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Abstract

Sports analysis technologies have attracted increasing attention with the host-
ing of big sports events in Japan, such as the 2020 Olympics. In particular,
vision sensor based sports data analysis technology is expected to provide co-
pious game data for the realization of professional strategy analysis systems
and sports broadcasting systems. The TV broadcasting system for swimming
and the soccer strategy analysis system have been developed and put into
practical use. However, these technologies work for the data acquisition of
1D and 2D movement. For expanding them to a wider range of sports such
as volleyball, pingpong and tennis, the 3D sports analysis is expected. Partic-
ularly, the volleyball requires 3D data for 3D movements of both the ball and

the player.

In order to realize the 3D sports analysis system for volleyball, the tech-
nologies that acquire the game data (the position and velocity of the ball and
players, the motion of players and the data representing the play efficacy, etc.)
and their real-time implementation are required. Since the movement of the
ball is deeply involved in every situation during the play, the ball data holds
the key of further data acquisition and analysis. The ball related data include
the physical, event and strategy data. First, the physical data represent the 3D

position and velocity of the ball. Second, the event data represent what kind



of play has been done, such as receive, toss and spike. Finally, the strategy
data are values deciding the play efficacy, such as the number of available at-
tackers and blockers, the attack tempo, the attack type, and the set zone. The
physical data can be obtained by the 3D tracking technology, which suffers
from the abrupt ball motion, the ball moving out of the frame and the occlu-
sion. The event data can be obtained from the ball trajectory. However, noise
in the trajectory affects the detection accuracy and the event change is difficult
to predict because of the unknown time of the player’s action that changes the
event. To obtain the strategy data, the role of each player (attacker, blocker,
setter) is required, however it cannot be automatically obtained only from the

physical data and event data without manually labeling.

To solve above problems and realize a 3D sports analysis system for vol-
leyball that enables automatic acquisition of ball related data (physical data,
event data, and strategy data), the abrupt motion feature and spatial impor-
tance are proposed in this dissertation. The abrupt motion feature is defined
by the velocity change in the abrupt situation and the general situation of the
ball and player. By combining the abrupt motion feature in different situa-
tions or using it as the likelihood, it is possible to acquire several kinds of
data accurately. In addition, the spatial importance indicates the probability
distribution of the ball candidates, the event change positions and the loca-
tions of each player role. Based on these, target state of tracking and detection
can be estimated accurately so that a higher performance of data acquisition

can be achieved.



This dissertation is organized as follows.

Chapter 1 explains the significance of 3D sports analysis technology and
the necessity of automatic data acquisition based on vision sensors. Then, the

points of focus and the objectives of this dissertation are described.

In chapter 2, to acquire the physical data of the ball such as 3D position
and velocity from the multi-view game data, the abrupt motion adaptive sys-
tem model and the ball candidate distribution based recovery are proposed. In
Deguchi’s work [MVA, 2002], the system model is proposed assuming that
the ball motion is free fall and bouncing. However, it is unsuitable for vol-
leyball, in which the ball direction changes due to external factors by players.
The proposed system model combines two different system noises that cover
the motion of the ball both in general situation and abrupt situation. Combi-
nation ratio of these two noises and number of particles are adaptive to the
estimated motion probability. Then, the ball candidate distribution is used to
recover the tracking lost caused by the ball moving out of the frame. The anti-
occlusion observation model solves the occlusion problem by eliminating in-
fluence of the camera with less confidence. In this dissertation (including all
chapters), the experimental HDTV video sequences are the 2014 Inter High
School Men’s Volleyball Games held in Japan, which are captured by four
cameras located at each corner of the court. Here, the experimental results
show that the success rate achieved by the proposals of 3D ball tracking is

99.4% and the average position precision error is 5.32(cm).

In chapter 3, to acquire the event data based on the ball trajectory and



game videos, the multiple event change feature based observation and the
spatial event change probability distribution based prediction are proposed.
As the conventional work of the ball event detection, Almaljai [ICIP, 2010]
detects the event change by using entire 2D ball trajectory for tennis game.
However, noise in the trajectory influences the detection performance. Be-
sides using the abruptness of trajectory in which noise exists, the proposed
observation also uses the area of players’ skin as likelihood to evaluate the
event change. When players’ hands are close to the ball, the ball is more
likely to be hit. So the area of players’ skin in the region around the ball
is calculated as the likelihood of event change. The probability distribution
of event change is approximated according to the fact that the probabilities
of event change in different spatial locations are different. For example, the
probability becomes large in the spike and block areas. Thus event changes
are accurately predicted. Experimental results show the detection rate of ball

event achieves 92.4%.

In chapter 4, to automatically acquire the strategy data showing the at-
tack efficacy from the game videos, the relative motion abruptness and rel-
ative court zone division based player role detection is proposed. For the
strategy data analysis, the Data Volley system is widely used. However, its
input is performed manually by visual observation, which is inaccurate for
human mistake and requires much manually labeling. Therefore, there is a
demand for a technology that automatically and accurately acquires the strat-
egy data. All the strategy data are defined based on player role, which cannot

be obtained directly from the physical and event data because of consist-



ing strategy information. In the proposed method for player role detection,
the relative motion abruptness, which is calculated from the ball motion and
player motion, represents the effort of each player to the play. This feature
is used to filter out the candidate role for each player. By dividing the court
zone into setter, attacker and blocker zones based on the distance between
the ball and the player, a court zone based filter is modeled to further detect
the player role. Based on the detected role of each player and their physical
data and event data, the strategy data indicating the attack efficacy variables
can be calculated. The detection rate of the set zone, the number of avail-
able attackers, the attack tempo and the number of blockers are 100%, 100%,
97.8%, and 100%. Compared with the detection rate of manual acquisition,

it achieves 8.3% average improvement.

In chapter 5, the overall dissertation is summarized and the future works
are described. To realize a 3D volleyball analysis system, algorithms for the
automatic acquisition of the physical data, event data and strategy data are
proposed. The motion features in abrupt and general situation are combined
in system model and are used as likelihood in observation. The spatial prob-
ability distribution indicates or ball and players’ exiting area. They are used
to achieve an accuracy of 92~100% for the game data acquisition, which
greatly contributes to the academic. These results are highly evaluated in
various practical applications, such as the game strategy system and the TV

sports broadcasting system.
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Chapter 1

Introduction

1.1 Importance of Sports Analysis

The sports analysis technologies have attacked lots of attentions as big sports events going
to be held in Tokyo in the near future, such as the 2020 Olympic games and 2019 Rugby
World Cup. With rapidly development of computer vision technologies and widely uti-
lization of high-quality videos productions, the vision cameras based sports analysis be-
comes key topic for supporting of sports industry.

By providing accurate and copious game data, the sports analysis mainly contributes
in two aspects, the TV broadcasting system and game strategy analysis systems.

For the TV broadcasting system, the sports analysis technologies devote to the TV
content of the game. With various kinds of game data extracted automatically from the
vision sensor, the game contents and the player performance even the mental state are
expected presented visually to the audience. The game contents include not only the game
scoring but also the precise data that cannot be obtained manually such as the height of the
jump and the speed of the ball. The player performance and mental state are represented

by the quality of the action and the pulse rate. Based on these data, the implementation
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TV content

Tokyo 2020

Olympic | Q p
" Volleyball

: Woman'’s World Sports Analysm
Championship —'—'—

Japan 2018

Rugby e o v
_ World Cup |
“ Japan 2019 |

hitps:ﬂwww.pa-r-'l.asonic.c:omijp!corporatefwondersMondersolutionsfvital.html
https://volleyballblog.wordpress.com/2014/02/23/running-datavolley-on-an-apple/

Figure 1.1: Importance of the vision camera based sports analysis.

of an attractive TV sports contents is expected to help the audience understand the game

status deeply and comprehensively.

