highest level of misclassification is 5.20 when
the forehand preparation phase was confused with the next phase
of that tennis move. Similarly, to the ST-GCN classifier for other
input data types, the forehand and the backhand stroke phases were
confused, as well as the volley movements with each other. The same
situation can be observed for the forehand, the backhand phases
and the no-stroke moves. However, the percentages are small, but
higher than in case of input data represented as images or 3D data of
the tennis player model.

The learning parameters for the ST-GCN model for 3D tennis
racket model input data are presented in Fig. 5.11 and 5.12. It can
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be noticed that reaching 140 epochs is enough to reach satisfactory
accuracy and loss value, similarly to as the ST-GCN for other input
data types.

Loss function
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Fig. 5.12. Loss function for the ST-GCN classifier for 3D tennis racket model input data

Based on the data obtained, it can be concluded that the use of
the tennis racket model alone as the input data in the ST-GCN classi-
fier allows for lower recognition of tennis movements than in case of
images or the 3D tennis player model input data.

5.2.5. Tennis strokes recognition based on a combined tennis
player and racket model

In total, 1150 three-dimensional data were used in this study, separated
into seven categories, as was described in 5.1.3. Each data consists of
39 three-dimensional points that represent the movements of a tennis
player model and an additional 7 points for tennis racket moves.
The whole dataset was divided into 80% and 20% for training and
testing, respectively. Ten tests were performed. Classifier performance
was evaluated using the following measures: accuracy (5.6), precision
(5.7), recall (5.8), and F1 score (5.9).
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Table 5.16. Obtained accuracy results for the ST-GCN classifier for 3D tennis player model with
tennis racket model input for all classes

Mean Max Min +SD
83.52% 88.91% 79.10% 9.82%

Obtained results for the proposed classifier for the three-dimen-
sional data of a tennis player model with a tennis racket model are
gathered in Tables 5.16-5.5.20.

The ST-GCN classifier obtained better accuracy results for input
data in the form of three-dimensional coordinates for both a tennis
player model and a racket model, which results are higher in compari-
son to other input types (see Tables 5.1, 5.6, 5.11, and 5.16). The values
for accuracy range from 79.10% to 88.91%, which means that three-di-
mensional data with the combined models are the most adequate for
classification purposes. Moreover, in this case, the model is stable as
evidenced by the low value of the standard deviation.

Table 5.17. Obtained accuracy results for the ST-GCN classifier for 3D tennis player model and
tennis racket model input data for individual classes: FHP — Forehand Preparation
Phase, FHS - Forehand Shot, BHP — Backhand Preparation Phase, BHS - Backhand
Shot, VFH - Volley Forehand, VBH - Volley Backhand, NST — No Stroke

Class Mean Max Min +SD
FHP 81.36% 88.91% 79.10% 8.31%
FHS 80.29% 88.10% 80.30% 7.55%
BHP 86.71% 88.90% 79.11% 10.22%
BHS 86.10% 88.30% 79.45% 11.38%
VFH 88.14% 88.81% 79.38% 9.42%
VBH 87.66% 88.55% 79.43% 7.14%
NST 84.78% 88.90% 79.15% 8.04%

Accuracy results for individual classes for 3D combined input data
are presented in Table 5.17. These values are the highest compared
to other types of input data, both for the mean (80.29-88.14%),
the minimum (79.10-80.30%) and the maximum (88.10-88.91%) values.
As in the case of the previous results (Table 5.2, 5.7), the highest values
were obtained for volley strokes, and then for both phases of the back-
hand, no-stroke, and both phases of the forehand moves, respectively.
The mean standard deviation values do not exceed 11.38%, which
prove that the ST-GCN model is stable.
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Table 5.18. Obtained precision results for the ST-GCN classifier for 3D tennis player model and
tennis racket model input data for individual classes: FHP — Forehand Preparation
Phase, FHS - Forehand Shot, BHP - Backhand Preparation Phase, BHS - Backhand
Shot, VFH - Volley Forehand, VBH - Volley Backhand, NST - No Stroke

Class Mean Max Min +SD
FHP 84.05% 89.07% 79.32% 8.44%
FHS 83.11% 88.24% 78.37% 9.42%
BHP 88.68 % 92.17% 85.32% 9.56%
BHS 88.07% 91.83% 84.74% 10.32%
VFH 89.60% 92.27% 87.13% 6.43%
VBH 89.39% 92.25% 86.44% 8.82%
NST 86.94% 90.87% 83.16% 11.21%

Precision results for individual classes for 3D combined input data
are presented in Table 5.18. Precision results are also higher for this
type of data than for other input types. The distribution of the received
results, starting with the highest values, is the same as for accuracy.
The obtained mean results, ranging from 83.11% to 89.60%, indicate
that the proposed ST-GCN model is reliable for positive classification
based on a 3D tennis player model with tennis racket model input data.

Table 5.19. Obtained Recall results for the ST-GCN classifier for 3D tennis player model and
tennis racket model input data for individual classes: FHP — Forehand Preparation
Phase, FHS - Forehand Shot, BHP — Backhand Preparation Phase, BHS — Backhand
Shot, VFH - Volley Forehand, VBH - Volley Backhand, NST - No Stroke

Class Mean Max Min +SD
FHP 93.36% 95.31% 91.64% 8.67%
FHS 87.45% 91.41% 83.82% 5.76%
BHP 85.73% 90.17% 81.50% 9.83%
BHS 86.09% 90.47% 82.10% 10.23%
VFH 84.45% 88.43% 81.06% 11.26%
VBH 86.05% 89.80% 82.14% 9.32%
NST 86.59% 90.70% 82.58% 8.27%

Recall results for individual classes for 3D combined input data
are gathered in Table 5.19. The highest ability of the model to detect
the positive tennis movements, 93.36%, is obtained for the forehand
preparation phase, as in the case previously for other types of input.
The remaining classes are also received high values, reaching from
84.45% to 87.45%. Obtained values are higher than recall results for
images, 3D tennis player model, and 3D tennis racket model input data.
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Table 5.20. Obtained F1 score results for the ST-GCN classifier for 3D tennis player model and
tennis racket model input data for individual classes: FHP — Forehand Preparation
Phase, FHS - Forehand Shot, BHP - Backhand Preparation Phase, BHS - Backhand
Shot, VFH - Volley Forehand, VBH - Volley Backhand, NST - No Stroke

Class Mean Max Min +SD
FHP 88.45% 92.08% 85.04% 8.75%
FHS 85.22% 89.78% 81.00% 7.83%
BHP 87.18% 91.16% 83.37% 9.46%
BHS 87.07% 91.14% 83.40% 9.78%
VFH 86.94% 90.28% 83.99% 8.36%
VBH 87.69% 91.00% 84.23% 7.59%
NST 86.76% 90.79% 82.87% 9.78%

Results for F1 score for individual classes for 3D silhouette with
tennis racket input data are presented in Table 5.20. Obtained values
indicate that the proposed model is well-balanced. The mean values
were between 85.22% and 88.45%. The classifier obtained minimum
F1 scores exceeding 80%. The results were higher than for image and
3D racket model input types, however lower than for 3D tennis player
model data.

The four highest mean F1 scores, 88.45%, 87.69%, 87.18%, and
87.07% were obtained for the forehand preparation phase, the volley
backhand, and both phases of the backhand move. The remaining
classes have slightly worse results but on the same level. The lowest
value reached is for the forehand stroke. It must be emphasized that
these results are lower than for image and 3D tennis player model
input data, however higher than for 3D tennis racket model input data.

The confusion matrix for 3D combined input data is presented in
Fig. 5.13. Similarly, to earlier confusion matrices, the forehand and
backhand phases were confused with each other. The backhand move is
also misclassified with the forehand. Volley strokes are confused with
each other and the backhand. No-stroke was most often misclassified
with both volleys and the backhand stroke. It must be emphasized that
confused values are very low, up to 3.49%.
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Fig. 5.13. Confusion matrix (in%) for tennis movement classification for the ST-GCN for 3D
tennis player model and tennis racket model input data: FHP — Forehand Preparation Phase,
FHS - Forehand Shot, BHP — Backhand Preparation Phase, BHS — Backhand Shot,

VFH - Volley Forehand, VBH - Volley Backhand, NST - No Stroke
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Fig. 5.14. Learning accuracy for the ST-GCN classifier for 3D tennis player model and tennis
racket model input data
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Fig. 5.15. Loss function for the ST-GCN classifier for 3D combined input data

The learning parameters for the ST-GCN model for the 3D tennis
player model with tennis racket model input data are presented in
Fig. 5.14, 5.15. It can be noticed that reaching 140 epochs is enough
to reach satisfactory accuracy and loss value, similarly to the ST-GCN
classifier for other input data types.

5.3. Classification utilizing fuzzification of input data

Analyzing the results obtained for the ST-GCN classifier in Sections 5.1
and 5.2, it can be noticed that one of the main problems is confusing
the end of the preparation phase of backhand and forehand strokes
with the actual hit together with racket swinging. Due to the lack of
clearly defined boundaries, it was decided to verify how the fuzzifi-
cation of the input data will affect the quality of tennis stroke classi-
fication.

Definition 5.1.

A fuzzy subset of a non-empty set f is a mapping o : f; — [0,1] which
assigns to each element zin f, a degree of membership, 0 < o(z) < 1 [85].
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Definition 5.2.

A fuzzy relation on f is a fuzzy subset of fs X fs. A fuzzy relation n X
on fs is a fuzzy relation on the fuzzy subset o, if nfs(a?, y) < o(w)Aa(y s
for all z,y from f and A stands for the minimum. A fuzzy relation n Is
on f, is said to be symmetric if nfs(a:, y)= nfs(y,m) for x,y € fs [85].

Definition 5.3.

A fuzzy graph is a pair G: (o, nfs) where o is a fuzzy subset of [, My is
a symmetric fuzzy relation on ¢ [85].

Definition 5.4.
(0', 77st) is a fuzzy subgraph of (o, nfs) if o/ C o and ﬂfs' C nfs that is if
o'(nss) < o'(nys) for every my, € fs and 7y, ()< ny, (e) [85].

The fuzzy approach is widely utilized in many fields of study,
such as data analysis, decision making and classification purposes
[86][87]1[88]. In order to model “uncertain” phenomena, fuzzy logic
for the proposed the ST-GCN solution is applied [89]. This attitude
allows for imitating the way in which the environment is perceived.
Sharp boundaries between the analyzing sets are blurred. The process
of fuzzification as well as defuzzification transforms sets from one
state to another.

Membership functions are crucial parts of fuzzy models, because
they define their behavior by assigning to an object a grade in
the range between zero and one [90][91]. The higher the value that
is obtained the higher the degree of membership is achieved. Deter-
mining the proper membership function influences the fuzzification
process. Different types of membership functions are applied, such
as: linear, exponential, piecewise linear, S-curve or hyperbolic [86].
Among them, the triangular and trapezoidal functions are the most
often used [90]. They are both easy to apply and not computationally
expensive. Although the trapezoidal function is more computationally
complex compared to the triangular one, the obtained classification
performance is higher [92]. The trapezoidal function is also stated to
be more reliable than the triangular one [93]. Taking into the consider-
ation the above-mentioned issues, in this study the following member-
ships functions are applied (Fig. 5.16):
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Nrss(z) ££, b<z<d (5.10)
17 r<b
Oa r<a

nrss(z) 2, a<z<c (5.11)
]-a T >cC

where a, b, ¢, d are parameters of the trapezoidal function and
a<b<c<d

¥

Fig. 5.16. Memberships functions

The input fuzzification was performed in the Matlab environment.

This process was done for forehand, backhand and volley strokes sepa-
rately. The following steps were included:

1.

2.
3.
4

b

© 0 N O

Prepare datasets for fuzzification.

Start Fuzzy Logic Designer.

Choose Mamdani Type-1 as a template for Fuzzy Inference System.
Define two trapezoidal membership functions. Generate the rules
automatically.

Set parameters (a = 0.2, b = 0.4, ¢ = 0.6, d = 0.8) and ranges for
each function.

Loading the input data.

Define output.

Run the fuzzification process.

Export fuzzified data.
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As the results, two new datasets were obtained for which the input
data have been assigned. The fuzzification process does not influence
the network structure. The number of elements in the data subsets
could be modified.

The results for accuracy for all classes for the ST-GCN with fuzzi-
fication of input are gathered in Table 5.21. It must be emphasized
that adding fuzzification improves the mean accuracy of the ST-GCN
classifier, for image input by 3,06%, for 3D tennis player model by
2,88%, for 3D tennis racket model by 1,51%, and for 3D combined
data by 2,39%. The highest values are obtained for input represented
by the 3D tennis player model with tennis racket, and the lowest for
3D tennis racket model.

Table 5.21. Obtained accuracy results for the ST-GCN classifier for input fuzzification for all classes

Input type Mean Max Min +SD
image 84.63% 89.89% 79.12% 8.23%
3D silhouette 85.14% 94.45% 78.18% 6.51%
3D racket 78.26% 82.31% 72.79% 9.02%
3D silhouette with racket 85.91% 94.38% 77.52% 6.93%
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Fig. 5.17. Obtained Accuracy results for the ST-GCN classifier for image input fuzzification
for successive classes
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Fig. 5.18. Obtained Accuracy results for the ST-GCN classifier for 3D tennis player model input
fuzzification for successive classes
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Fig. 5.19. Obtained Accuracy results for the ST-GCN classifier for 3D tennis racket model input
fuzzification for successive classes
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Fig. 5.20. Obtained Accuracy results for the ST-GCN classifier for 3D tennis player and racket
model input fuzzification for successive classes

The results for accuracy for all tennis moves (classes) for
the ST-GCN with fuzzification of various input types are presented in
Fig. 5.17-5.20. For each type of input the applying the fuzzifica-
tion caused an improvement of the ST-GCN accuracy. For the input
represented in the form of image, accuracy was improved, ranging
from 0.2% to 0.64%. Tennis movements in which classification was
improved the most were the forehand preparation phase, no-stroke
and the backhand preparation phase, by 0.64%, 0.54% and 0.49%,
respectively. Volleys were improved by approximately 0.4%. The lowest
improvement was registered for the forehand and the backhand hits
with racket swinging.

Regarding 3D point inputs for the tennis player model, the improve-
ment was more significant, going from 1.89% to 4.05%. In this case,
the largest increase in accuracy was recorded for both phases of
the forehand move, by 4.05% and 3.79% for the preparation phase and
the hit together with racket swinging phase, respectively. Accuracy of
the preparation phase of the backhand stroke was improved by 2.75%,
volley backhand moves by 2.51%, and no-stroke by 2.14%. The lowest
improvement was achieved for the backhand and volley forehand strokes
by 1.83% and 1.99%, respectively.
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Taking into account input data from three-dimensional points of
a tennis racket, accuracy improvements were obtained from 0.82%
for the volley forehand to 1.28% for the forehand hit with racket
swinging. Moreover, an improvement of over 1% was obtained for
the forehand preparation phase - 1.17% and for no-stroke - 1.08%.
The lowest improvement values were registered for both backhand
phases by 0.93%, 0.9%, respectively.

In the case of three-dimensional data representing a tennis player
model with a tennis racket, accuracy improvements were achieved from
0.75% to 1.46%. The forehand hit and its preparation phase reached
the highest improvements, of 1.46% and 1.43%, respectively. Improve-
ments at the same level were obtained for the backhand hit, the back-
hand preparation phase, and no-stroke, by 1.14%, 1,08%, and 1.10%,
respectively.

100%

90% P E $ ¢ §

80% % %
70%
60%
50%

® Mean

40%
30%
20%
10%

0%

FHP FHS BHP BHS VFH VBH NST

Fig. 5.21. Obtained Precision results for the ST-GCN classifier for image input fuzzification for
successive classes

Results for precision for all classes for the ST-GCN with fuzzifi-
cation of various input types are presented in Fig. 5.21, 5.24. These
obtained results show that the ability of positive classification for
the proposed neural network was improved for the following input
type: image - ranging from 1.16% to 2.30%, 3D tennis racket -
from 0.95% to 1.54%, and 3D tennis player model with tennis
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racket - from 1.41% to 2.63%. In each case, the forehand move was
the best improved. However, the precision results were worsened for
3D tennis player model input, up to 12.04%.
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Fig. 5.22. Obtained Precision results for the ST-GCN classifier for 3D tennis player model input
fuzzification for successive classes
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Fig. 5.23. Obtained Precision results for the ST-GCN classifier for 3D tennis racket model input
fuzzification for successive classes
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Fig. 5.24. Obtained Precision results for the ST-GCN classifier 3D tennis player and racket
model input fuzzification for successive classes
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Fig. 5.25. Obtained Recall results for the ST-GCN classifier for image input fuzzification for
successive classes
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Fig. 5.26. Obtained Recall results for the ST-GCN classifier for 3D tennis player model input
fuzzification for successive classes
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Fig. 5.27. Obtained Recall results for the ST-GCN classifier for 3D tennis racket model input
fuzzification for successive classes
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Fig. 5.28. Obtained Recall results for the ST-GCN classifier for 3D tennis player and racket
model input fuzzification for successive classes

Results for recall for all classes for the ST-GCN with fuzzifica-
tion of various input types are presented in Fig. 5.25-5.28. The recall
results were improved for the following input data types: images,
ranging from 0.99% to 1.99%, 3D tennis racket model ranging from
0.419% to 1.40%, and 3D tennis player model with a tennis racket -
from 1.09% to 2.18%. The highest improvements were obtained for
backhand movements. As in the case of precision results, the fuzzifi-
cation process did not improve the classification for 3D tennis player
model data.
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Fig. 5.29. Obtained F1 score results for the ST-GCN classifier for image input fuzzification for
successive classes
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Fig. 5.30. Obtained F1 score results for the ST-GCN classifier for 3D tennis player model input
fuzzification for successive classes
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Fig. 5.31. Obtained F1 score results for the ST-GCN classifier for 3D tennis racket model input
fuzzification for successive classes
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Fig. 5.32. Obtained F1 score results for the ST-GCN classifier for 3D tennis player and racket
model input fuzzification for successive classes

The F1 score results for all classes for the ST-GCN with fuzzifi-
cation of various input types are presented in Fig. 5.29-5.32. Similar
to the precision and recall results, fuzzification improved the effec-
tiveness of the ST-GCN classifier for all types of input data except
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for the three-dimensional data of the tennis player model. The F1
score improvement was from 1.08% to 2.30%. The highest result was
obtained for 3D tennis player model and tennis racket model data. Both
phases of the forehand, the backhand, as well as no-stroke achieved
the most dramatic improvement.
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Fig. 5.33. Confusion (in%) for tennis movement the ST-GCN classification with fuzzification for
various motion capture input data: FHP - Forehand Preparation Phase, FHS - Forehand Shot,
BHP - Backhand Preparation Phase, BHS - Backhand Shot, VFH - Volley Forehand, VBH - Volley
Backhand, NST - No Stroke

Confusion matrices for the ST-GCN classifier with fuzzification for
various input data are presented in Fig. 5.33. Similar to results without
fuzzification, the same moves were misclassified. However, the values of

104



the confused classification decreased, which proves that the input fuzzifi-
cation process improves the effectiveness of tennis movement recognition.
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Fig. 5.34. Learning parameters for the ST-GCN classifier with fuzzification for image input data
a) accuracy, b) loss function

The learning parameters for the ST-GCN with fuzzification process
for various input data are presented in Fig. 5.34-5.37. They all vary
in the shapes of their functions. However, they reached 140 epochs,
which are sufficient to obtain a stable model.
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Fig. 5.35. Learning parameters for the ST-GCN classifier with fuzzification for 3D tennis player
model input data a) accuracy, b) loss function
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Fig. 5.36. Learning parameters for the ST-GCN classifier with fuzzification for 3D tennis racket
model input data a) accuracy, b) loss function
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Fig. 5.37.Learning parameters for the ST-GCN classifier with fuzzification for 3D tennis player
model and tennis racket model input data a) accuracy, b) loss function

Based on the obtained results, one can conclude that the fuzzifi-
cation process improves the ST-GCN classifier performance.
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Attention Temporal Graph
Convolutional Networks for tennis 6
movements recognition

The Attention Temporal Graph Convolutional Network (A3T-GCN) is
the second proposed classifier dedicated to tennis movements recog-
nition [94]. In this approach an attention module is applied for indi-
cating relevant information for classification. Data gathered from
the 3DTennisDS are inputted to the proposed solution. Two types
of classification are considered: image-based and 3D-based. In both
cases data are prepared as described in 5.1.1 and 5.2.1 for image and
three-dimensional data, respectively.

6.1. Image-based classification

6.1.1. A3T-GCN classifier

The structure of the A3T-GCN is presented in Fig. 6.1. It consists of five
elements: input, spatial components, temporal components, attention
model, and finally a classification part.

As it was presented in 5.1.1 section, from the sequences of images
representing the tennis player model holding a tennis racket, an input is
specified. Three phases of a specific tennis movement were considered.
Based on 2D data the spatial temporal graph was generated with nodes
and the edges corresponding to time representation. The graph G = (V, E)
consist of N nodes and their change in time. The set of nodes were given
as eq. 4.36. The GCN was applied to indicate the spatial features from
motion capture data. A Fourier filter was utilized to determine the spatial
relationships, according to eq. 4.31. In this approach the 3-layer GCN model
was applied, as identified in [94]:

109



F(X,A) = U(AReLu ( (AXWO) AXWl) W2) (6.1)

1 1

—s ~———

where o stands for Softmax function, A=D A D ° is pre-pro-
cessing step, W, € RF*H denotes weight matrix from input layer to
hidden one, while P corresponds to length of the feature matrix, and
H to hidden unit numbers. Wy, W, € REXT denote weight metrices
from hidden to output layer. The output is f(X,A4) € RY? where T
corresponds to output length and N to the number of nodes.

For determining temporal features the Gated Recurrent Unit (GRU)
model was applied, which is the improved version of the RNN. The GRU
calculates the information about a tennis player in ¢ time taking into
consideration phases of the strokes specified in time #-1 and ¢-2. Data
about previous stroke phases are essential for indicating a tennis player
position in current time. Temporal dependence is obtained.

The structure of the GRU is defined as follow [95][96]:

up = o(Wy * [X¢, hie1] + by) (6.2)
ry = o(W, * [X¢, he—1] + br) (6.3)
ci = tanh(W, [ Xy, (ry x hy_1)] + be) (6.4)
ht =wugxhi—q + (1 — uy) * ¢ (6.5)

where u, and r, stand for the update gate and reset gate, respectively.
c,denotes the memory context, A, , - the hidden state at time ¢-1, h, is
the output state at the current time, and X, is the current information
about the tennis player’s posture. In this case the reset gate output is
equal to zero, the information from the previous moment is skipped
over. Otherwise, the information is considered essential data for
the next moment of the stroke. The update gate indicates how much
information from the previous time moments have to be transformed
into current ones. This gate is dedicated to controlling the state infor-
mation quantity.
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Fig. 6.1. A3T-GCN structure for image input [94]

The attention model applied in the A3T-GCN is a soft one. It is
implemented as an encoder-decoder. This model is used for indicat-
ing the essential information of tennis movement at every moment.
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As a result, a context vector is obtained, whose function is to foresee
the future of the tennis player’s positions. The attention module incor-
porates several stages. First, the hidden states i, = (i = 1,2, ...n) of
the time series given by states X, = (i = 1,2, ...n) at various moments
are determined utilizing RNN, where n is the length of the series.
Then, the output of the RNN is expressed as H = hy, h,, ..., h . Finally,
the context vector (C) is calculated.

Output is determined based on two hidden layers, whose weights
are specified by the Softmax function [96]:

e = wiy) (wn H + b)) + bey (66)
o — e 67)
L Yy exp(er) '
Co=> aixh (6.8)
i=1
where wy, by, W,y by denote the weights and the biases for

the first and the second layer, respectively.

The final classification process was performed using the two-layer
Multilayer perceptron. The Softmax function was applied as an activa-
tion function of neuron in the first layer and consisted of one element.
The second layer has seven neurons that correspond to the final
classes of the tennis movements. This linear function was applied for
the activation process.

Although GCNs have been widely applied with great success in many
fields, their weakness is in revealing features that correspond to their
neighbors. As a result, this type of neural network is not able to express
the long-range dependencies in graphs, which are crucial for differen-
tiating tennis strokes. Volley forehand movements are similar to some
part of the forehand moves. The same is for volley backhand strokes
and backhand movements. In order to eliminate the abovementioned
difficulties, while designing the A3T-GCN structure for tennis movement
recognition, the soft attention mechanism is proposed in which continu-
ous weights are assigned. The main motivation is to capture the internal
dependencies of nodes.
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6.1.2.Tennis stroke recognition

The methodology of this study is the same as described in 5.1.3.
The performance of the A3T-GCN was verified using accuracy, precision,
recall, and F1 score measures (eq. 5.6-5.9).

The mean accuracy for the A3T-GCN classifier for all classes is
presented in Table 6.1.

Table 6.1. Obtained accuracy results for the A3T-GCN classifier for all classes
Mean Max Min +SD
86.12% 88.70% 80.10% 2.69%

The obtained mean accuracy is 4.55% higher compared to the mean
accuracy received for ST-GCN classifier. The proposed model is also
more stable, as evidenced by almost as twice as low as the standard
deviation value. The implementation of the attention model improved
classification performance for the image input.

Accuracy results for the A3T-GCN classifier for all classes are
gathered in Table 6.2.

Table 6.2.0btained accuracy results for the A3T-GCN classifier for all classes

Class Mean Max Min +SD
FHP 85.34% 88.70% 80.11% 6.89%
FHS 84.31% 89.11% 81.80% 4.29%
BHP 88.00% 89.56% 80.44% 4.67%
BHS 88.40% 89.09% 80.10% 5.96%
VFH 88.71% 90.24% 81.40% 9.61%
VBH 88.90% 90.20% 80.59% 5.46%
NST 87.87% 88.84% 81.83% 9.21%

The obtained accuracy results for all classes are about 5% higher than
the Accuracy values calculated for the ST-GCN. For the A3T-GCN the mean
outcomes are between 85.349% and 90.24%, while the maximum ones
between 88.70% and 90.24%. Precision results for the A3T-GCN classifier
for all classes are presented in Table 6.3.
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Table 6.3. Obtained precision results for the A3T-GCN classifier for all classes

Class Mean Max Min +SD
FHP 84.47% 87.84% 80.89% 6.59%
FHS 83.59% 87.09% 79.71% 6.49%
BHP 88.98% 91.48% 86.38% 6.43%
BHS 88.48% 90.96% 85.65% 6.39%
VFH 89.81% 91.66% 87.85% 6.33%
VBH 89.61% 91.63% 87.32% 6.43%
NST 87.28% 89.96% 84.17% 6.39%

These values are also about 2% higher than ST-GCN preci-
sion results. The model’s ability to achieve positive classification is
the best for the volley forehand and the backhand. Slightly less ability
is achieved for no-stroke. The least values are obtained for both phases
of the forehand. It should be indicated that mean precision calculations
are very satisfactory, ranging between 83.59% and 89.81%.

Recall results for the A3T-GCN classifier for all classes are gath-
ered in Table 6.4. They also exceed recall results for the ST-GCN model.
The highest results were obtained for the forehand movements. Slightly
lower values were for no-stroke, the volley backhand and for the back-
hand moves. The lowest recall results were for the volley forehand.
However, the values are very high, reaching from 84.72% to 93.55%.