For the strategy analysis systems, the vision camera based technologies have great
potential in providing accurate game data and saving human labor. The strategy analysis
systems cover various aspects, such as the game data statistic, the tactics development
and the coaching supporting. The effective strategy analysis systems play important role
in the improvements of the team strength and the player skill by providing the tactics of
teamwork, presenting the training progress and providing reasonable training plan. The
performance and reliability of the strategy analysis systems are influences by the accuracy

and amount of the game data acquired from the game.



1.2 Importance of 3D Sports Analysis

1.2 Importance of 3D Sports Analysis

Currently, there have been some sports analysis system products being utilized in the
sports event. For performing the swimming competition attractively, a video based broad-
casting system shows the speed of each player in the TV image. For the development
of the tactics in the soccer, the game videos based strategy analysis system evaluates the
team performance from the players’ positions and motions.

However, these products only work for acquisition of the 1D and 2D motion. In order
to expand the application objects to a wide range of sports that require 3D data acquisition,
the 3D sports analysis system is expected. The objects of 3D sports analysis include the

volleyball, the pingpong and the tennis.

SRR pm AE=F  kam

A ey CEEE WD 1

(a) Two-dimensional analysis (b) One-dimensional analysis
https://www.panasonic.com/jp/corporate/wonders/wondersolutions/vital.html

Figure 1.2: Examples of 1D and 2D sports analysis products.

Particularly, in the volleyball game, motion of both the player and the ball are de-
scribed in 3D concept. Firstly, the ball in volleyball game always flies in the air. To
describe the ball information, especially the ball height, 3D motion is required. Further-
more, the players not only move left-to-right or front-to-back on the ground but also jump

to play the ball. Such as in the serve, spike and block situation, since the ball flies in a
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(a) Volleyball (b) Ping-Pong
https://www.panasonic.com/jp/corporate/wonders/wondersolutions/vital. html

Figure 1.3: For strategy analysis (e.g. volleyball, Ping-Pong and tennis) 3D data is necessary.

large height, the player should jump high to play the ball.

3D data in volleyball game N Volleyball analysis from videos
Ba”: - r M by )
E e 3D position
go [/)’ KA. Velocity
Yo i Direction

i
]
g

E]

Y
" P —" e
i []
= T |:>

Spike height + Data statistic & analysis
+ Tactical development
3D position of main « Coaching & Training

part

1D & 2D data analysis is no

Jump height meaning for volleyball analysis.

http://www.dataproject.com/Products/EN/en/Volleyball/DataVolley4

Figure 1.4: Target of 3D sports : volleyball.

1.3 Technologies in 3D Volleyball Analysis

In order to realize the 3D sports analysis system for volleyball, the technologies of game

data acquisition is required. From the game data category point of view, the data acqui-



1.3 Technologies in 3D Volleyball Analysis

sition technologies include three levels. First level is the acquisition of the position and
speed of the ball and players, such as the 3D ball tracking and multiple players tracking
technologies. Second level is the acquisition of the event and player motions such as
the event detection based on the ball trajectory and the player action detection. The last
level is the acquisition of the strategy data representing the play efficacy automatically.
Furthermore, with the target of TV broadcasting system, the real-time implementation
technology and CG display technology are also required. Combining all the 3D sports
technologies mentioned above, various kinds of game data can be obtained accurately,
automatically and timely from game videos. These 3D sports technologies not only can
be used for volleyball game, but also has high potential to be extended to other ball sports

such as the pingpong and the tennis game.

Ball related data acquisition

Efficacy
Ball | 3Dball | | Ball event variable
CD tracking detection acquisition
Playing
start
detection
Volleyball 3D player body
Multiple parts tracking
Other sports: | Player player
'+ Tennis | tracking Player action
'+ Ping-pang detection
ot} TTTTTmmmmmoommmmmme -

Real-time Implementation

Figure 1.5: Technologies of 3D volleyball analysis.
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Among all the 3D sports technologies of data acquisition, the acquisitions of the ball
related data play the most important role and the ball data holds the key of further data
acquisition and analysis. It is because that the movement of the ball is deeply involved

in every situation during the play. The ball related data includes the physical data, the

/—‘ Physical data }— /—‘ Strategy data }—\
= z

'/’ « 3D position — Eﬁicacy:ariables
(x,y,2) + 3D velocity attacker & blocker
- By
/ %74\7% %ettei ‘ l\ \
‘/X
Event data | ATTACK

» Ball event Oy * Available

receive set serve 3? attackers number
+ Attack tempo

Y + Set zone
/ \splke
Blockers number

+ Players’ position mms) > . Attack type

oC >

Figure 1.6: Ball related data acquisition.

event data and the strategy data. First, the physical data represents the 3D position and
velocity of the ball. Second, the event data represents what kind of play has been done,
such as receive, set and attack. Finally, the strategy data shows the play efficacy of the
attack, such as the number of available attackers and blockers, the attack tempo, the attack
type, and the setting zone. Therefore, acquisitions of these three kinds of ball related data

accurately and automatically are key topics in 3D sports analysis.



1.4 Problems in Ball Related Data Acquisition

1.4 Problems in Ball Related Data Acquisition

To achieve high performance for the acquisition of the ball related data, it is necessary to
solve the problems in the 3D ball tracking for physical data acquisition, the ball trajectory
based event detection for event data acquisition and the attack efficacy variables detection

for strategy data acquisition.

Physical data Event data Strategy data
acquisition acquisition acquisition
3D Ball | Event |Ball event Efﬂp acy _>Eff_|cacy
ball traiectorv | detection > variable | variables
tracking ) y Player_,| acquisition

R 1§ pestes R

. > Abrupt motion > Noise in trajectory » Unknown player
: . ? Hoo i roles
o .. 1 -
Hitting g 7 role?
. » Out of frame H noise
: @ < Lost G
trame | 11> Unknown ball hitting ' |
\ time 2 7,
% | /W\ | ? O
: o > setter?  attacker?
> Occlusion | __eventchange ' [ U TEUET f

Figure 1.7: Problems in the automatic ball related data acquisition.

In the 3D ball tracking from videos for the physical data acquisition, the difficulties
include the ball’s small size, high speed and frequently occlusion by players [3] [4]. Part
of these can be solved by developed high-resolution videos, but due to the special envi-
ronment of real game and limitations of the shooting conditions in volleyball game, there

are still three major problems remained causing the tracking lost: the abrupt ball motion,
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the ball moving out of the frame and the occlusion. Firstly, the abrupt motion of the ball
is difficult to predict because of unknown external force. In volleyball games, there are
copious events of abrupt motion including receive, set, attack and block. When these mo-
tions occur, speed and direction of the ball change abruptly and drastically by the hitting
force of players. Different from ground bouncing, motions after hitting by players are un-
predictable because of the unknown force. Secondly, the ball moves out of the frame due
to the limitation of the camera position. In this situation, there is no target in the frame
and the tracking fails. Since the time when the ball re-appears in the frame is unknown,
the tracker is difficult to recovery the tracking. Thirdly, the ball is frequently occluded by
players and other objects in game videos that make the tracking fail easily.