Table 6.4. Obtained recall results for the A3T-GCN classifier for all classes

Class Mean Max Min +SD
FHP 93.55% 95.03% 92.01% 6.55%
FHS 87.80% 90.48% 84.73% 6.51%
BHP 86.18% 89.26% 82.99% 6.38%
BHS 86.41% 89.10% 83.11% 6.52%
VFH 84.72% 87.37% 82.05% 7.41%
VBH 86.43% 88.87% 83.11% 7.85%
NST 86.97% 90.01% 83.95% 7.93%

The F1 score results for the A3T-GCN classifier for all classes are
presented in Table 6.5. The mean values range from 85.64% for the fore-
hand hit with the racket swinging up to 88.77% in the forehand prepa-
ration phase. The remaining scores are on a similar level.
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Table 6.5. Obtained F1 score results for the A3T-GCN classifier for all classes

Class Mean Max Min +SD
FHP 88.77% 91.30% 86.18% 6.57%
FHS 85.64% 88.75% 82.15% 7.25%
BHP 87.56% 90.36% 84.65% 6.74%
BHS 87.43% 90.02% 84.36% 6.86%
VFH 87.19% 89.47% 84.85% 8.23%
VBH 87.99% 90.23% 85.16% 8.24%
NST 87.13% 89.99% 84.06% 7.76%

The confusion matrix for the A3T-GCN for image input data is
depicted in Fig. 6.2. Obtained values are lower than those for the ST-GCN
model. Misclassifications are very low; they do not exceed 2.79%.

FHP EsBESZY 2.64 2.51 2.46 2.39 2.32 2.34
FHS CEECHN 2.61 2.58 2.58 2.46 2.68
BHP{ 0.25 2.00 EERsI] 2.11 2.13 1.98 1.97

BHS{0.18 2.23 Ny 2.09 2.09 2.09

True label

VFH{2.03 0.22 1.85 1.81 ElowLy 1.85 1.99

VBH{ 0.18 1.89 1.85 1.99 2.00 Elieid] 1.89

NST{ 0.26 2.44 2.48 2.32 2.31 2.32 EIRY

FHP FHS BHP BHS VFH VBH NST
Predicted label

Fig. 6.2. Confusion (in%) for tennis movement A3T-GCN classification for image input data
FHP - Forehand Preparation Phase, FHS — Forehand Shot, BHP — Backhand Preparation Phase,
BHS - Backhand Shot, VFH - Volley Forehand, VBH - Volley Backhand, NST - No Stroke

The forehand preparation phase was confused with the next phase
of this tennis move and also with the backhand preparation phase.
The forehand stroke was misleading with regard to the prepara-
tion phase of this move and with no-stroke. Similar results were
obtained for the backhand preparation phase that was confused with
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the backhand stroke and the volley forehand. The backhand hit with
racket swinging was equally misleading with the forehand stroke and
the backhand preparation phase. The volley forehand was confused
with the forehand preparation phase, while the volley backhand with
the forehand type of these tennis moves. No-stroke was the most
misclassified with both phases of backhand moves.

The learning parameters for the A3T-GCN model are presented in
Fig. 6.3 and Fig. 6.4.

Accuracy criterion

100; —— Train
— Test
80
3 60
o
35
o
< 40
20
0
0 20 40 60 80 100 120 140

Epochs
Fig. 6.3. Learning accuracy for the A3T-GCN classifier for image input data
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Fig. 6.4. Loss function for the A3T-GCN classifier for image input data
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Learning accuracy is depicted in Fig. 6.3. As it was with ST-GCN,
one can notice that reaching 140 epochs is enough to obtain satis-
factory values. Testing values exceed 80%. Learning loss function is
depicted in Fig. 6.4. Also, in this case the loss values are the lowest
after reaching 140 epochs.

Obtained results for the A3T-GCN for image-based input prove
that this classifier is also adequate for tennis movement recognition.
Moreover, this model obtained higher results than the ST-GCN solution.

6.2. 3D-based classification

6.2.1. A3T-GCN classifier

The structure of the A3T-CGN classifier for three-dimensional data is
depicted in Fig. 6.5. In comparison to Fig. 6.1, the type of input was
changed from 2D to 3D. The input data structured is the same as it
is described in 5.2.1. It must be emphasized that from the input data
the graph was created based on all markers.

6.2.2. Tennis strokes recognition based on a tennis player model

The methodology of the study is the same as described in 5.2.3.
The performance of the A3T-GCN was verified using accuracy, preci-
sion, recall, and F1 score measures (eq. 5.6-5.9).

Accuracy results for the A3T-GCN model are presented in Table 6.6.
These values are 2.71% lower than for the same network for image-
based input; however, they are 1.84% higher than for the ST-GCN
classifier for the same data type.

Table 6.6. Obtained accuracy results for the A3T-GCN classifier for all classes for 3D tennis
player model input
Mean Max Min +SD
83.41% 89.93% 78.70% 7.74%

Detailed accuracy results for the A3T-GCN model for all classes
are gathered in Table 6.7.
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Table 6.7. Obtained accuracy results for the A3T-GCN classifier for all classes for 3D tennis
player model input data

Class Mean Max Min +SD
FHP 81.52% 81.30% 70.91% 12.77%
FHS 80.40% 89.93% 70.29% 9.57%
BHP 86.87% 88.91% 78.23% 4.57%
BHS 86.18% 89.91% 80.11% 3.69%
VFH 88.21% 88.23% 82.34% 4.56%
VBH 87.79% 88.23% 83.23% 4.03%
NST 84.87% 87.34% 81.23% 3.73%

. . .' R g Inputs
oy Y
GCN GCN GCN Spatial

- - - features
| ! ! ¥
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Fig. 6.5. A3T-GCN structure for 3D input data, based on [94]
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Detailed results are also lower than those for the image-based
A3T-GCN classifier; however, they are higher than those obtained for
the ST-GCN model for the same type of input.

The average accuracy for all classes is considered in the range
of 80.40% to 88.21%. The best classification was obtained for volley
and backhand strokes. The lowest accuracy values were obtained for
the forehand, followed by no-stroke. The standard deviation values are
very low for all tennis moves. Only for the forehand groundstroke was
it between 0.57% and 12.77%. The classifier is stable and adequate
for tennis movement recognition.

Precision results for the A3T-GCN are gathered in Table 6.8.
The highest ability of positive classification was obtained for volley
moves, exceeding 89%. Slightly lower results were calculated for
the backhand and for no-stroke moves. The lowest values are for fore-
hand groundstrokes. One must notice that the lowest precision was
gained at the level of 83%.

Precision results are lower than for the same classifier for image-
based input, but higher than for the ST-GCN classifier for the same
type of data.

Table 6.8. Obtained precision results for the A3T-GCN classifier for all classes for 3D tennis
player model input data

Class Mean Max Min +SD
FHP 83.96% 88.62% 79.06% 8.57%
FHS 83.04% 87.92% 78.25% 9.26%
BHP 88.61% 91.89% 85.11% 4.29%
BHS 88.06% 91.56% 84.40% 4.24%
VFH 89.52% 92.07% 86.95% 6.54%
VBH 89.33% 92.06% 86.15% 7.67%
NST 86.83% 90.55% 82.94% 6.76%

Recall results for the A3T-GCN are shown in Table 6.9. They range
between 84.35%, for the volley forehand, and 93.37%, for the forehand
preparation phase. The calculated values are slightly lower than for
image-based input, but higher than for the ST-GCN classifier for 3D
silhouette input data.
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Table 6.9. Obtained recall results for the A3T-GCN classifier for all classes for 3D tennis player
model input data

Class Mean Max Min +SD
FHP 93.37% 95.40% 91.41% 7.02%
FHS 87.38% 90.99% 83.35% 7.28%
BHP 85.63% 89.57% 81.30% 5.21%
BHS 86.00% 90.08% 81.67% 7.43%
VFH 84.35% 88.18% 80.80% 6.26%
VBH 86.02% 89.57% 82.23% 6.95%
NST 86.47% 90.38% 82.47% 4.95%

Table 6.10. Obtained F1 score results for the A3T-GCN classifier for all classes for 3D tennis
player model input data

Class Mean Max Min +SD
FHP 88.41% 91.88% 84.79% 4.72%
FHS 85.15% 89.42% 80.72% 6.42%
BHP 87.10% 90.72% 83.16% 4.83%
BHS 87.01% 90.81% 83.01% 3.14%
VFH 86.86% 90.08% 83.76% 8.76%
VBH 87.64% 90.82% 84.14% 5.23%
NST 86.65% 90.46% 82.71% 5.35%

FHP g2¥sp4 3.34 3.30 2.99 3.15 297 2.73

FHS{ 3.42 glwede 3.24 3.27 3.17 3.19 3.32

BHP{ 0.16 2.49 E[R:yM 2.72 2.72 2.52 2.52

BHS{0.24 2.86 2.81 EMRY 2.64 2.64 2.64

True label

VFH{ 2.40 0.29 2.22 2.24 KLyl 2539

VBH{ 0.31 2.28 2.33 2.48 2.50

NST4 0.28 3.06 3.10 2.90 2.90

FHP FHS BHP BHS VFH VBH NST
Predicted label

Fig. 6.6. Confusion matrix (in%) for the tennis movement A3T-GCN classification for 3D tennis
player model input data: FHP - Forehand Preparation Phase, FHS — Forehand Shot,
BHP - Backhand Preparation Phase, BHS — Backhand Shot, VFH - Volley Forehand,
VBH - Volley Backhand, NST - No Stroke
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The F1 score results are gathered in Table 6.10. They are compara-
ble to the image-based A3T-GCN classifier; however, they are slightly
lower than those obtained using the ST-GCN classifier for 3D tennis
player model data.

The confusion matrix is depicted in Fig. 6.6. Tennis movements
were rarely misclassified and only up to 3.34%. Similar classes were
confused as was the case for the image-based input ST-GCN classifier.
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Fig. 6.7. Learning accuracy for the A3T-GCN classifier for 3D tennis player model input data
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Fig. 6.8. Loss function for the A3T-GCN classifier for 3D tennis player model input data
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Learning accuracy is depicted in Fig. 6.7. One can notice that reach-
ing 140 epochs is enough to obtain satisfactory values. Testing values
reach 80%. The learning loss function is depicted in Fig. 6.8. Also, in
this case the loss values are the lowest after reaching 140 epochs.

6.2.3. Tennis strokes recognition based on a tennis racket model

The methodology of classification of three-dimensional data repre-
sented by a tennis racket model is similar to that described in 5.2.4
section. Accuracy results for the A3T-GCN based on a 3D tennis racket
model as input is presented in Table 6.11. This input type classification
quality is slightly lower than that based on 3D tennis player model
input data and image-based recognition.

Table 6.11. Obtained accuracy results for the A3T-GCN classifier for all classes
Mean Max Min +SD
81.06% 84.99% 77.19% 9.82%

Accuracy results for 3D racket-based classification is gathered in
Table 6.12. These values are up to 9.9% lower than for image-based
and up to 5.65% for 3D tennis player model classification. However,
the 3D racket-based input A3T-GCN classifier obtained higher accu-
racy results than ST-GCN, up to 2.56%. The best classification was
achieved for the volley and backhand strokes. Slightly worse results
were obtained for no-stroke and forehand movements. The results
range from 73.16% to 84.22%. The proposed model is also stable,
which is confirmed by very low standard deviation values.

Table 6.12. Obtained accuracy results for the A3T-GCN classifier for all classes for 3D tennis
racket model input data

Class Mean Max Min +SD
FHP 74.55% 85.89% 77.42% 3.76%
FHS 73.16% 84.74% 77.25% 3.93%
BHP 81.69% 84.52% 77.19% 4.21%
BHS 80.91% 84.99% 77.53% 4.11%
VFH 84.22% 84.92% 83.23% 3.91%
VBH 82.96% 82.44% 78.77% 3.58%
NST 79.22% 81.76% 77.29% 3.59%
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Precision results are gathered in Table 6.13. They indicate a slightly
worse ability for positive classification than that based on images
(up to 3.6%) and 3D tennis player model input (up to 2.6%). However,
the A3T-GCN obtained up to 4.5% higher ability according to the ST-GCN
for 3D racket-based input. The highest results were obtained for volley
and backhand moves. The lowest ones are for the forehand ground-
strokes, followed by no-stroke movements. The values are between
80.30% and 88.25%.

Recall results are presented in Table 6.14. They are slightly lower
than those obtained for the A3T-GCN model, up to 2.82% for image-
based input, and up to 2.34% for 3D tennis player model input, respec-
tively. However, the results are higher up to 3.75% than for the ST-GCN
for the same input type.

Table 6.13. Obtained precision results for the A3T-GCN classifier for all classes for 3D tennis
racket model input data

Class Mean Max Min +SD
FHP 81.35% 85.43% 77.75% 5.45%
FHS 80.30% 84.38% 76.58% 5.09%
BHP 86.72% 89.68% 84.17% 4.68%
BHS 86.00% 89.11% 83.42% 491%
VFH 88.15% 90.22% 86.37% 3.29%
VBH 87.68% 90.32% 85.31% 3.78%
NST 84.72% 88.01% 81.86% 4.67%

The highest results were for the forehand groundstroke and
for no-stroke move. The lowest values were obtained for the volley
forehand stroke. In the middle, both the backhand groundstroke and
the volley backhand were gathered together.

Table 6.14. Obtained recall results for the A3T-GCN classifier for all classes for 3D racket input data

Class Mean Max Min +SD
FHP 92.26% 94.20% 89.83% 5.29%
FHS 85.30% 88.43% 82.30% 4.41%
BHP 83.36% 86.93% 80.17% 5.24%
BHS 83.66% 87.26% 80.40% 3.79%
VFH 82.39% 85.36% 79.91% 4.24%
VBH 83.87% 87.31% 80.67% 4.16%
NST 84.22% 87.60% 81.29% 8.88%
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The F1 scores for the A3T-GCN model are presented in Table 6.15.
They are lower up to 2.83% for image-based input and up to 2.42% for
3D tennis player model input of the same classifier. They are, however,
up to 4,01% better for the same input type according to the ST-GCN
classifier. The highest results are calculated for the forehand preparation
phase, then for volley strokes and backhand groundstrokes. The lowest
results were gathered for the forehand shot with racket swinging.

Table 6.15. Obtained F1 score results for the A3T-GCN classifier for all classes for 3D tennis
racket model input data

Class Mean Max Min +SD
FHP 86.45% 89.59% 83.99% 5.35%
FHS 82.73% 86.35% 79.33% 4.74%
BHP 85.01% 88.29% 82.12% 4.94%
BHS 84.82% 88.17% 81.88% 4.34%
VFH 85.17% 87.73% 83.02% 6.75%
VBH 85.73% 88.79% 82.93% 3.91%
NST 84.47% 87.76% 81.57% 6.81%

FHP gE%sEY 4.60 4.62 4.22 4.25 3.97 3.80

FHS14.73 EREY 4.43 4.44 437 439 4.48
BHP4{ 0.12 3.55 EaNee] 3.79 3.78 3.53 3.53

3.91 Ry 3.67

BHS{ 0.21 3.96 3167367
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VBH{ 0.14 3.28 3.32 3.53 3.50 Er®lsy 3.27

NST{ 0.26 4.21 4.28 4.01 4.01 4.01 gEl»

FHP FHS BHP BHS VFH VBH NST
Predicted label

Fig. 6.9. Confusion matrix (in%) for the tennis movement A3T-GCN classification for 3D tennis
racket model input data: FHP — Forehand Preparation Phase, FHS - Forehand Shot,
BHP - Backhand Preparation Phase, BHS - Backhand Shot, VFH - Volley Forehand,
VBH - Volley Backhand, NST - No Stroke
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The confusion matrix for the A3T-GCN for the 3D tennis racket
input is depicted in Fig. 6.9. The misclassifications are higher than
for other types of input. However, these values do not exceed 4.73%.
Similar classes were confused as they were for the 3D tennis racket
model-based input ST-GCN classifier and the 3D tennis player model-
based input A3T-GCN.
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Fig. 6.10. Learning accuracy for the A3T-GCN classifier for 3D tennis racket model input data
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Fig. 6.11. Loss function for the A3T-GCN classifier for 3D tennis racker model input data
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Learning accuracy is depicted in Fig. 6.10. One can see that
140 epochs are enough to reach satisfactory values. Testing values
reach 80%. The learning loss function is depicted in Fig. 6.11. Also,
in this case the loss values are the lowest after reaching 140 epochs.

Presented results for the A3T-GCN classifier for tennis racket
model input in the form of three-dimensional data prove that adding
the attention mechanism improve the quality of tennis motion recog-
nition in comparison to the ST-GCN model. Based on the results it can
be concluded that the same racket is not enough for obtaining high
classifier quality. The tennis player model seems to be more important.

6.2.4.Tennis strokes recognition based on a combined tennis
player and racket model

The methodology of classification of three-dimensional data repre-
sented by a tennis player model and the tennis racket model is similar
to what is described in 5.2.5 section.

Accuracy results for the A3T-GCN based on the 3D tennis player
model with a tennis racket model as input is presented in Table 6.16.
They obtained the highest results for all analyzed inputs for the A3T-GCN.

Table 6.16. Obtained Accuracy results for the A3T-GCN classifier for all classes
Mean Max Min +SD
89.45% 93.23% 85.23% 4.12%

Detailed accuracy results for combined input as three-dimensional
data represented by a tennis player model together with a tennis racket
model are gathered in Table 6.17. These values are highest according
to other input data types. They are up to 2.46%, 6.37%, 13.61% higher
for image-based input, 3D tennis player model input, and 3D tennis
racket model input, respectively. The A3T-GCN is up to 6.48% more
effective than the ST-GCN for the same input type.

The best classification, exceeding 90%, was obtained for volley
and backhand strokes; however, the lowest was for forehand ground-
strokes, between 86.77% and 87.58%. The no-stroke move also has
very high accuracy.
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Table 6.17. Obtained accuracy results for the A3T-GCN classifier for all classes for 3D tennis
player model with tennis racket model input data

Class Mean Max Min +SD
FHP 87.58% 95.34% 84.34% 6.02%
FHS 86.77% 94.84% 85.96% 6.29%
BHP 91.19% 95.85% 85.39% 3.16%
BHS 90.70% 95.01% 85.03% 5.06%
VFH 91.55% 94.95% 85.29% 3.35%
VBH 91.53% 94.99% 88.28% 3.68%
NST 89.76% 94.97% 85.13% 3.11%

Precision results are presented in Table 6.18. The A3T-GCN
obtained the highest ability to achieve positive classification among
other input data types, up to 5.88%, 3.73%, and 6.47% for image-
based input, 3D tennis player model input, and 3D tennis racket model
input, respectively. All tennis moves, except for the forehand stroke,
reached very high results above 90%.

Table 6.18. Obtained precision results for the A3T-GCN classifier for all classes for 3D tennis
player model with tennis racket model input data

Class Mean Max Min +SD
FHP 90.10% 93.81% 85.81% 4.73%
FHS 89.47% 93.48% 84.83% 3.58%
BHP 92.91% 95.28% 89.96% 4.64%
BHS 92.62% 95.34% 89.32% 6.37%
VFH 93.01% 95.32% 90.55% 3.38%
VBH 93.01% 95.32% 90.49% 3.36%
NST 91.78% 94.81% 88.29% 7.93%

Recall results are presented in Table 6.19. They are the high-
est results for various data types of the A3T-GCN. They are up to
4.47%, 4.89%, and 6.90% higher for image-based input, 3D tennis
player model input, and 3D tennis racket model input, respectively.
The A3T-GCN obtained better results than the ST-GCN model of
the same input type. All tennis moves, except the volley forehand,
reached very high values, exceeding 90%. For the volley forehand
a high mean result was also obtained.
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Table 6.19. Obtained recall results for the A3T-GCN classifier for all classes for 3D tennis player
model with tennis racket model input data

Class Mean Max Min +SD
FHP 95.75% 96.92% 93.97% 8.03%
FHS 92.27% 95.28% 88.79% 7.87%
BHP 91.04% 94.18% 87.37% 8.22%
BHS 91.32% 94.59% 87.32% 9.87%
VFH 89.47% 92.92% 85.83% 4.15%
VBH 90.77% 93.86% 87.47% 7.98%
NST 91.71% 94.80% 88.18% 8.82%

The F1 score results, gathered in Table 6.20, obtained very high
values for all tennis movements. They are up to 5.21%, 5.70%, and
8.129% for image-based input, 3D tennis player model input, and 3D
tennis racket model input, respectively. The obtained results are also
up to 5.63% higher for the same input of the ST-GCN classifier. Back-
hand strokes, volley moves, and no-stroke reached values exceeding
91%. The forehand preparation phase had higher result, 92.84%, than
the forehand hit with racket swinging, namely 90.85%.

Table 6.20. Obtained F1 score results for the A3T-GCN classifier for all classes for 3D tennis
player model with tennis racket model input data

Class Mean Max Min +SD
FHP 92.84% 95.34% 89.70% 5.59%
FHS 90.85% 94.37% 86.77% 2.08%
BHP 91.96% 94.73% 88.64% 6.46%
BHS 91.96% 94.96% 88.31% 8.14%
VFH 91.21% 94.10% 88.12% 6.89%
VBH 91.88% 94.59% 88.96% 5.72%
NST 91.75% 94.80% 88.23% 8.36%

The confusion matrix for the A3T-GCN for the 3D combined input
is depicted in Fig. 6.12. Misclassifications are lower than for other
types of input of the same classifier. The minimal value was 2.32.
Similar classes were confused as they were for the image-based input,
3D racket-based and the 3D silhouette-based input A3T-GCN.
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Fig. 6.12. Confusion matrix in%) for the tennis movement A3T-GCN classification for 3D
tennis player model with tennis racket model input data: FHP — Forehand Preparation Phase,
FHS - Forehand Shot, BHP — Backhand Preparation Phase, BHS - Backhand Shot,

VFH - Volley Forehand, VBH - Volley Backhand, NST - No Stroke
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Fig. 6.13. Learning accuracy for the A3T-GCN classifier for 3D tennis player model with tennis
racket model input data

Learning accuracy is depicted in Fig. 6.13. It can be seen that
140 epochs are enough to reach satisfactory values. Testing values
are above 80%. The learning loss function is depicted in Fig. 6.14.
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Also, in this case the loss values are the lowest after reaching 140
epochs.

Loss function

=3 —— Train

30 — Test

25
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Fig. 6.14. Loss function for the A3T-GCN classifier for 3D tennis player model with tennis
racket model input data

Results presented for the A3T-GCN clearly show that the best
tennis movements recognition was obtained for the combined 3D data.
Adding the attention method improved the performance of the proposed
network model.

6.3. Classification utilizing fuzzification of input data

Fuzzification of input data was also applied for the A3T-GCN classifier.
This process was the same as that described in 5.3 section.

Results for accuracy for all classes for the A3T-GCN with fuzzifi-
cation of input are gathered in Table 6.21. It must be emphasized that
adding fuzzification improves the mean accuracy of the A3T-GCN clas-
sifier, for image input by 1.35%, for 3D tennis player model by 1.76%,
for 3D tennis racket model by 1.11%, and for 3D combined data by
2.77%. The highest values are obtained for input represented by the 3D
tennis player model with a tennis racket model, while the lowest are for
the 3D tennis racket model.
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Table 6.21. Obtained accuracy results for A3T-GCN classifier for input fuzzification for successive
classes

Input type Mean Max Min +SD
image 87.47% 91.94% 83.37% 4.61%
3D tennis player model 85.17% 92.49% 77.78% 5.94%
3D tennis racket model 82.17% 87.43% 77.18% 9.31%

3D tennis player model with

. 92.22% 97.43% 87.03% 6.53%
a tennis racket model

Results for mean accuracy for the successive classes for the A3T-GCN
with fuzzification of various input types are gathered in Fig. 6.15-6.18.
Applying fuzzification improved the classification accuracy for all input
types for all classes, except the forehand preparation stroke for image
input.

In the case of image input, the accuracy classification was slightly
improved by 0.1%. The highest improvement was reached for the fore-
hand stroke. Slightly less accuracy was obtained for no-stroke. Both
volley moves reached 0.03% improvements, while the backhand hit with
racket swinging and the backhand preparation phase reached 0.02%
and 0.01%, respectively.

Classification accuracy enhancement for the 3D tennis player
model was from 0.14% to 0.48%. The highest accuracy was obtained
for the forehand stroke. No-stroke, the backhand hit, and the fore-
hand preparation phase were the three next in line, ranging 0.38%,
0.30%, and 0.22%, respectively. The backhand preparation phase
gained 0.16%, while volley moves 0.17% and 0.149% for the forehand
and backhand, respectively.

Regarding the single 3D tennis racket model as well as the 3D tennis
player model with racket as inputs to the A3T-GCN classifier, the mean
accuracy enhancement exceeded 2%. Improvements for the single racket
model were obtained from 2.76%, for the volley forehand, to 4.69%,
for the forehand stroke. The forehand preparation phase classification
was also improved by 4.54%. Backhand movements recognition was
improved by 3.47% and 3.40% for the hit and preparation phase, respec-
tively. The lowest enhancement was reached for volley strokes: backhand
by 3.17% and forehand by 2.76%. No-Stroke movement reached 3.66%
improvement.
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Fig. 6.15. Obtained accuracy results for the A3T-GCN classifier for image input fuzzification
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Fig. 6.16. Obtained accuracy results for the A3T-GCN classifier for 3D tennis player model
input fuzzification

For 3D tennis player model input data forehand strokes were
improved by 3.79% and 3.59% for the hit and preparation phase, respec-
tively. Backhand moves obtained improvements by 2.73% and 2.45%
for second and first phase, respectively. The least enhancements were
gained for no-stroke (2.81%), the volley backhand (2.11%), and the volley
forehand (2.07%).
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Fig. 6.17. Obtained accuracy results for the A3T-GCN classifier for 3D tennis racket model
input fuzzification
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Fig. 6.18. Obtained accuracy results for the A3T-GCN classifier for 3D tennis player and racket
model input fuzzification

In all cases the highest improvement was obtained for the forehand
hit with a swinging racket.

Results for mean precision for the successive classes for the A3T-GCN
with fuzzification for various input types are gathered in Fig. 6.19-6.22.
Outcomes indicate that the fuzzification process improved the ability
to achieve positive classification. For image-based input the highest
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improvements for precision were obtained for the forehand hit and
the preparation phase, ranging 3.77% and 3.63%, respectively. No-stroke
obtained 2.89%. Backhand moves gained 2.66% and 2.56% for the hit
and the preparation phase, respectively. The least enhancements were
gained for the volley backhand and forehand, reaching 2.24% and 1.98%.
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Fig. 6.19. Obtained Precision results for the A3T-GCN classifier for image input fuzzification
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Fig. 6.20. Obtained Precision results for the A3T-GCN classifier for 3D tennis player model
input fuzzification
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Fig. 6.21. Obtained Precision results for the A3T-GCN classifier for 3D tennis racket model
input fuzzification
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Fig. 6.22. Obtained Precision results for the A3T-GCN classifier for 3D tennis player and racket
model input fuzzification

For 3D tennis player model input data, the highest improvements
were obtained for the forehand hit (1.83%) and the preparation phase
(1.789%). No-stroke reached 1.45% improvements, while backhand
moves achieved 1.25% and 1.21% for the hit and the preparation
phase, respectively. The least changes for better improvements were
obtained for the volley forehand (1.06%) and the backhand (1.05%).
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Enhancements for precision results were the least for 3D
racket input data for the A3T-GCN classifier. Within these data,
the improvements above 1% were obtained for the forehand hit (1.41%),
the forehand preparation phase (1.36%), the backhand hit (1.12%),
and no-stroke (1.07%). Refinement below 1% was gained for the back-
hand preparation phase (0.97%), the volley backhand (0.85%), and
the volley forehand (0.70%).

In the case of 3D combined data, the highest improvements were
obtained for the forehand hit (3.00%), the forehand preparation phase
(2.74%), and no-stroke (2.23%). Backhand moves reached enhance-
ment reaching almost 2%, 1.98% and 1.81% for the hit and prepara-
tion phases, respectively. Both types of volley moves obtained a lower
refinement at the level of 1.68%.