In the event detection, which is based on the ball trajectory and video for the event
data acquisition, there are three factors affects the acquisition performance: the noise in
the unstable ball trajectory, the unknown time of the player action that changes the event
and the large intra-class difference of the same event type. Firstly, unstable and rough
ball trajectories are bad for feature extraction of ball event. Not only the positions, but
the speed and motion directions also reflect important features of a ball event as well.
Especially, when the ball is hit by player, the velocity changes dramatically before the
position trajectory turns. Without the integrate as well as accurate trajectory, the event
change can only be estimated by the velocity variation since the turn of the trajectory
is not obvious through local short trajectory segment. However, from real game videos
the accurate 3D ball trajectory is difficult to track due to the complex background as
well as the motion of the ball. The small flicker of position trajectory corresponding to
large difference in velocity affects the reliability of event feature extraction from velocity

information. Secondly, the event change when the player hits the ball. In volleyball
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game, without referring the information of players, the time when the player hits the
ball is unknown and different event continues different time length in different situations.
Therefore, it is difficult to predict the event change temporally based on the ball trajectory.
Thirdly, the intra-class differences of some ball event are large, which lead to difficulties
in event feature extraction. In volleyball game, the locating position and the continuing
time of one event change a lot in different situations. Such as one pass (receive or set)
event may occur in anywhere even the outside of the court. And one attack may continue
until: 1) being blocked around the upside of the net; 2) being received after crossing the
net; 3) hitting the ground. The continuing time of events under the above three conditions
are different although all of them belong to "attack” event.

In the attack efficacy variables detection for the automatic strategy data acquisition
from the game videos, the unknown role information is the key factor that makes the
automatic strategy data acquisition difficult. Without the manually labelling the role for
each player (such as the attacker, blocker, setter), the role information cannot be obtained
automatically from the physical data and event data of the ball and players. To acquire
the attack efficacy variables, not only the player who attacks the ball, but also the setter,
other available attacker, and the blockers need to be identified. In the volleyball game,
even the physical and event data of the team is obtained, it is still difficult to analysis the

contribution of each player to the play without any information of player roles.

1.5 Proposed Solutions

In the 3D ball tracking, the performance of the physical data acquisition suffers from

the abrupt ball motion, the ball moving out of the frame and the occlusion. These cause
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Figure 1.8: Proposed concepts: abrupt motion feature.

tracking lost. The proposed 3D tracking algorithm uses the abrupt motion feature defining
by the velocity change. In the abrupt situation (like the ball being hit by players and the
player rushing), the velocity change is large. In the general situation (the ball flying in
the air and the player being standby), the velocity change is small. By combining two
different system noises that cover the motions of the ball both in general situation and
abrupt situation, the problem of the abrupt ball motion can be solved. Furthermore, based
on the spatial distribution of existing probability for the ball candidates, the tracking can
be recovered from the ball moving out of the frame by re-initializing the tracking at the
area where the ball candidate’s existing probability is large. In addition, referring the

multi-view image information, the occlusion problem can be solved.
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In the event detection based on the ball trajectory, which are affected by the noise in
the unstable trajectory and the event change that is difficult to predict. To deal with the
noise in the unstable trajectory, the abrupt motion feature (the velocity of the ball changes
a lot when being hit by the player) is used. Besides the trajectory abruptness that reflects
the velocity change, the player skin area feature (that represents the probability of the ball
being hit) based on the videos is also used in the observation of the event change so that
the unidirectional dependency on the ball trajectory is avoided. At last, the feature of the
distance between the ball and the specific court line are extracted to detect the event type.

In the attack efficacy variables detection for the strategy data acquisition based on the
game videos, the main difficulty is the unknown player roles without the manual labeling.
The proposed method overcomes this difficulty by using the relative motion abruptness

(that is calculated from the ball motion and player motion) and the important court zone

11
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of each player role to filter out the role of each player. In addition, by summing up the ball
relative motion density of all the players in specific court area, the influence of individual

player information can be reduced for the team status detection.

1.6 Chapter Organization

This dissertation is targets on the automatic acquisition of the ball related data in volley-
ball for 3D sports analysis. Each chapter is organized below.

Chapter 1 explains the significance of 3D sports analysis technology and the neces-
sity of automatic data acquisition based on vision sensors. To acquire the physical data,
event data and strategy data from the game videos, the multi-view 3D ball tracking, the
event detection based on the ball trajectory and videos, and the attack efficacy variables
detection methods are proposed in chapter 2, 3 and 4, respectively. This paper consists of
two full papers. Chapter 2 consists of one paper [5] whose content is the 3D ball tracking
for physical data acquisition. Chapter 3 consists of one paper [6] targeting on ball event
detection for event data acquisition.

Chapter 2 describes the proposed 3D ball tracking algorithm with abrupt motion adap-
tive system model and the ball candidate distribution based recovery. The proposed sys-
tem model combines two different system noises that cover the motions of the ball both
in general situation and abrupt situation. This system model solves the tracking lost from
abrupt ball motion. Furthermore, the ball candidate distribution is used to recover the
tracking from lost caused by the ball moving out of the frame.

Chapter 3 presents ball event detection with the multiple event change feature based

observation and the spatial event change probability distribution based prediction. To

12



1.6 Chapter Organization

solve the problem of noise in unstable trajectory, the proposed observation evaluates event
change by using the feature of the trajectory abruptness and the area of players’ skin as
likelihood. The probability distribution of event change position is used for predicting
event change accurately.

Chapter 4 proposes the relative motion abruptness and relative court zone division
based player role detection to automatically acquire the strategy data. To acquire the
player roles that is difficult to obtain automatically, the relative motion abruptness, which
is calculated from the ball motion and player motion, and the court zone division by ball
relative distance are proposed as filters of player roles.

In chapter 5, the overall dissertation is summarized and the future works are described.
The proposed algorithms acquire the physical data, event data and strategy data automat-
ically with high precision based on the game videos. For the game strategy analysis, the
quality evaluation of play is the remained topic, which is one of future targets of research.

And the real-time implementation is the other target for the TV broadcasting system.

13
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Chapter 2

Abrupt Motion Adaptive System Model
and Ball Candidate Distribution based
3D Ball Tracking

2.1 Introduction

The physical ball data, including the 3D position and velocity, not only represents the ball
motions but also is the key of event and strategy data acquisition. As Fig. 2.1 shows, in the
acquisition of three kinds ball related data, the physical data acquisition is the first step
whose input is the game videos and output is the ball trajectory consisting 3D position
and velocity. Since the tracking rate and the accuracy of the 3D position of the ball affect
the reliability of game analysis significantly, the goal of this chapter is to perform 3D ball
tracking with a high rate of tracking success.

Difficulties in ball tracking from videos include the ball’s small size, high speed and
frequently occlusion by players [3] [4]. Part of these can be solved by developed high-
resolution videos, but there are still three major problems remained due to the special en-

vironment of real game and limitations of the shooting conditions in ball sports. 1) Abrupt
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Figure 2.1: Introduction of the ball physical acquisition and whose position of in entire research.

motion of the ball is difficult to predict because of unknown external force. For instance,
in volleyball games there are copious events of abrupt motion including spike, toss, re-
ceive and block. When these motions occur, velocity and direction of the ball change
abruptly and drastically by the hitting force of players. Different from ground bouncing,
motions after hitting by players are unpredictable because of the unknown force. 2) The
ball is frequently occluded by players and other objects in game videos. Under this con-
dition, the tracking target disappears from the image and the tracker easily fails. To solve
these two problems, there are many approaches have been proposed. 3) Because of limi-
tation in video recording, the ball moves out of the frame in some situations. In this way,
there is no tracking target in the image so that the tracking failure occurs.