Recall results for the successive classes for the A3T-GCN with
fuzzification for various input types are gathered in Fig. 6.23-6.26.
Also in this case, this process made the results higher. For image-based
input to the classifier the biggest improvements were obtained for the
forehand move, 6.27%, and for the preparation phase and hit 5.02%.
No-stroke gained 2.85 enhancement. At a similar level the backhand
groundstroke reached 2.08% and 1.78% for the hit and the preparation
phase, respectively. The least improvements were received as 1.29%
for the volley backhand and 0.5% for the volley forehand.
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Fig. 6.23. Obtained recall results for the A3T-GCN classifier for image input fuzzification
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Fig. 6.24. Obtained recall results for the A3T-GCN classifier for 3D tennis player model
input fuzzification
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Fig. 6.25. Obtained recall results for the A3T-GCN classifier for 3D tennis racket model
input fuzzification
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Fig. 6.26. Obtained recall results for the A3T-GCN classifier for 3D tennis player and racket
model input fuzzification

Regarding the 3D tennis player model for volley moves no enhance-
ment was reached. The highest improvements for this type of input
data were obtained for the forehand preparation phase at 5.58% and
for the forehand hit together with racket swinging at 3.64%. Back-
hand strokes reached improvements below 1%, while no-stroke gained
enhancement at a level of 1.34%.

In the case of three-dimensional tennis racket data (the same as for
previous input types) the highest improvements between classification
with and without the fuzzification process were obtained for the backhand
preparation phase and the backhand hit, reaching 4.95% and 4.84%,
respectively. No-stroke was boosted by 4.76%, while the volley backhand
by 4.71%. For the forehand hit and the volley forehand, the enhance-
ments were by 4.61% and 4.30%, respectively. Least improvements were
obtained for the forehand preparation phase at the level of 2.32%.

For three-dimensional input in the form of the tennis player
model holding a tennis racket, classification results of all strokes were
improved. Highest enhancement results were obtained for the fore-
hand preparation phase and the hit, 4.01% and 3.47%, respectively.
Almost twice a smaller boost was obtained for no-stroke. Improve-
ments for the backhand preparation phase reached 1.419%, while for
hitting they reached 1.68%. The least enhancements were obtained
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for volley strokes, reaching 1.20% and 0.86% for the backhand and
the forehand, respectively.

The F1 scores obtained after applying the fuzzification process
are presented in Fig. 6.27-6.30. According to the A3T-GCN model
the fuzzification improved the classification. In this case, for each input
type, improvement results at a similar level were obtained.
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Fig. 6.27. Obtained F1 score results for the A3T-GCN classifier for image input fuzzification
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Fig. 6.28. Obtained F1 score results for the A3T-GCN classifier for 3D tennis player model
input fuzzification
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Fig. 6.29. Obtained F1 score results for the A3T-GCN classifier for 3D tennis racket model
input fuzzification
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Fig. 6.30. Obtained F1 score results for the A3T-GCN classifier for 3D tennis player and racket
model input fuzzification

Enhancements for image-based input were reached between 2.50%
and 3.34%. The highest values were gained for hitting with the racket
swinging for both the forehand and the backhand moves. Regarding
the three-dimensional tennis player model, the improvements were
obtained between 1.19% and 1.63%. As described above, the hitting
part of strokes obtained the greatest boost. For three-dimensional input
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data in the form of a tennis racket model, improvements were obtained
around 1%, from 0.85% to 1.25%. For this input type, forehand hitting
and no-stroke obtained the highest improvement values. In the case of
data combining a three-dimensional model of player and tennis racket,
the increase achieved reached between 1.96% and 2.56%.
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Fig. 6.31. Confusion matrices (in%) for the tennis movement A3T-GCN classification with

fuzzification: FHP — Forehand Preparation Phase, FHS - Forehand Shot, BHP — Backhand

Preparation Phase, BHS - Backhand Shot, VFH - Volley Forehand, VBH - Volley Backhand,
NST — No Stroke

The confusion matrices for the A3T-GCN classifier with fuzzi-
fication for various input data are presented in Fig. 6.31. Similar to
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results without fuzzification, the same moves are misclassified. However,
the values of the confused classification slightly decreased, which proves
that the input fuzzification process improves the effectiveness of tennis
movement recognition.

The learning accuracy charts for the A3T-GCN with fuzzification
process are depicted in Fig. 6.32, Fig. 6.34, Fig. 6.36, and Fig. 6.38.
In the case of image-base data and 3D tennis player model with a tennis
racket, accuracy exceeded 80%. For the input data of a tennis player
model or a tennis racket model, accuracy values were below 80%.
In each case 140 epochs were enough to learn the model. The loss
functions for the A3T-GCN classifier with fuzzification process are
presented in Fig. 6.33, Fig. 6.35, Fig. 6.37, and Fig. 6.39. For each input
type the minimum loss value was reached at 140 epochs.
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Fig. 6.32. Learning accuracy for the A3T-GCN classifier with fuzzification on image input data
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Fig. 6.33. Loss function for the A3T-GCN classifier with fuzzification on image input data
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Fig. 6.34. Learning accuracy for the A3T-GCN classifier with fuzzification on 3D tennis player
model input data
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Fig. 6.35. Loss function for the A3T-GCN classifier with fuzzification on 3D tennis player model
input data
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Fig. 6.36. Learning accuracy for the A3T-GCN classifier with fuzzification on 3D tennis racket
model input data
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Fig. 6.37. Loss function for the A3T-GCN classifier with fuzzification on 3D tennis racket model
input data
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Fig. 6.38. Learning accuracy for the A3T-GCN classifier with fuzzification on 3D tennis player
model with a tennis racket input data
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Loss function
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Fig. 6.39. Loss function for the A3T-GCN classifier with fuzzification on 3D tennis player model
with a tennis racket input data

In comparison to the results obtained utilizing fuzzification of
the ST-GCN classifier, one can see that the input data fuzzification process
in the case of the A3T-GCN classifier achieved better improvement in
the accuracy of the classifier. In the case of the ST-GCN classifier, the high-
est enhancement occurred for 3D tennis player model data (mean 2.72%).
However, the fuzzification process for the A3T-GCN classifier improved
its accuracy to the highest extent for the 3D tennis racket model and for
the combined 3D tennis player model with a racket. The obtained mean
was 3.729% for a racket model and 2.79% for the combined three-dimen-
sional data. Moreover, it should be emphasized that the data fuzzification
process improves the quality of classification for both applied classifiers.
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Dual Attention Temporal Graph
Convolutional Networks for tennis 7
movements recognition

In this chapter, the third new classifier for tennis movement recog-
nition, proposed in this study, is combined with two separate soft
attention modules dedicated to measuring the tennis player’s body
and the tennis racket alignment. The Dual Attention Graph Convolu-
tional Network (DA-GCN) takes into account both spatial and temporal
features [97]. It integrates Graph Convolutional Neural Network as well
as the Long Short-Term Memory (LSTM) solution. The LSTM network
was chosen because of its ability to learn long-term dependencies.
The proposed DA-GCN was verified using both image and three-dimen-
sional data as. The data are prepared as it was described in 5.1.1 and
5.2.1 for image and three-dimensional data, respectively.

7.1.Image-based classification
7.1.1. DA-GCN classifier

The architecture of the proposed classier is presented in Fig. 7.1.
It consists of four main parts. The first two extract spatial and tempo-
ral features, respectively. The third one is formed with two attention
modules. The fourth one is the fully connected layers for the classifi-
cation purposes.

Phases of the tennis stroke in image-based form are the input
for the classifier. Based on the tennis player model together with
a tennis racket the graph is combined, as described in 5.1.1. Spatial and
temporal features are extracted in order to obtain the most accurate
prediction model for tennis movement. Spatial features are calculated
utilizing the 3-layer GCN (eq. 6.1). Temporal features are extracted
using the LSTM network based on three strokes at times ¢, ¢, and
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t_, They are extremely important to indicate time dependences for
the tennis player model. The input (), output (f)), and forget (f,) gates
for the LSTM model are defined as [97]:

1y = a(wi [ht—17 act] + bl) (7.1)
fi = o(wyglhs_1, 4] + by) (7.2)
fo = U(wo[ht—la mt] + bo) (73)

where w, , wy and w, denotes weights for input, output, and forget
gates, respectively. The biases for these three gates are represented by
b,, bf and b,. The element h,_, stands for the result of the earlier LSTM
block at time ¢-1, while z, for input at the present time. o denotes
the sigmoidal function.
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Fig. 7.1. The DA-GCN architecture for image-based input [97]
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The sigmoidal function decides whether or how much information
should be passed through. A zero value means that no information is
passed through, while the number one value means that all information
is important and passed through.

The gate states are calculated according to eq. 7.4-7.6 [97]:

¢ = tanh(wc[hi—1,xc] + be) (7.4)
ct = fixci1+ig*xc (7.5)
hi = f, x tanh(ct) (7.6)

where ¢, is the gate state at time t, ¢; denotes the pretender for
the gate state at time ¢ and A, is the output.

In the DA-GCN solution two attention modules are implemented
for extracting features in order to obtain contextual information. They
compute the feature attention matrices based on a tennis racket and
a tennis player model. These data are necessary to indicate and predict
their future positions. As it is shown in Fig. 7.2, the input to the module
has the form of three-dimensional data.

RS RS

RS Softmax|Feature
| matrix

RS+TP

XxXYXT XxYXT

Fig. 7.2. Attention module schema. RS — matrix reshaping, TP — matrix transposition [97]

They are further transformed using a reshaping matrix (RS)
and a transposition (TP). The feature matrix is calculated utilizing
the Softmax function. Obtained values are multiplied by input parame-
ters, and furthermore, the results are multiplied by a scale parameter.
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Output values are calculated using a sum operation. The feature map
is calculated using eq. 7.7.

X

On =8> (inklt) + I (7.7)

k=1

where O denotes the output value, 7, is the impact of the k" feature,
I represents input parameters, and 3 is a weight parameter.

7.1.2. Tennis strokes recognition

The methodology of the study is the same as described in 5.1.3.
The performance of the DA-GCN was verified using accuracy, precision,
recall, and F1 score measures (eq. 5.6-5.9).

The mean accuracy for the DA-GCN classifier for all classes is
presented in Table 7.1.

Table 7.1. Obtained accuracy results for the DA-GCN classifier for image-based for all classes
Mean Max Min +SD
87.09% 92.00% 82.30% 6.39%

The DA-GCN classifier with image-based input reached the highest
accuracy values for tennis movements data among all proposed neural
network solutions. This neural network model improved the classifi-
cation process for mean accuracy by 5.52% and 0.97% according to
the ST-GCN and A3T-GCN, respectively. It should be emphasized that
this classifier, as the only one from all analyzed solutions, that reached
a maximum accuracy exceeding 90%.

The detailed accuracy results, for all classes, for image-based input
data represented by a tennis player model together with a tennis racket
are presented in Table 7.2. The highest accuracy values were obtained for
both types of volley strokes, reaching 90.55% and 90.44%, respectively.
Slightly lower results, exceeding 89% were reached for the forehand and
backhand hit together with racket swinging. Accuracy for no-stroke was
88.27%. The lowest values, however, were higher than 84% and were
obtained for the forehand and backhand preparation phases. Obtained
maximal accuracy values were higher than 90%.
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Table 7.2. Obtained accuracy results for the DA-GCN classifier for image-based input

Class Mean Max Min +SD
FHP 85.77% 90.90% 82.78% 6.48%
FHS 89.90% 92.00% 83.32% 6.55%
BHP 84.91% 91.90% 82.60% 9.54%
BHS 89.44% 91.20% 83.00% 6.67%
VFH 90.55% 91.70% 82.41% 6.28%
VBH 90.44% 91.79% 82.30% 8.87%
NST 88.27% 91.01% 83.82% 5.23%

Precision results for the image-based DA-GCN classifier were
gathered in Table 7.3. Obtained values indicated that the proposed
model is highly reliable in classifying samples as positive. The highest
values, exceeding 90%, were obtained for the backhand strokes and
for both types of volleys. The precision for no-stroke reached 88.98%.
The lowest value, however, although it was higher than 85%, was
calculated for the forehand moves.

Table 7.3. Obtained precision results for the DA-GCN classifier for image-based input

Class Mean Max Min +SD
FHP 86.63% 92.50% 82.59% 9.42%
FHS 85.80% 91.94% 81.55% 8.26%
BHP 90.47% 94.44% 87.58% 7.71%
BHS 90.05% 94.37% 86.97% 7.15%
VFH 90.95% 94.37% 88.77% 6.55%
VBH 90.97% 94.47% 88.48% 7.68%
NST 88.98% 93.69% 85.63% 7.17%

Precision results are up to 8.58% higher in comparison to the ST-GCN
model and up to 2.16% compared to those in the A3T-GCN model.

Recall results for the image-based DA-GCN classifier are shown in
Table 7.4. The ability to detect the positive samples ranges from 86.53%
to 94.44%. The highest values were obtained for the forehand moves.
Slightly lower results were gathered for all other moves. The lowest
results were for the volley forehand stroke, reaching 86.09%.

Recall results were up to 3.84% higher in comparison to the ST-GCN
classifier and up to 1.85% in comparison to the A3T-GCN model.
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Table 7.4. Obtained recall results for the DA-GCN classifier for image-based input

Class Mean Max Min +SD
FHP 94.44% 96.77% 92.64% 8.78%
FHS 89.45% 93.92% 86.40% 5.75%
BHP 88.05% 92.95% 84.48% 9.98%
BHS 88.26% 93.46% 84.72% 9.36%
VFH 86.53% 91.54% 83.06% 9.85%
VBH 88.09% 92.72% 85.10% 8.75%
NST 88.71% 93.69% 85.14% 9.75%

Table 7.5. Obtained F1 scores for the DA-GCN classifier for image-based input

Class Mean Max Min +SD
FHP 90.35% 94.59% 87.33% 6.61%
FHS 87.59% 92.92% 83.91% 6.48%
BHP 89.24% 93.69% 86.01% 6.27%
BHS 89.14% 93.91% 85.83% 7.24%
VFH 88.68% 92.93% 85.82% 7.69%
VBH 89.51% 93.58% 86.76% 7.68%
NST 88.84% 93.69% 85.38% 9.01%

The F1 score results for the image-based DA-GCN classifier are
presented in Table 7.5. Values were in the range between 88.68% for
no-stroke and 90.35% for the forehand preparation phase.

F1 scores were up to 3.95% higher in comparison to the ST-GCN
model and up to 1.95% higher in comparison to the A3T-GCN classifier.

The confusion matrix for the DA-GCN for the image-based input
is depicted in Fig. 7.3. Maximum misclassification was 2.69% for
the forehand hit phase. The forehand preparation phase was confused
with the second phase of this move and the backhand preparation phase.
The forehand hit with swinging was confused with the forehand prepa-
ration phase. Both phases of backhands phases were also confused.
The volley forehand was mistaken for no-stroke. The volley backhand was
misclassified with both phases of the forehand and backhand strokes.
No-stroke was confused with the forehand hitting and the backhand
preparation phase.
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Fig. 7.3. Confusion matrix in (%) for the tennis movement DA-GCN classification for
image-based input data: FHP — Forehand Preparation Phase, FHS — Forehand Shot,
BHP - Backhand Preparation Phase, BHS - Backhand Shot, VFH - Volley Forehand,
VBH - Volley Backhand, NST - No Stroke
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Fig. 7.4. Learning accuracy for the DA-GCN classifier for image-based input data
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Learning accuracy and loss function are presented in Fig. 7.4 and
Fig. 7.5. As in the case of the ST-GCN and A3T-GCN 140 epochs are
enough to obtain a stable model.

Loss function
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Fig. 7.5. Loss function for the DA-GCN classifier for image-based input data

7.2. 3D-based classification

7.2.1. DA-GCN classifier

The structure of the DA-GCN classifier for three-dimensional data is
depicted in Fig. 6.5. In comparison to Fig. 7.1, the type of input was
changed from 2D to 3D. The input data so structured is the same as
that described in 5.2.1. It must be emphasized that from the input data
the graph was created based on markers.
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Fig. 7.6. The DA-GCN architecture for 3D-based input [97]

7.2.2.Tennis strokes recognition based on combined tennis player
with a racket model

Due to the specific nature of the network architecture, namely involv-
ing two attention modules, studies were carried out exclusively with
data containing both the tennis player model and a tennis racket model.
This method was the same as that described in 5.1.3. Each data consists
of 39 three-dimensional points corresponding to the tennis player
and 7 three-dimensional points corresponding to a tennis racket.
The performance of the DA-GCN was verified using accuracy, precision,
recall, and F1 score measures (eq. 5.6-5.9).

Accuracy results for the DA-GCN model are presented in Table 7.6.
The model reached very high performance results, exceeding 6.24%
mean accuracy as for the same model dedicated to image-based input.
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The DA-GCN for three-dimensional input data obtained the highest
accuracy in comparison to other analyzed neural networks. Obtained
average results are 9.81% and 3.88% higher than the ST-GCN and
A3T-GCN values, respectively.
Table 7.6. Obtained accuracy results for the DA-GCN classifier for 3D tennis player model and
tennis racket model for all classes
Mean Max Min +SD
93.33% 97.87% 89.37% 2.76%

Detailed accuracy results, for all classes, for 3D-based input data
represented by a tennis player model together with a tennis racket are
presented in Table 7.7. Highest accuracy values were obtained for back-
hand moves and both types of volley strokes, exceeding 94%. Slightly
lower results, however exceeding 93%, were reached for no-stroke.
The lowest values, however higher than 91%, were obtained for
the two phases of the forehand moves. Obtained maximal accuracy
values exceeded 97%.

Accuracy results are up to 11.36% and 4.88% higher compared
to the same input data for the ST-GCN and A3T-GCN, respectively.
The DA-GCN with three-dimensional input data also improved the accu-
racy up to 9.30% compared with the same classifier for the same input
data.

Table 7.7. Obtained accuracy results for the DA-GCN classifier for 3D tennis player model and
a tennis racket model

Class Mean Max Min +SD
FHP 92.11% 97.00% 89.39% 3.75%
FHS 91.65% 96.75% 89.42% 3.81%
BHP 94.21% 96.88% 89.70% 2.46%
BHS 94.13% 96.91% 89.48% 2.63%
VFH 94.01% 96.53% 89.37% 3.71%
VBH 94.28% 96.56% 89.78% 2.85%
NST 93.51% 96.95% 89.81% 3.81%

Precision results for 3D-based input DA-GCN classifier were gath-
ered in Table 7.8. Obtained values indicated that the proposed model
is highly reliable in classifying samples as positive. The highest values,
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exceeding 95% were obtained for backhand strokes and for both types of
volleys. The precision for no-stroke reached 94.90%. The lowest value,
however, higher than 93%, was calculated for the forehand moves.

Precision results were up to 10.51% and 4.15% higher, compared
to with the ST-GCN and A3T-GCN for the same input data, respectively.
The analyzed DA-GCN with 3D input data improved precision up to
7.82% in comparison to the image-based input data.

Recall results for three-dimensional input data of the DA-GCN
classifier are shown in Table 7.9. The ability to detect the positive
samples is very high, ranging from 93.11% to 97.28%. Highest values
were obtained for the forehand moves. Slightly lower results were
gathered for backhand strokes, both types of volleys, and no-stroke.

Table 7.8. Obtained precision results for the DA-GCN classifier for 3D tennis player model and
a tennis racket model

Class Mean Max Min +SD
FHP 93.96% 97.50% 89.79% 2.43%
FHS 93.62% 97.61% 89.37% 4.06%
BHP 95.45% 97.93% 92.91% 4.82%
BHS 95.39% 97.85% 92.50% 5.48%
VFH 95.39% 97.91% 92.89% 5.26%
VBH 95.34% 97.81% 92.86% 4.15%
NST 94.90% 97.72% 91.66% 3.05%

Obtained recall results were up to 8.66% and 3.64% higher in
comparison to the ST-GCN classifier and A3T-GCN models, respectively.
For the three-dimensional input data, the DA-GCN improved the recall
values up to 6.58% compared to image-based input.

Table 7.9. Obtained recall results for the DA-GCN classifier for 3D tennis player model and
a tennis racket model

Class Mean Max Min +SD
FHP 97.28% 99.19% 95.44% 3.13%
FHS 95.10% 97.84% 92.14% 7.35%
BHP 94.29% 97.35% 91.02% 4.87%
BHS 94.62% 97.54% 91.19% 3.34%
VFH 93.11% 96.81% 89.18% 2.78%
VBH 94.04% 97.17% 90.63% 4.74%
NST 94.96% 97.89% 91.60% 3.55%
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Obtained F1 score results for three-dimensional input data of
the DA-GCN are presented in Table 7.10. The classifier reached a very
high level of performance. All the analyzed tennis moves gained values
between 94.23% and 95.58%. These data are up to 9.13% and 3.5%
higher than in the ST-GCN classifier and A3T-GCN models, respectively.
For the three-dimensional input data, the DA-GCN improved the F1
scores up to 6.76% compared with image-based input.

Table 7.10. Obtained F1 results for the DA-GCN classifier for 3D tennis player model and a tennis
racket model

Class Mean Max Min +SD
FHP 95.58% 98.34% 92.55% 3.37%
FHS 94.35% 97.73% 90.80% 2.73%
BHP 94.86% 97.64% 91.96% 2.68%
BHS 95.00% 97.69% 91.84% 3.92%
VFH 94.23% 97.36% 91.03% 4.07%
VBH 94.68% 97.49% 91.73% 3.41%
NST 94.93% 97.80% 91.63% 3.83%

FHP 19317 1% A OREF1™3 V R 53 6 B 17 2.5 B9 ()

FHS 1.47 EiMesY 1.38 1.37 1.37 1.33 1.43
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BHS+ 0.27 1.18 1.19 w3 1.08 1.08 1.08

True label

VFH{1.05 0.63 1.03 1.07 EEXON§ 1.07 1.14

VBH{0.19 1.07 1.10 1.13 1.15 gZwil 1.08

NST+{ 0.15 1.31 1.31 1.24 1.24 1.24 EEEHN

FHP FHS BHP BHS VFH VBH NST
Predicted label

Fig. 7.7. Confusion matrix in (%) for the tennis movement DA-GCN classification for 3D tennis
player model and a tennis racket model: FHP - Forehand Preparation Phase, FHS - Forehand
Shot, BHP - Backhand Preparation Phase, BHS - Backhand Shot, VFH - Volley Forehand,
VBH - Volley Backhand, NST - No Stroke
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The confusion matrix for the DA-GCN for the 3D-based input is
presented in Table 7.10. Maximum misclassification is very low and
amounts to 2.32%. The most often forehand preparation phase was
confused with the second phase of this move and the backhand prepa-
ration phase. The next move, the forehand hit with racket swinging
was misclassified with the forehand preparation phase. Both phases of
the backhands were also confused. Additionally, the backhand hit was
mainly confused with the forehand hit. The volley forehand was misclas-
sified with the forehand preparation phase and no-stroke was the most
often confused. The volley backhand was confused at the same level as
the other type of volley and backhand hit. Finally, no-stroke was
misclassified with the forehand hit together with racket swinging.

Learning accuracy and loss function are presented in Fig. 7.8
and Fig. 7.9. As in the case of the ST-GCN and A3T-GCN 140 epochs
were enough to obtain a stable model. The same situation occurred in
the case of the DA-GCN for image-based input data.

The proposed DA-GCN model appeared to be the most suita-
ble for tennis motion data. Obtained results clearly indicated that
the highest network performance was gained for 3D-based input data
that were represented as three-dimensional points of a tennis player
model together with a tennis racket model.
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Fig. 7.8. Learning accuracy for the DA-GCN classifier for 3D tennis player model
and a tennis racket model
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Loss function
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Fig. 7.9. Loss function for the DA-GCN classifier for 3D tennis player model
and a tennis racket model

7.3. Classification utilizing fuzzification of input data

Fuzzification of input data was also applied to the DA-GCN classifier.
This process was the same as that described in 5.3 section.

Results for accuracy for all classes for the DA-GCN with fuzzifi-
cation of input are presented in Table 7.11. The fuzzification process
improved the DA-GCN accuracy by 5.55% and by 4.71% for image-
based input and 3D-based input, respectively. It must be stated that
accuracy for 3D-based input data ranged between 91.62% and 95.47%,
which means that these results exceeded the 90% level.

Table 7.11. Obtained accuracy results for the DA-GCN classifier for input fuzzification for
successive classes

Input type Mean Max Min +SD
image 92.64% 94.99% 87.81% 4.51%

3D tennis player model with

’ 95.47% 99.01% 91.62% 3.81%
a tennis racket

Results for accuracy for the successive classes for the DA-GCN
with fuzzification of various input types are presented in Fig. 7.10 and
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Fig. 7.11. Applying the fuzzification process improved classification
accuracy for all input types for all classes.
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Fig. 7.10. Obtained accuracy results for the DA-GCN classifier for image input fuzzification
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Fig. 7.11. Obtained accuracy results for the DA-GCN classifier for 3D tennis player

and racket model input fuzzification

The mean accuracy results for 3D-based input were higher than
for image-based input. Moreover, the fuzzification process improved
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the accuracy results in comparison to the DA-GCN without applying
fuzzification to the input.

In the case of image-based input, the mean accuracy was improved
for all classes, up to 9.07%. The highest increase was obtained for
the backhand preparation phase. Slightly lower results were for the fore-
hand preparation phase. Accuracy improvements at similar level, between
3.399% and 4.75%, were achieved for no-stroke, the backhand hit, two
types of volleys, starting from the highest values. The lowest improve-
ment, 1.29%, was noticed for the forehand hit with the racket swinging.

For 3D-based input, represented as a tennis player model together
with a tennis racket model, the lower enhancement was observed, up
to 2.87%. Highest improvements were obtained for both phases of
the forehand stroke. Improved accuracy exceeding 2% was also noticed
for the no-stroke move. The backhand and volleys strokes were improved
between 1.42% and 1.94%.

It should be emphasized that for the DA-GCN the highest enhance-
ment was achieved in comparison to the ST-GCN and A3T-GCN models.

Precision results for the successive classes for the DA-GCN with
fuzzification of various input types are presented in Fig. 7.12 and
Fig. 7.13. Their values are very high, exceeding 91%.
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Fig. 7.12. Obtained precision results for the DA-GCN classifier for image input fuzzification
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Fig. 7.13. Obtained precision results for the DA-GCN classifier for 3D tennis player and racket
model input fuzzification

In the case of image-based input the mean precision improvement
after applying the fuzzification process for the DA-GCN was reached
between 3.38% and 5.97%. The highest enhancement was achieved for
the forehand preparation and hit strokes, reaching 5.62% and 5.97%,
respectively. No-stroke obtained refinement at the level of 4.48%.
The improvements for the backhand hit and the preparation phase
were slightly lower, reaching 4.08% and 3.86%, respectively. Both
types of volley moves achieved comparable results, gaining 3.38%
and 3.39% improvements.

Regarding 3D-based input data for the DA-GCN, the enhancement
was twice lower compared to the image-based input data. However,
the highest improvement was reached for the forehand hit and the prepa-
ration phase, gaining 2.57% and 2.39%, respectively. No-stroke achieved
a refinement at the level of 1.86%, while both types of volleys obtained
1.69%. The backhand hit and the preparation phase reached 1.69% and
1.64%, respectively.

Precision improvements were the highest comparing the ST-GCN
and A3T-GCN models.

Recall results for the successive classes for the DA-GCN with
fuzzification of various input types are presented in Fig. 7.14 and
Fig. 7.15. The values are also very high, exceeding 91% and 95% for
image-based and 3D-based input data, respectively. It can be observed
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that the DA-GCN classifier for 3D-based input has a higher ability
to classify the positive samples than does the DA-GCN network for
image-based input.
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Fig. 7.14. Obtained recall results for the DA-GCN classifier for image input fuzzification
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Fig. 7.15. Obtained recall results for the DA-GCN classifier for 3D tennis player and racket
model input fuzzification

The fuzzification process, as in the case for the ST-GCN and
A3T-GCN, improved the recall results. Regarding the DA-GCN image-
based input, the enhancement reached up to 4.90%. The lowest
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improvement, equal to 2.15%, was obtained for the forehand prepa-
ration phase. The second phase, the forehand hit together with racket
swinging, reached a 4.40% refinement. A slightly higher enhancement,
4.43%, was gained for the volley backhand stroke. The remaining
moves had comparable improvements between 4.80% and 4.90%.
Highest results were gathered for the backhand hit with racket swing-
ing and for the volley forehand.