To solve the first problem, Huang [ 7] employed motion estimation into the state transi-
tion of the particle filter, thereby making the process noise variance adaptive to the motion.

In Yan’s work [8] involving ball tracking, the system equation is switched between two

16



2.1 Introduction

dynamic models based on the distance between the ball and the player. As the positions
of the players are required, this method is adversely affected by games in which several
players participate. In their subsequent work [9], Yan tracked the trajectory of the ball
backward by using the posteriori probability data to accommodate the abrupt motion.

As for the occlusion problem, Scharcanski [10] aimed at solving this problem by
switching to a different sampling model according to the detection result of the occlusion
event, whereas Guo [11] enlarged the search region based on the algorithm of the particle
filter. Similar to most occlusion handling methods [12] [13] [14], however, their methods
are unable to track the real position of the ball due to the lack of multi-view information.
With two-view videos, Rezaee [15] succeeded in tracking the target independently for
each view and used the homographic relation to declare as well as cancel the occlusion in
one view, but their work cannot obtain the 3D position of targets.

Besides the three problems mentioned above, there are still other problems in our
research, such as the complex background in the game video. In an official game, there
are a lot of audiences, staffs, judgers and some players being inside the video scene. These
items not only make of a complex background with noise, some objects even share the
similar feature with the ball. With the purpose of ball tracking in complex background, my
one work [16] proposed the ball feature observation likelihood to distinguish the ball from
other items in the background. In addition, the tracker sometimes fails to track the target
or the ball moves out of the video frame because of the shooting condition limitation. In
these situations, it is almost impossible for the tracker to recover tracking automatically.

There are two related works of 3D ball tracking. First, Chen [17] proposed an au-
tomated system for ball tracking and 3D trajectory approximation in volleyball games.

A two-phase ball tracking algorithm is used to detect ball candidates and fit a trajectory

17
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based on information obtained from a single camera. However, the lack of multiple space
information means that his approximated result is unreliable and the tracking accuracy
is not high. Second, Deguchi’s work [1] tracks reconstructed 3D positions of multiple
objects from multi-view images by using mixed-state condensation algorithm (particle
filter). The mixed-state model proposed in their work consists of a constant acceleration
model and a bouncing model. In the bouncing model, which aims at solving the free
bouncing motion of the ball, height component motion of the ball is predicted going to
the opposite direction. This mixed-state model is unsuitable for ball motion caused by
unknown external force of player’s hitting. In addition, they track the ball in simple lab-
oratory with little noise, so their observation model is too simple to be used in real game

videos.

2.2  Multi-view 3D Tracking

The precise coordinate of 3D position is difficult to reconstruct from 2D video without
in-depth information. Equation (2.1) and equation (2.2) is the projection theory between

2D and 3D space:

Qs = AS, 2.1)

s=wv D', S=(yz D", (2.2)

where, s and S are the homogeneous coordinate of the points in image space (u, v) and in
real world (x, y, 7) respectively; Q is any nonzero constant; and matrix A is a 3 X 4 matrix

derived by camera calibration [18]. This equation shows that it is impossible to directly
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2.2 Multi-view 3D Tracking

reconstruct a 3D coordinate from a single 2D coordinate, whereas a 2D coordinate can be
easily projected by one 3D position.
With the purpose of 3D tracking, many framework have been employed. Based on the

same camera number, the merit and demerit of each framework are discussed below.

View 1 =»| tracker —> .2D
trajectory 3D
[ ]
. reconstruction > trajectory
2D (error)
View M = tracker —> trajectory
(a) Tracking targets in multiple cameras independently and
reconstructing to 3D trajectory
View 1 =3 tracker > .2D
trajectory \ 3D

L
. SfM —Pt(rajec.tory)f
precise

View M= tracker .
trajectory

(b) Structure from motion (SfM)

Figure 2.2: Conventional approach for 3D tracking.

The most general framework is tracking the target in multiple cameras independently
and reconstructing the 2D trajectories into 3D position as Fig. 2.2 (a) shows. Through
this method, Ren’s work [19] and Takahashi’s work [20] detect the 2D positions of the
ball separately in each image plane and reconstructs the 3D coordinate through spatial
geometrical relationship. For the tracking process of this framework, the tracking state
vector is the 2D coordinate and the observation space is the single view image. Therefore

I named this framework as 2D-single-view framework. The 2D-single-view framework
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2. ABRUPT MOTION ADAPTIVE SYSTEM MODEL AND BALL CANDIDATE
DISTRIBUTION BASED 3D BALL TRACKING

uses multi-view information whose performance raises up with the increasing of camera
number. Because of the 2D tracking processes in each view are independent with each
other, there is no data dependence between views. However, error is easily produced in
both 2D tracking process and coordinate reconstruction in this framework. The 2D track-
ing process with single camera is weak at occlusion and complex background. And the
3D coordinate reconstruction requires considerable compensation for noise distributions

as Fig. 2.2 (b) shows [21].

View 1 =——>

. Tracker 3D
. (in 3D space) —> trajectory
¢ Particle Filter (precise)

View M ——>|

Figure 2.3: Structure of proposed 3D tracking framework.

The structure of the framework [1] shown in Fig. 2.3 avoids errors brought by recon-
struction process, therefore our multi-view 3D tracking method is designed following this
structure. State vector of this method is defined and initialized in 3D space. Input images
are referred in observation step by projecting the state vector from 3D space to image
space. So this framework is named as 3D-multi-view framework. Besides the initializa-
tion part, there is no reconstruction process. Without coordinate reconstruction, the error
of reconstruction never occurs. In addition, by employing this tracking structure with
particle filter, the randomly generated particles with a predicted system noise distribution
can be compensated for some small errors produced by initialization. The demerit of the
framework is that the 3D tracking space requires large number of particles to predict 3D
motions comparing with 2D tracking. This paper tracks the 3D position of the ball with

multi-view videos following this 3D-multi-view framework.
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2.3 Overall Framework of 3D Ball Tracking

Next state
L Abrupt Motion Adaptive Observation model Estimation J
System model (P1) » Posterior distribution
ﬁ ‘f;ﬁ. estimation

#| 2 5
Ball feature based
observation model ||+ Adaptive mixture

Anti-occlusion value estimation
observation model ||+ Tracking failure

(P2) ﬂ estimation 1

Recovery by ball
candidate distribution (P3)

Figure 2.4: Overall structure and proposals of multi-view 3D ball tracking framework.

Fig. 2.4 shows the entire structure of the multi-view 3D ball tracking. The input of
the system is a set of synchronization videos from different views, which provide the 3D
information of the ball by combining 2D image data of the ball in each view. By equation
(2.1) corresponding points are used to calibrate each camera. The output of the tracking
is a sequence of 3D ball positions.

This multi-view 3D ball tracking algorithm has three advantages owing to our propos-
als. Firstly, system model is adaptive to the motion condition of the ball by estimating
abrupt motion of ball so that it can be tracked even when being hit by players. Secondly,
anti-occlusion observation model removes cameras with low confidence to solve the oc-

clusion problem, which happens when the ball is occluded by players in more than one
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videos. Thirdly, when tracking fails, spatial ball candidates distribution is proposed to

re-initialize the tracker based on the homographic relation between cameras.

2.4 State Space and Initial Distribution

Since the state space is the position of the ball in 3D space, I create a 3D coordinate
system in the physical world whose origin is set at the center point of the court. Thus, the

state X, at discrete time k is defined as:

Sk
X = ,keN, (2.3)
Vi
St = %60 2] Vi = [0, vy, vz]” (2.4)

where S represents the position and vector V; is the velocity of the center position on the

ball, which can also be represented in the polar coordinate system as:

[0, O, d1] . 0 € [0, 7], ¢ € [0,27] . (2.5)

In these coordinates, py is the length of the velocity, 8, and ¢, is the angle from the velocity
direction to the z-axis and x-axis, respectively.

Then, initial distribution is defined in equation (2.6) and (2.7):

So ~ NS, %5). Zs = diag (13,75, 73) , (2.6)

Vo ~ NV, %), X = diag (13, 73,77, ) » (2.7)

where, S and V are the mean value of the distribution, and Xy and Xy are the noise vari-

ance.
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2.5 Proposed Abrupt Motion Adaptive System Model

Time evolution of X in the tracking algorithm is shown in equation (2.8):

1 T
0 1

where {W,, k € N} is is the noise term, which is a mixture of two components as Fig. 2.5

Sk
Vi

Sk-1
Vi

+

12
2w, (2.8)
T

shows. One is the general noise component WY, the other is the abrupt noise component

W,f. They are integrated with an adaptive ratio @;:

Wi = axWo + (1 — a) Wi, (2.9)
_ng_ A
G Wk,x
G _ Wk,y A _ A
We = W= WAL (2.10)
W, \
Wk,z

By converging the equation of cartesian coordinates and polar coordinates, noise terms

WS and W} can be presented by w{ and w{ in polar coordinate system:

G G A A
W o W’ Wi e o, (2.11)

G A

Drp Yo

G _ G A _ | A
wk = wk,é) ,wk = wk’e . (212)

G A

Q)k’¢ Q)k’¢

In general situation, X}, is predicted by physical dynamic law taking gravity into con-
sideration. The general system noise wf is described as
wgp ~ N(O, T;p)

Wiy~ F0,kep) (2.13)

w/g¢ ~ 3(0’ Kg,¢)
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Figure 2.5: Comparison of abrupt mix system models.

where §(u,, k) is the von Mises distribution [22] which is a continuous probability dis-
tribution on circle. p, is a measure of location and « is the measure of concentration. G
is the gravity prediction parameter. a)f is designed by taking abrupt motion of the ball
into consideration. Since the direction and speed value of the ball changes sharply and

abruptly after being hit by unknown external force, the abrupt system noise is designed as

wp, = A f(o), 0~ U@O,m)
a)}?ﬁ =05- (.L)f, a)f ~ t&(ﬂ', Ka,@) ) (214)
w‘;:,qb ~ 8‘(71-’ Ka,gb)

where A is the maximum value of the changing speed of the ball. And the function of

flo)is

sin(lo), 0<o= %n
flo) =11, in<o=3r (2.15)

sin3o), m<o<m
whose curve is represented as Fig. 2.6, which includes three different curves. First, when

abrupt motion occurs, velocity of the ball changes a lot, so the value of f(o) is small when
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o is small and it increases with the velocity variance. Then, when o is large enough, value
of f(o) keeps high. At last, since the velocity cannot change without limitation, it falls

down quickly as o approaches to the upper limit.

...............

0 T g

Figure 2.6: Function curve of f(o).

The ratio a; adapts the system model by adjusting the particle numbers distributed to

abru t
dr 'z

each component model (77" an ) at every discrete time k:

Igeneral —a -1
o (2.16)

abmp (1 _ a’k) Ik

Determination of a; and I is the key and we will describe them in section 3.4.2.

Particles in general model

A - Large likelihood ® Particles in abrupt model
. 0t = large number of particles

* ) . Low likelihood
s - Small number of particles

Figure 2.7: Adaptive mixture value estimation in abrupt motion adaptive system model.
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2.6 Ball Feature based Anti-occlusion Observation

The observation likelihood is evaluated by image information extracted from different
cameras. The observation I; are defined as a collection of image frames at discrete time
k:

L= {1, I L I (2.17)

where M is the total number of cameras. Thus, the likelihood L(X,(f)) of each particle

(sampling) is indicated as:
LK) = gL T, o LED: T, o L] (2.18)

Here, the L(X(') I'"), which is defined as “image likelihood™ is the likelihood value of the
iy, particle estimated from the observation region in the frame of the m,, camera at the state
Xk. The shape of the observation region is a circle whose size is calculated by projecting
the physical size of ball from 3D space. The set containing all the image likelihoods

is represented as LY . g(x) is a function to combine each image likelihood obtained

img*®

from each camera. We propose an anti-occlusion observation model, which switches the

function g(x) based on the confidence of cameras, to solve the occlusion problem.

2.6.1 Anti-occlusion Observation Model

Image likelihood is used to evaluate confidence of each camera. The confidence of one
camera represents the observation probability of a ball in the video of this camera. If the

image likelihood value L(X\"; I") satisfies

LD 1) > thig (2.19)
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with a given threshold thr;,,,, the ball is assumed being visible to the my, camera since the
confidence of the m,;, camera is high.

By this definition, I judge the occlusion type for each particle and switch the combi-
nation function g(x) based on value #, the number of cameras with high confidence by

equation (2.20).

#

([ e 2<#<m
a=1

g9() = (2.20)

#<2

1) When # = M, all of the cameras are visible cameras. In this case, there is no
occlusion since the confidence of every camera is high; hence, all of them can be used to
calculate the likelihood of the particle.

2) When 2 < # < M, it is assumed that the ball is occluded in some cameras while
being visible in others. In this case, since the number of visible cameras is enough to
obtain 3D position of the ball, the low image likelihood can be removed directly and the
image likelihood of visible cameras can be combined by g(x). Here, L(Xii); I) € LEZ{/’U

and LY s the set of visible image likelihood:

img,v

LY ¥ (2.21)

imgy — “img

3) When # < 2, there are two possible situations. One is that the ball is severely
occluded in most cameras; the other is that this particle is not located at the position of
the ball. In this case, the camera with the lowest confidence is detected in the combination

step. Here, L(Xg)’ I[f) € Lfif)ly - {L(X](Cl)’ ]IZL }lowest )

27



2. ABRUPT MOTION ADAPTIVE SYSTEM MODEL AND BALL CANDIDATE
DISTRIBUTION BASED 3D BALL TRACKING

2.6.2 Ball Feature based Likelihood Model

There are three kinds of likelihood defined in this tracking algorithm: circle likelihood,
HSV color likelihood and foreground likelihood, which are based on the shape, color,
and foreground feature of the ball, respectively. Thus, the image likelihood L L") is

represented as:
LI =

| | | (2.22)
Lcircle(Xg); I[;{n) : Lcolor(X](:); ]I;{n) : Lforeground(X]((l); I[Zl) .