In the case of the DA-GCN 3D-based input, the enhancement was
almost twice lower, compared to the image-based input, reaching up to
2.51%. Least improvements were obtained for the forehand stroke at
a level of 0.89% and 1.87% for the preparation phase and hit together
racket swinging, respectively. The remaining tennis moves had similar
improvements, ranging between 2.00% and 2.51%. Highest results
were obtained for the volley forehand.

Even though improvements after applying fuzzification were lower
than those obtained after the process for the ST-GCN and DA-GCN,
they were less variable than in other classifiers. However, final recall
results for the DA-GCN were the highest compared with those in other
proposed neural networks.

F1 score results for the successive classes for the DA-GCN classifier
after applying the fuzzification process are gathered in Fig. 7.16 and
Fig. 7.17. For image-based input the values ranged between 92.80%
and 94.36%. For three-dimensional data they exceeded 96.30%, which
proves that this type of input ensures higher classifier accuracy in
comparison to image-based input.

The fuzzification process clearly improved the DA-GCN model
accuracy for two types of input. Regarding image-based input, F1
improvements were reached between 3.91% and 5.21%. The highest
was obtained for the forehand hit with racket swinging. Slightly lower,
equal to 4.64% was for no-stroke. The backhand hit with racket swing-
ing and the preparation phase of this tennis move reached 4.50% and
4.35% enhancement, respectively. The volley forehand and forehand
preparation phase gained 4.28% and 4.01% improvements, respec-
tively. The volley backhand was raised to 3.91%.
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Fig. 7.16. Obtained F1 results for the DA-GCN classifier for image input fuzzification
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Fig. 7.17. Obtained F1 results for the DA-GCN classifier for 3D tennis player and racket model
input fuzzification

In the case of the DA-GCN 3D-based input data, the fuzzifica-
tion process improved F1 results from 1.66% to 2.23%. The high-
est enhancements, equal to 2.23% and 2.11%, were reached for
the forehand hit with racket swinging and the volley forehand, respec-
tively. The volley backhand gained 1.94%, while no-stroke obtained
1.93%. The backhand move, both the preparation phase and the hit,
was boosted almost equally, reaching 1.87% and 1.84%, respectively.
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The lowest improvement, 1.66%, was obtained for the forehand prepa-
ration phase.

Comparing the obtained F1 results with the fuzzification process
for the DA-GCN image-based input with the ST-GCN and A3T-GCN,
the highest improvements were clearly reached for the classifier with
two attention modules. They were almost twice higher than those
obtained in other classifiers. The situation for the fuzzification process
is comparable for three-dimensional data but is different. The improve-
ments for all proposed classifiers reached comparable results, slightly
exceeding 2%. However, it must be emphasized that F1 results were
the highest for the DA-GCN neural network.

Confusion matrices for the DA-GCN classifier with fuzzification for
various input data are presented in Fig. 7.18. Similar to results without
fuzzification, the same tennis moves are misclassified. However, values
of the confused classification slightly decreased for image-based input,
which proves that the input fuzzification process improves the effective-
ness of tennis movement recognition. For 3D-based input the values of
misclassification are similar to the classifier without the fuzzification
of the input data.
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Fig. 7.18. Confusion matrices (in%) for the tennis movement DA-GCN classification with

fuzzification: FHP — Forehand Preparation Phase, FHS — Forehand Shot, BHP - Backhand

Preparation Phase, BHS - Backhand Shot, VFH - Volley Forehand, VBH - Volley Backhand,
NST - No Stroke
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Fig. 7.19. Learning accuracy for the DA-GCN classifier with fuzzification for image-based input data
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Fig. 7.20. Loss function for the DA-GCN classifier with fuzzification for image-based input data
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Fig. 7.21. Learning accuracy for the DA-GCN classifier with fuzzification for 3D-based input data

Learning accuracy charts for the DA-GCN with fuzzification process
for image-based and 3D-based data are presented in Fig. 7.19 and
Fig. 7.21, respectively. Both accuracies exceeded 90%. After reaching
140 epochs a stable model was obtained. In the case of 3D-base input
data, the training and testing accuracies are similar. However, for
image-based input, testing accuracy was lower than the training one.

The loss functions for the DA-GCN for image-based and 3D-based
input data are depicted in Fig. 7.20 and Fig. 7.22, respectively. For both
types the analyzed inputs, after reaching 140 epochs, minimal values
of loss functions were obtained.

The ST-GCN, A3T-GCN and DA-GCN neural network solutions
needed 140 epochs to reach minimal loss value and to obtain a stable
model.

The fuzzification process of input data improved the effectiveness
of all of the proposed classifiers compared to not using fuzzification.
Highest improvements were obtained for image-based input. However,
highest accuracy, precision, recall, and F1 scores, were gained for
3D-based input data.
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Fig. 7.22. Loss function for the DA-GCN classifier with fuzzification for 3D-based input data

170



Discussion 8

In this monograph, the challenging problem of tennis movements
recognition is tackled. Four basic tennis strokes are included: fore-
hand, backhand, volley forehand, and volley backhand. In order to
distinguish strokes from the player’s movement on the court, another
class is added to the classification reflecting the no-stroke move.

The proper technique in sport is an extremely important aspect.
Athletes try to improve their skills so as to perform tennis strokes as much
as possible. Their performance affects the ball’s trajectory, which allows
them to gain points in matches and, consequently, to achieve further
successes in their careers [22][98]. The proper execution of the individual
phases of the strokes plays a huge role in performance. Motion analysis
is widely used both for athletes’ performance and to verify how injuries
affect their movement [99]. Detection of tennis strokes and their phases
allows the coach both to evaluate the technique of the strokes performed
and also to optimize training in order to improve the overall performance
[26]. Moreover, after injuries it is worth checking whether the strokes
performed include all the necessary phases. The performance of strokes
phases is a crucial part of monitoring training [22][100]. Motion capture
analysis can include an assessment of the movements of the entire tennis
player, the tennis player together with the tennis racket, and the racket
itself. This allows for analysis of individual phases of the shots taking
into account the movement of the body, as well as the arrangement of
a tennis racket.

One of the applications of tennis stroke classification is their inte-
gration into systems which support learning the game. Tennis stroke
detection is a built-in part of these systems. After stroke recognition,
a message can be sent to the user, as well as guidance on how to improve
the stroke. This solution can be an interesting complement to in-person
trainings, which are quite expensive.
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Tennis stroke detection is also used in video statistics. For exam-
ple, the types of strokes performed are counted [13]. The systems also
allow for improving the user’s reaction to a tennis ball approaching
at various speeds [101]. An element of tennis learning systems can
also be the animation of the avatar’s movement, after the appropriate
classification of the stroke or its phase.

This ambitious recognition task utilized three unique approaches,
the ST-GCN, A3T-GCN, and DA-GCN, proposed for both image-based and
3D-based input data. All three proposed solutions were based on the Graph
Convolutional Networks. Due to the fact that for tennis movements should
be recognized based on several frames of the recordings, the temporal
features and spatial ones are extracted. It should be emphasized that these
approaches are the first applications to tennis movement recognition.

In the literature, there have been several attempts recently to
classify tennis movements based on video data, motion capture data
and sensor data. Video-based classification has usually been performed
using broadcast films and videos from Kinect, and then gathered into
the THETIS dataset. Various types of feature extractions and classifi-
cation methods were applied. In the case of broadcast videos, racket
swinging was analyzed, also divided into left and right sides, from
the moment the ball was hit. In addition, basic tennis movements were
analyzed such as forehand, backhand, volleys, smash and serve, as
well as all their varieties, such as flat or slice. Studies also concerned
the detection of tennis movements that were not tennis strokes, but
which the player performed during a match or during exercises, while
moving on a court. Regarding the THETIS dataset, the classification
studies concerned up to twelve recorded tennis movements. In video
data, a tennis player’s body together with a tennis racket were usually
taken into consideration. SVM was the most applied classifier, reaching
accuracy in the range from 46.48% to 90.21%, depending on the used
feature extraction methods [9][10][15][16]. Classification utilizing
a generative approach reached 58.72% [13], FDA - 84.50% [12], and
CRF - 86.449% [16]. The LSTM approach for THETIS data reached
between 43.19% and 629% [17][4].

In the case of data recorded using passive motion capture systems,
only basic tennis strokes were analyzed, such as forehand, backhand, and
serve, without their varieties. The classification accuracy results were
higher in comparison to video data, reaching 82.14%. For the HMM and

172



the RBF methods the recognition accuracy was obtained between 84,50%
and 94.60% [20][19]. The recognition of forehand, backhand as well as
no-shot obtained the mean accuracy between 92.57% and 95.88% for
Inception V-3 and in range 95.11% and 95.89% for MobileNet [102].

A great number of studies concerning tennis movements classi-
fication use sensor data, such as the SensorTile, IMU and PIQ Robot.
Sensors are attached to a tennis racket, to the hand in which the tennis
racket was held and to the player’s body. In studies which applied one
SensorTile, the following classification methods were applied: FCN,
ResNet, NN, DT, RF, k-NN, and SVM. Accuracy results were the highest in
comparison to other data types, reaching between 93.89% and 99.72%,
depending on the chosen classifier [22][26]. In tennis movement clas-
sification based on IMU sensors, SVM, cubic kernel SVM, k-NN, and
the longest common subsequence algorithm were the most often applied.
For this type of data the accuracies were obtained between 82.43% and
97.40% [23][24][28]. Regarding the JY-6 sensor and the PIQ Robot,
acceleration fluctuations as well as LVQ were implemented, reaching
90.94% and up to 90%, respectively [25][27].

Unlike many studies, where wearable sensors were attached to
aracket or to a hitting arm, in [103], a GPS unit was placed on a play-
er’s body. This provided a record of movement patterns as players
moved during matches. Various types of forehand and backhand strokes
were analyzed [100]. The results showed that the highest accuracy was
reached for forehand drive (95%) and forehand block (75%). Similar
results were obtained for the second groundstroke, where the backhand
drive and slice reached 96% and 74%, respectively. The study showed
that wearing a device attached to a player’s body is not sufficient for
detecting volley strokes. The accuracy results were lower than 45%.
On the contrary, this sensor data were enough to recognize the follow-
ing player movements: alert, dynamic, running, and low Intensity.

In this monograph, it has been shown how the type of data given
as input to the classifier affects its quality. Four input types were taken
into consideration: image-based obtained from video data, 3D-based of
a tennis racket model, 3D-based of a tennis player model, and finally
3D-based combined data of a tennis player model holding a tennis
racket. All data were obtained from passive motion capture system
recordings. Three various types of GCN approaches were applied
for the forehand, backhand, volley forehand, volley backhand moves
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and no-stroke. Additionally, the forehand and backhand strokes were
divided into two phases, the preparation one, and the hitting together
with racket swinging, both of which were also classified. This aspect
distinguishes the presented results from studies conducted on the basis
of motion capture data. In the case of the ST-GCN, accuracy results
for image-based input ranged between 77.11% and 84.70%, while
for 3D-based data between 70.21% and 88.91%. For the A3T-GCN,
accuracy values ranged between 80.10% and 88.70% for image-based
data between 77.19% and 93.23% for 3D-based data, respectively.
Regarding the DA-GCN, the results were the highest, between 82.30%
and 92% for image-based data and between 89.37% and 97.87% for
3D-based combined data. Obtained results are much higher than for
THETIS data and broadcast videos, slightly higher for motion data, and
comparable to classifications utilizing sensor data. Taking into consid-
eration the obtained results for the ST-GCN, A3T-GCN, and DA-GCN,
it can be definitely stated that Graph Convolutional Neural networks
are suitable tools for tennis movement recognition based on motion
data. These types of neural networks are adequate both for the tennis
player model and for the tennis racket model obtained from the Vicon
motion capture system. The player model consisted of 39 specific,
interconnected points that determine the shape and structure of
the player’s body [104]. On the other hand, on the tennis racket
the characteristic points, also connected to each other, were selected
in order to represent its shape and arrangement [105].

Another important issue is to study in detail how the input data
types influence recognition performance. In this monograph only
motion capture data are analyzed. They are represented as 2D images,
presenting a tennis player and a racket models obtained from the Vicon
Nexus software, and presented as 3D data. They are specified as points
represented only on the tennis player model or on the tennis racket
model and finally on the combined player and racket model.

Based on the accuracy results obtained for four various types of
input data, the following similarity can be noticed for the ST-GCN and
A3T-GCN. The lowest accuracy values are obtained for data repre-
sented by a tennis racket model (70.21-81.91% and 77.19-84.99% for
the ST-GCN and the A3T-GCN, respectively), while the highest results
are gathered for data represented by a tennis player model holding
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a tennis racket, represented as three-dimensional points (79.10-88.91%
and 85.23-93.23% for the ST-GCN and the A3T-GCN, respectively). For
the ST-GCN classifier accuracy is higher for 3D-based data of a tennis
player model (78.10-88.70%) than for image-based data (77.11-84.70%).
On the other hand, the following situation occurs for the A3T-GCN, where
image-based data obtain higher results (80.10-88.70%) compared
to the 3D-based tennis player model (78.70-89.93%). In the case of
the DA-GCN for image-based input accuracies (82.30-92.00%) are lower
than for 3D-based input (89.37-97.87%). These results clearly indicate
that tennis strokes recognition based on data containing a full body tennis
player model with a tennis racket model allows for higher classification
performance when the data are represented as three-dimensional coordi-
nates. This type of data is more accurate than the same data represented
as an image and thus provides better performance [102].

Another interesting issue that is raised in this monograph concerns
verifying whether the use of attention modules for the GCN allows one
to improve the network performance. For the purpose of this study
two out of three proposed GCN methods are implemented utilizing soft
attention modules for feature extractions. In the A3T-GCN approach
one attention module is proposed, while in the DA-GCN - two are
proposed, one for the tennis player model and the second for the tennis
racket model, respectively. Applying one attention module improves
the classification mean accuracy up to 5.93% for 3D combined data.
Implementation of two separate soft modules allow one to obtained
improvements up to 9.81% and up to 3.88%, compared to a neural
network without an attention module and a network with one attention
module, respectively. These results confirm that the use of attention
modules allows one to improve the performance of the tennis stroke
classification.

This monograph also attempts to verify whether the fuzzification
process of the input data affects the quality of tennis stroke classifica-
tion. In the case of forehand and backhand groundstrokes, the analyzed
phases of tennis moves can often be confused, i.e., the preparation
phase and the actual hit, which begins with the contact of the racket
and ball and the racket swinging to complete the stroke. The boundary
between these phases is not sharp. That is why in this study fuzzy
logic was implemented into the input of the proposed GCN approaches
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utilizing trapezoidal functions. This process allowed one to model
the uncertain items. For all proposed neural methods, the fuzzification
process improved the classification performance. The mean accuracy
enhancements after applying the fuzzification process were obtained
at the level of 1.33%, 1.69%, and 3.33% for the ST-GCN, A3T-GCN,
and DA-GCN, respectively. It should be stated that the highest abil-
ity to classify tennis movements is gained by the DA-GCN approach.
The obtained results for all graph networks clearly indicated that
the fuzzification of input improves performance of tennis movements
classification.

The average computation times for training the proposed networks
are presented in Fig. 8.1-8.3. The lowest training times were recorded
for the ST-GCN classifier, and the highest for the DA-GCN. It should be
noted that adding the attention module causes an increase in the network
training time. In the case of ST-GCN and A3T-GCN solutions, image input
data required the most time. The least time was needed for 3D data in
the form of a racket model, while the most time was required for a tennis
player model with a racket. This depends on the number of markers
from which a given input data model was created. The network training
computation times with and without input fuzzification are comparable.
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Fig. 8.1. Average computation time for training the ST-GCN classifier
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Fig. 8.2. Average computation time for training the A3T-GCN classifier
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Fig. 8.3.Average computation time for training the DA-GCN classifier

The performance of all proposed models was verified using Leave-
One-Out Cross Validation (LOOCV). The evaluation of the model is
calculated based on training and testing sets. The testing set contains
one element. The idea is to obtain performance for one element (obser-
vation) from the testing set. This method is stated to be appropriate
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for the gathered tennis dataset. Although it is very expensive compu-
tationally, it allowed one to obtain unbiased information about
the models, and to evaluate how each data represents the whole data-
set. Applying the LOOCV the root mean squared error (RMSE) was
utilized:

1 & _\2
MSE—;Z(%—%) (8.1)

i=1

where n states the number of dataset elements, y,is true value, while
i the predicted one.

RMSE = VMSE (8.2)

The obtained results for all presented models, gathered in Table 8.1,
indicate that all proposed networks obtained high-performance. They
perform well on the new data that were not used for training these
models.

CNN has gained impressive results in image classification and for
recognition purposes. Their success was mainly involved with convolu-
tional operations performed utilizing kernels or filters. A very interesting
approach is understanding how the images are interpreted by neural
networks and what features are extracted. Before final classification,
the neural networks reveal relevant information from an input image.
These data are further used in the recognition. The classification perfor-
mance relies on the obtained features. The more adequately the infor-
mation is revealed, the more relevant features are recognized and thus
a higher classification performance may be obtained. Moreover, the visu-
alization may provide information about what features are extracted
between network layers.

In this monograph, the effort was put on an interpretability
aspect, which reveals the vital information from a DL model and indi-
cates which part of input data are the most relevant. It is the level to
which a human may understand how the classification is performed
[106]. The concept of explainability is related to interpretability.
The explainability reveals the internal mechanics of the ML approach.
There are four main types of techniques applied in terms of interpret-
ability: global and model-agnostic, global and model-specific, local
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and model-agnostic and finally local and model-specific [106][107].
The third one was used in this monograph. It is often applied in sophis-
ticated DL models by providing various mechanism indicating on which
part the approaches pay attention. The attention maps as well as heat
maps revel local surroundings that are crucial for prediction and detec-
tion [108].

Table 8.1. Obtained LOOCV values for the proposed models

Model Input type RMSE +SD

image 8.34 5.23

3D tennis player model 8.94 5.89

ST-GCN 3D tennis racket model 9.11 5.47

with  tennis racket model 792 5.05

image 8.11 6.01

3D tennis player model 8.87 577

Fuzz ST-GCN 3D tennis racket model 8.91 542
3D tennis player model

with a tennis racket model 7.89 4.96

image 8.89 5.77

3D tennis player model 8.64 5.13

A3T-GCN 3D tennis racket model 9.57 5.73
3D tennis player model

with a tennis racket model 6.83 5.01

image 7.53 5.23

3D tennis player model 777 4,98

Fuzz A3T-GCN 3D tennis racket model 8.04 5.55
3D tennis player model

with a tennis racket model 7.11 5.01

image 6.69 345

3D tennis player model 6.58 4.82

DA-GCN 3D tennis racket model 6.93 417
3D tennis player model

with a tennis racket model 6.13 4.07

image 6.28 4.43

3D tennis player model 5.99 4.87

Fuzz DA-GCN 3D tennis racket model 6.03 423
3D tennis player model

with a tennis racket model 5.11 3.35
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Class activation maps (CAM) have the ability to reveal a part of an
image that is extremely important for specific classification purposes.
After each layer a global average pooling is applied. The process of
extracting features from images presenting a Vicon tennis model with
a tennis racket for the forehand tennis move is depicted in Fig. 8.4
and Fig. 8.5. The brighter the color obtained, the more important part
of the image is revealed. As it can be easily seen, the whole tennis
player model together with a tennis racket is extracted as relevant
information for tennis strokes recognition.

e

V'

A

Fig. 8.4. Feature maps in the first convolution layer in the first convolution block

However, it should be noticed that various filters in convolutional
operations indicated different parts of the tennis player model, a whole
tennis racket, or both. Apart from a tennis racket, the left side of
the player model seemed to be more relevant in tennis movements
recognition than the right one. Positioning of the player’s body, both for
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upper and lower parts, is crucial for the correct stroke performance.
In the analyzed images (Fig. 8.4), the tennis player is positioned
in such a way as to depict the entire player model holding a racket
in preparation for the forehand stroke. Even though the racket
model is behind the player, its position is crucial for classification
of this phase. Not only is the arm holding the tennis racket relevant;
the other arm’s location is also relevant. Also important are: position-
ing and twisting the upper body during impact as well as preparing for
impact. Additionally, floor and a vector representing ground reaction
forces from biomechanical platforms are also indicated as significant.

Analyzing the extracted features after the first and third convo-
lution, it can be noticed that in both cases, characteristic data neces-
sary to recognize the forehand preparation move were obtained.
It is clearly visible that various filters applied reveal various pieces
of vital information.

i

Fig. 8.5. Feature maps in the second convolution layer in the first convolution block

181



Fig. 8.6. Heat maps obtained in the first pooling layer in the first convolution block

In the case of heatmaps, the most relevant features taken for
classification purposes combined are shown in a set of images. As it
is depicted in Fig. 8.6, the tennis player model together with the racket
model are extracted.

Gradient-weighted Class Activation Mapping (Grad-CAM) is
another method for neural network interpretability that utilizes
gradients to obtain a localization map of important image regions
from the final convolutional layer [109]. It can be observed which
parts of images and patterns are relevant for classification purposes.
The obtained maps are presented in Fig. 8.7-8.12.
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Fig. 8.7. Grad-CAM for the ST-GCN classifier for tennis forehand

Fig. 8.8. Grad-CAM for the ST-GCN classifier with fuzzification for tennis forehand
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Fig. 8.9. Grad-CAM for the A3T-GCN classifier for tennis forehand

Fig. 8.10. Grad-CAM for the A3T-GCN classifier with fuzzification for tennis forehand
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Fig. 8.11. Grad-CAM for the DA-GCN classifier for tennis forehand

Fig. 8.12. Grad-CAM for the DA-GCN classifier with fuzzification for tennis forehand
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In case of the ST-GCN model with and without fuzzification
(Fig. 8.7, 8.8), the classifier gives the highest attention to the upper
body part. Its location is relevant to distinguish tennis movements.
Less attention was paid to important elements such as the racket and
lower body of a tennis player. For the fuzzification process the player
tennis model was most relevant. In case of the A3T-GCN classifier
(Fig. 8.9), the network focused most of its attention on the lower
body of the tennis player and the racket. The upper body was also
considered as important information. Fuzzification resulted in
the most significant elements being the whole figure of the tennis
player and the racket (Fig. 8.10). For the DA-GCN classification,
the network focused most of its attention on the tennis racket and
the lower body of the tennis player (Fig. 8.11). Then, the upper body
was also considered as important information. The application of
fuzzification made the tennis racket and the whole body of the tennis
player the most significant elements (Fig. 8.12).

Grad-CAM visualizes how the application of fuzzification process
improves the classification results. In each case, the proposed neural
network models determine strokes based on the silhouette of a tennis player
and a tennis racket, taking into account its different parts. The fuzzification
process causes the network to verify the greater part of the silhouette and
the tennis racket as necessary features.

Due to limited access to datasets containing accurate tennis data,
a professional dataset was created as the first step in this study. The 3DTen-
nisDS contains the basic movements of tennis strokes, such as forehand,
backhand, volley forehand, and volley backhand. They were recorded using
an optical motion capture system utilizing retro-reflective markers. Both
a tennis player’s and a tennis racket’s moves were captured. Because of
the dimensions of the motion capture laboratory, it was not no possible
to record tennis moves such as serve or smash. The obtained data were
accurate, and thus are suitable for further studies. Moreover, forehand
and backhand groundstrokes were divided into two phases, each. The first
one is the preparation phase, while the second includes movements from
hitting the ball with a tennis racket together with the racket swinging.
All tennis strokes were supervised by the professional tennis coaches. They
also approved the recordings and specified their division into separate
phases. Among available tennis datasets, like THETIS or Mimetics, recorded
using a Kinect device, or based on sensor data, and finally created based on
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the broadcast videos, there are not many motion capture datasets recorded
using an optical motion capture system. The Tennis-Mocap is one exam-
ple of this kind of data. However, they are provided using a bvh format.
In the prepared and presented 3DTennisDS, the data are stored in c3d
format. It should be emphasized that more points on the tennis player
model was defined, 39 according to the Plug-in Gait model, compared to 34
in Tennis-Mocap dataset. It should be emphasized that, in 3DTennisDS the
tennis racket model was also defined. These kinds of combined data allowed
for sophisticated classification utilizing GCN and attention modules.

From the created 3DTennisDS two types of data were generated. First,
images from the Vicon motion capture software were generated. They
contained the model of a tennis player together with the model of a tennis
racket. Second, from c3d recordings, three-dimensional data were gener-
ated, storing information from all markers corresponding to a player’s
body and a racket.
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Conclusions 9

This monograph deals with the challenging issue of recognizing tennis
strokes. The main focus is placed on four basic movements, such as fore-
hand, backhand, volley forehand and volley backhand. Furthermore, the
player’s movements between these moves are also analyzed and reflect
a moving tennis player on a court. The forehand and backhand strokes
are further divided into phases, which allow the detection of stroke
stages. This allows one to analyze how a player prepares to execute
the stroke, and then how well he or she performs it.

In this monograph, the main focus is put on classification utiliz-
ing graph convolutional networks. For the purpose of this study
three GCN solutions have been developed. Comprehensive research
has been carried out to select the most appropriate tool for recogniz-
ing tennis moves. Several issues have been studied in depth. It was
stated that GCNs were adequate tools for tennis movements recogni-
tion. It has been verified that classification performance depends on
the input data type. Recognition based on 3D-based data reflecting
a tennis model with a racket model obtains higher performance than for
the same models formed as images. Another issue that has been analyzed
in detail consisted of applying attention modules. It has appeared that the
highest performance was achieved for the DA-GCN with two soft attention
modules. How input fuzzification affects the quality of classification has
also been investigated. In this monograph, the use of this process with
a trapezoidal function improved the classification performance of each
classifier for each type of input data. As a result, the proposed DA-GCN
approach turned out to be the best solution for tennis movement recog-
nition using three-dimensional data.

In this monograph, the interpretability aspect of GCN was also
presented. This issue of significant importance has been examined by
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presenting feature maps and heatmaps obtained after selected convolu-
tional operations. These results showed how individual filters in GCNs
extract features that are relevant for recognizing tennis movements.
In order to conduct a comprehensive analysis, a dataset of tennis
strokes, titled 3DTennisDS, was developed. All the tennis movements
stored in it were performed by ten professional tennis players and
recorded using a passive optical motion capture system. This resulted
in obtaining a dataset of very accurate motion data.

However, the presented studies also have limitations. First of all,
the capturing of tennis strokes was performed in a laboratory, not on
a tennis court. For this reason, the participant in the recording was
constantly moving, making tennis strokes after running around a bollard.
Second, the height of the laboratory prevented recording of the serve stroke.

While analyzing the validation and testing accuracy presented on
graphs, oscillations can be seen before the model stabilizes. They can
result from additional artifacts presented in the images (the presence
of biomechanical platforms and the floor) apart from the tennis player
and the racket models, adjusting the image to the classifier input,
or creating a graph utilizing operations based on the image. Despite
the initial instability of the model, it can be seen that in the final phase
of training the network achieves stabilization at an acceptable level.
The results show that the number of 140 epochs is sufficient for
the model to function correctly. Moreover, based on confusion matrices
for all proposed classifiers, it can be stated that a small percentage of
tennis movements were incorrectly classified. What is more, the same
strokes were often misclassified.

This monograph presents a wide perspective of tennis strokes
recognition. The presented studies detailed a concern for the recog-
nition of tennis movements based on accurate data and will allow in
the future the creation of realistic 3D animations reflecting tennis
movements. The described research may also be the basis for imple-
menting applications that support learning basic tennis strokes.
Beginning players and amateurs may thereby be able to enhance their
enjoyment of the sport. In a future study, the author will try to achieve
faster convergence of the model by changing hyperparameters such as:
kernel size, stride, or activation function. Various methods of aggre-
gations may be considered [110][111] in order to improve the model’s
performance and thus enhance tennis movements recognition.
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