Occlusion
(&,

4 direction’s frames at same time:

Image Image Image Image Likelihood 4
Likelihood 1 Likelihood 2 Likelihood 3 (lowest)
Higher 3 directions
F Occlusion decision:

Likelihood < threshold

Likelihood Measurement
o Particle’s projected position {  Particle’s tracking window

Figure 2.8: Anti-occlusion observation model.

2.6.2.1 Circle likelihood

The circle likelihood is evaluated by the circumference gradient of the observation region
that is effective for distinguishing circle objects from other items. For each pixel on the

circumference of the observation region, the component of their gradient pointing to the
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center of the region is defined as the circle gradient g,:
ge = gy - Sinf + g, - coso. (2.23)

Here g, and g, are the vertical and horizontal gradient values of the pixel which is
calculated in gray scale images. 6 is the included angle between the line from center of
the sampling region to current target pixel and the horizontal line. I choose N represen-
tative pixels on the circumference with the same internal to calculate the circle likelihood

Lci rcle (Xg) ; I[Zl ) :

Leiere(X 1) = 1 — v Zomaloel | (2.24)

2.6.2.2 Color Likelihood

To evaluate the color likelihood, some typical template images are prepared, which cover
the different color appearance of the tracking target from different perspectives while
under different lighting environment, and extract the HSV color histogram of these images
as the template histogram. After obtaining the HSV color histogram from the observation
region, the color likelihood is evaluated by comparing the distance between sampling

region and the prepared template images:
Leotor(K5 1) = €79 o, (2.25)

where d, is the Bhattacharyya distance between the color histogram of the observation

region and the n,, template histogram and N is the number of templates.
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2.6.2.3 Foreground Likelihood

The foreground feature of the ball can be used to distinguish moving objects from static
ones and still background. Here, background subtraction is performed such that a binary
mask image is obtained in which the black pixels represent static objects. The foreground

likelihood Lf,,,ggmund(Xff); Ii") of the particles is calculated by using equation (2.26):

P 1 & value, - d,
Lfvrcgrouna’(X() I[k) Z . 255 s (226)

where d,, is the distance between the n,, pixel and the center pixel of the sampling region,
N is the number of pixels in the sampling region whose radius is R, and value, is the pixel

value of the n,, pixel.

2.7 Estimation
2.7.1 State Estimation

The state is estimated according to the posterior distribution p(Xy;I;) by the Monte Carlo
method and a Bayesian equation [23].

Particles are reordered from the largest to the smallest according to their weight, and
a sequence of important particles is chosen to estimate the required state. I* is the number
selected important particles, which is decided when the value | Zfz , W' — w| is smallest.
w" is a given weight threshold and w; is the normalized importance weight, which can be

computed by

~ pll) = Li(Xe) - (2.27)

Then this sequence of important particles devotes their associated weights to approx-
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imating the required state probability as:
P
PXialle) % ) Wid(Xy = X)), (2.28)
i=1

where 6(-) is the Dirac delta function.

2.7.2 Adaptation to Abrupt Motion

a; and I are two important items in equation (2.16) for adaption the system model to
the motion condition of the ball, which is estimated depending on weight distribution
of particles transited by different system noise. The particles are assumed following the
general and abrupt models as P, and P,, respectively.

The velocity and the moving direction of the ball change dramatically when being
hit by players. Since the strength and direction of players’ force is unknown and unpre-
dictable, the particles transited by general model cannot track the target thus the weight
of general particles is low. This leads the value of % to be small and Vark[X;i)] to
be large. Ek[w_fj)] and Ek[wg)] are the weight expectation of P, and P,, and Vark[X{(f)] is
the position variance of P,. Abrupt motion requires a large number of particles I;,; and

small value of the model ratio @, in next time step. Therefore, the values of a;,; and

I;.+1 update at every time step as:

_ Bl
Qo =Qp+a-e Eglu) , (2.29)
Dy = Lo - (L + - Vark[X;i)]), (2.30)

where [;,;; is the initial number of particles, a and b are two constants.
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With this proposal, the proposed approach not only enables the system model to be
adaptive according to the moving situation of the ball, but also rectify a small bias of the

tracking result to some extent by increasing the number of particles.

2.7.3 Judgement of Tracking Failure

In particle filter algorithm, tracking failure occurs under two situations. First, the tracker
miss-tracks on other objects or it loses the target completely. Second, the ball moves out
of the image frame. In this situation, there is no corresponding observation space, so
that the tracker cannot track the ball. Therefore, there are two corresponding criterions to

judge the tracking failure situation as equation (2.31) and equation (2.32).

Var[X?"] > I fail » (2.31)

#>M-2. (2.32)

1) Equation (2.31) is the criterion for the first situation. In this case, the weight distri-
bution of particles w! will be smoothed without obvious peaks; thus, the position variance
of all the particles is expected to be large.

2) Equation (2.32) is the criterion for detection of ball moving out of image. In this
equation, # is the number of cameras from which the ball disappears, which is calculated
by coordinate projection.

In my tracking approach, if any one of the above judgment criterions is satisfied,
an automatic recovery module will be employed to re-initialize the tracker by proposed

spatial density which is described in following subsection.
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2.8 Automatic Recovery from Tracking Failure

When tracking failure is detected, the tracker will be re-initialized by two steps: filtration
of 3D ball candidates from each image frame, and generation of particles according to

spatial density.

Ball Candidates %5, ° |lo%° © ||Reconstruct
detection in =y o [— ® Re-initialization
each frame Sl o 8%
0 00 o o
2D candidates 3D candidates

Figure 2.9: Ball candidate distribution based automatic recovery from tracking failure.

2.8.1 Ball Candidates Filtration

All the pixels in the video frame are raster scanned with a certain interval. For each
scanning pixel p, a likelihood value &, is assigned to it, which represents the probability
of pixel p being the center of the ball:
dPJI
& = d;R L=t (2.33)
where L, is the likelihood value of pixel g, which is calculated by the ball feature-based
likelihood model in a circle region whose radius is R and d, , is the distance between pixel
g and the scanned pixel p.
There are two reasons to use equation (2.33) to calculate &,. First, for one target pixel,
the likelihood value not only represents this pixel, but also represents a circle whose center

is this pixel. Second, since the frame is canned with an interval, for each un-calculated
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pixel, it must have a likelihood value. Considering the overlap part of different circles and
the un-calculated pixel, the equation (2.33) is employed to calculate the likelihood value.

Then, the pixels with a high likelihood value are chosen and concentrated into some
2D ball coordinates according to their distance relationship. After reconstructing each
combination of these 2D coordinates into 3D space by equation (2.1), a sequence of 3D
coordinates S;,n = 1,2, ..., N is obtained. Here N is the total number of reconstructed 3D
coordinates.

At last, the 3D ball candidates are filtered out by eliminating the obvious noise that is

evaluated as:

min{|S; — ST} > trais1 (2.34)

where tr;;, is a threshold of isolate coordinate judgment. Isolated coordinates are re-

moved because they are erroneous matches of 2D positions.

2.8.2 Re-initialization by Ball Candidates Distribution

The objective new state X,(f) of particles is a set of states, which is derived according to
the proposed ball candidate density.
In 3D space, the importance of each point is described by the density of filtered ball

candidates S}. For the n’, candidate, the evaluation of the density D} is
| &
nto_ 1 _ _ n_ Qn'\2
D; =1 1 ,,;(Sk S; )7, (2.35)
where, A 1s a coeflicient to ensure

N
Z D =1. (2.36)
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Therefore, the set of Df{i) = {D}(, N ) S DkN } can be used to describe the importance of
3D positions in the whole 3D space.

Among all the 3D ball candidates, if density D} is high, it is assumed that the 3D
position S; is more important and more particles will be generated to the corresponding

state X} . Hence, number of particles distributed to each X} is decided as:
In = Iim't : DZ . (237)

For each 3D candidate S}, X7 is generated as

(2.38)
V}’l

S+ V"]

V' ~N(0.Q.  Q-=diag(s’.7.7). (2.39)

In some special situations, there is no tracking target in the videos or the target is
visible in only one camera. By spatial geographic relation, all the reconstructed 3D points
are removed as isolate coordinates in ball candidate filtration step. In this case, without
3D ball candidates, this frame will be skipped whereupon automatic recovery is executed

in the next frame.
2.9 Experimental Results

2.9.1 Introduction of Experimental Videos

The experiment is based on multi-view videos recorded during the final game of an official
volleyball match (2014 Inter High school Men’s Volleyball Games held in the Tokyo

Metropolitan Gymnasium in Aug. 2014), which contains three sets. These experimental
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Figure 2.10: Comparison of the ball candidate distribution based initialization.

game videos were captured by four cameras located at each corner of the court. View

angles of the four input videos are shown in Fig. 2.11. Video resolution is 1920 x 1080,

frame rate is 60 frames per second, and shutter speed of the cameras is 1000 frames per

second. The latter parameter prevents motion blur in the video sequence. Under these

view angles and camera parameters, the radius of the ball in image changes from about 7

to 15 pixels.

Figure 2.11: View angles of four input videos for the experiment.
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The recorded match includes all kinds of volleyball scenes, such as start serve, receive,
set, attack, and block. In these scenes, motion of the ball changes to different states,
especially in serve and spike, where velocity and direction of the ball change abruptly and
dramatically. In addition, sometimes the ball is occluded by players or other objects in

certain views.

2.9.2 Implementation Details

The entire multi-view tracking algorithm of particle filter is implemented with OpenCV
and GSL library. For coordinate projection and reconstruction between 2D and 3D space,
all the cameras are calibrated by manually chosen key points. The implementation of
particle filter algorithm follows the description in section 2.3 except the three proposals.
All the parameters are set by physical laws and adjusted based on experiments. Initial
particle number 1;,;, is assigned as 1000 while the variance value 75 in equation (2.6) is
0.5m and 7y in equation (2.7) is 100m/s. w* in estimation step is selected as 0.382.

As for the implementation of proposals, in order to appeal the contribution of each
one distinctly, the three proposals are implemented step by step.

The first one is the system model. Two system noises are employed in system model
and adaption of the system model parameter to the estimated motion is added in estima-
tion part. In general system noise, 7,,, ;9. G and k, 4 in equation (2.13) are 500m/s?,
0.1zrad/s, 0.002rrad/s and 0.2nrad/s, respectively. As for the abrupt system noise in
equation (2.14), k.9, G and k,, are 0.1nrad/s and 0.2xrad/s. And in the abrupt motion
adaption part, value of a in equation (2.29) is 0.01 and b in equation (2.30) refers the size

of the ball radius and in the experiment it is 0.1 times ball radius.
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Meanwhile, two conventional system models [1] [24] are also implemented for com-
parisons. Including my abrupt motion adaptive system model, these three system models
are implemented in totally same tracking framework.

System model used in [24] is based on typical Gaussian distribution whose state vector
only represents the position state. Although this work focus on 2D objects tracking, I
implemente Hess’s system noise in the 3D particle filter system model to compare the
performance between the Gaussian distribution and the abrupt adaptive system model.
In [1], the mixed-state system model introduced in their paper is difficult to employ in
the framework (since there is no sampling time in their equations). So I modify their
equations and parameters without changing the their concept.

The second one is the anti-occlusion observation model. This part is implemented
based on the particle filter framework with abrupt motion adaptive system model. At last
the ball candidate distribution based recovery is employed in addition to the former two

proposals.

2.9.3 Experiment of Tracking Success Rate

2.9.3.1 Evaluation Method

Since the real 3D position of the ball is almost impossible to obtain, the success rate is
difficult to evaluate in frame level. Instead, a definition of HIT is given as an evaluation
unit to calculate the tracking rate. HIT is a class of 3D ball coordinates between two
consecutive hit time:

HIT = {SI’SH-I""’ST}’ (2'40)

where, §; and S7 are two hit points and there is no other hit point in class HIT. For

example, there are five HITs in Fig. 2.12. By this definition, the experimental game videos
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4 . ﬁ\
Pan~

Figure 2.12: Example to explain the definition of HIT.

contain a total of 684 HITs. The successful tracking of a HIT are judged depending on
following conditions:
1) In this HIT, for each tracked coordinate S;.;, which is the position of estimated state

p(Xi4[L), the criteria below is satisfied:
|Am'Slk_Sk|I[Zl| <Rm’m: 1’2’ 3’4’ (241)

where §|[" is the ball’s true coordinate and R,, is the radius of the ball in the m,;, camera;
A, 1s the calibration matrix of the m,;, camera.

2) The plotted trajectory during the HIT is a continuous curve without sharp gap.

If a HIT is satisfied by the two conditions mentioned above, this HIT is a successful

HIT. Therefore, the tracking success rate is described as:

[HIT
success rate = 2 succ;;lsiu X 100% . (2.42)

2.9.3.2 Experimental Result

Data in Table 2.1 shows the tracking success rate of all the experiments.
Rows 2, 3 and 4 in Table 2.1 is the comparison result of different system models.
Success rate of proposed abrupt motion adaptive system model (80.12%) is higher than

that of the conventional method (48.25% and 53.65%). It is because when motion of the
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ball changes abruptly with high speed, the adaptive system model can estimate the abrupt
change and adapt the model that addresses to the motion. In Deguchi’s work [1], which
also mentions the similar solution by bouncing model. However this model aims at ground
bouncing situations in which the ball goes to opposite direction after hitting, which cannot
cope with the motion caused by the unknown external force of players. Fig. 2.13 shows an
example of this visually. Fig. 2.13 (a) is the result trajectory tracked by Deguchi’s work.
At the start of the serve, direction and speed of the ball changes abruptly and the tracker
loses the target. Meanwhile, as trajectory (b) shows, the proposed adaptive system model

is capable of tracking the ball even in situations such like this.

Table 2.1: Experimental results of the proposals.

Proposal Successful HIT | Success rate | Time (per frame)
Conventional
system model 1 [24] 330 48.3% 138 ~155ms
Conventional
system model 2 [1] 367 53.7% 139~155ms
P1 548 80.1% 154~411ms
P1+P2 671 98.1% 154~411ms
P1+P2+P3 680 99.4% 20~30s

P1: Abrupt motion adaptive system model
P2: Anti-occlusion observation model
P3: Ball candidate distribution based automatic recovery

As the data shown in row 4, 5 and 6 in table 1, the contribution of each proposal
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Figure 2.13: Tracking trajectories comparison of system model. (a) Result trajectory of conven-
tional system model [1] that fails tracking at serve of the ball; (b) Result trajectory of proposed
abrupt motion adaptive system model.

in this paper is shown. By solving the occlusion problems through eliminating cameras
with low confidence, the anti-occlusion observation model raised the tracking rate from
80.12% to 98.10%. At last, with additional help from the ball candidate distribution based
recovery part, the tracking success rate achieves 99.42%. As for the time computation,
the additional calculation for the particles adaption to the ball motion increases about
10 300ms for each frame. The large difference of time computation is because the particle

number will increase a lot when the ball is in abrupt motion. The implementation of my
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Figure 2.14: Tracking trajectories comparison for automatic recovery. (a) Result trajectory with-
out automatic recovery; (b) Result trajectory with employing automatic recovery, which can re-

tracking the ball when it moves back to image.

algorithm is sequential processing for each particle, so that the time computation becomes
large when particle number increases. In the last row, it can be known that the automatic
recovery method takes long time. This method only works when tracking failure occurs.
In total sequence, there are more 114 round games including more than 2,052,000 frames
(assuming there are 300 frames in each round) and the recovery method only works 5
times. Since the proportion of recovery method is very small, the long time computation

doesn’t matter so much in the whole tracking. Fig. 2.14 shows the performance in terms
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of the recovery part. Fig. 2.14 (a) is an trajectory of tracking failure caused by the ball
leaving the video frame. Fig. 2.14 (b) shows the trajectory obtained by the tracker to
which a recovery method has been added. The ball can be tracked again at once when it

moves back into the scene. From the view of 2D frame, the tracking trajectories are also

plotted in the frame as Fig. 2.15 shows.

Figure 2.15: The tracking trajectory on each view.

2.9.4 Evaluation of Result Precision

The precision is evaluated from two aspects: the 2D position precision and the 3D position
precision.
I choose one round from the game video sequence that contains 200 frames to test the

accuracy of the tracking result. Trajectory of this round is shown in Fig. 2.16. There are
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one serve (frame 1 to frame 75), one receive (frame 74 to frame 131), one set (frame 132

to frame 179) and one attack (frame 179 to frame 200) in this round.
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Figure 2.16: Trajectory of the sequence in position precision evaluation.

2.9.4.1 2D Position Precision

To evaluate the 2D position precision, all the tracked 3D coordinates are projected at
each sampling time to four image spaces. Then the 2D precision error is defined as the
distance between the projected tracking result and the center position of the ball in the
image. Center position of the ball in each image is picked up manually.

The result graph is shown in Fig. 2.17. In our video image, the diameter of the ball
changes from 15 pixels to 30 pixels. In the graph, even the largest distance error is less
than 10 pixels and the average 2D distance error of each camera is 1.52, 3.06, 2.24 and

2.67 pixels.
2.9.4.2 3D Position Precision

As the statement in the former subsection, in our research it is impossible to obtain the
”true” 3D position of the ball from just four game videos, because of the absolute error

in the measurement process. Without a true” position, it is difficult to evaluate the 3D
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Figure 2.17: The 2D precision error.

precision. In our experiment part, to evaluate the 3D precision error, I create the 3D
positions by the multiple images information and assume these positions as “true” value
to evaluate precision.

To obtain a 3D reference position, I pick up the center pixel of the seperate frame and
reconstructed these 2D coordinates from different views to 3D coordinate in real space.
The 3D precision error is the distance between the tracked 3D position and the reference
position. Fig. 2.18 shows the 3D position error of the test sequence. As the graph shows,
the largest 3D position error is less than 19 centimetres whereas the diameter of the ball
is about 21 centimetres. And the average 3D precision error is 5.32 centimetres. Because
in the process of 2D coordinate picking and the 3D coordinate reconstruction, there are
absolute error produced which cannot be eliminated, both the error of 3D precision and
2D precision is not the "true error” in our experiment. The result is just a rough precision

evaluation.
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Figure 2.18: The 3D precision error.

2.10 Conclusions

For the acquisition of physical data in 3D sports analysis, this chapter proposes a multi-
view 3D ball tracking with three proposals to achieve high tracking success rate.

Firstly, the abrupt motion adaptive system model reduces tracking loss by abrupt mo-
tion of the ball caused by unknown external force. System noise is adapted to different
motion of the ball depending on the weight distribution of particles that follows each sys-
tem model. Secondly, the anti-occlusion observation model eliminates interference by
the occlusion problem that occurs in certain directions. The confidence of each camera is
evaluated by the corresponding image likelihood. Thirdly, ball candidate distribution is
proposed in the automatic tracking recovery part. When tracking failure is detected, the
tracker will re-generate new particles according to the ball candidate distribution, which
is evaluated by distance between 3D ball candidates. The proposed tracking approach
incorporating three methods was implemented on real volleyball game videos acquired
from four different views. The tracking success rate is 99.4%.

Due to the filtering scheme, the system model adaption after abrupt motion occurrence
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causes tracking delay. For experiments, various game videos, which include different
matches with different players in different places, are needed for comprehensive evalu-
ation of our work. In addition, in order to dive into higher-level analysis of the sports

analysis, a smooth method is necessary for the acquisition a more stable ball trajectory.
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Chapter 3

Multiple Event Change Feature and
Event Change Probability Distribution
based Event Detection

3.1 Introduction

For the acquisition of the ball event data in the 3D sports analysis, the ball event detection
is a key technology. As Fig. 3.1 shows, the ball event data acquisition is the process based
on the physical data results. In the volleyball game, the motion of the ball not only helps
a lot in score judgment but also plays a great role in representing players’ behaviors and
team performances. Targets of this chapter is the acquisition of the ball event, like the
serve, pass (receive and toss) and spike event based on the ball trajectory and the game
videos.

Due to the limitations of the shooting conditions in real game and the complex game
rules of the volleyball game, there are three factors affect the performance of ball event
detection: the noise in the unstable ball trajectory, the unknown time of the player action

that changes the event and the large intra-class difference of the same event type. Firstly,
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Figure 3.1: Introduction of the ball event acquisition and whose position of in entire research.

noise in the unstable and rough ball trajectories is bad for feature extraction of ball event.
Not only the positions, but the speed and motion directions also reflect important features
of a ball event as well. Especially, when the ball is hit by player, the velocity changes
dramatically before the position trajectory turns. Without the integrate as well as accurate
trajectory, the event change can only be estimated by the velocity variation since the turn
of the trajectory is not obvious through local short trajectory segment. However, from
real game videos the accurate 3D ball trajectory is difficult to track due to the complex
background as well as the motion of the ball. The small flicker of position trajectory
corresponding to large difference in velocity affects the reliability of event feature extrac-
tion from velocity information. Secondly, the time of the event change when the player
hits the ball is unknown. In volleyball game, without referring the information of player,
the time when the player the ball is unknown and different event continues different time

length in different situations. Therefore, it is difficult to predict the event change tempo-
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rally based on the ball trajectory. Thirdly, the intra-class differences of some ball event are
large, which bring difficulties in event feature extraction. In volleyball game, the located
position and the continuing time of one event change a lot in different situations. Such
as one pass event may occur in anywhere even the outside of the court. And one spike
may continue until: 1) being blocked around the upside of the net; 2) being received after
crossing the net; 3) hitting the ground. The continuing time of events under the above
three conditions are different although all of them belong to ”spike” event.

With the similar target in tennis ball event detection, whose event type is much sim-
pler than that of volleyball, works of [25] classifies ball events according to the distance
between the ball and the player or the court line. Because of the requirement of players’
positions, this work is not suitable for volleyball game in which there are twelve players
on the court. To avoid using the relationship between the ball and players, Almajai [26]
has employed a hidden Markov model event detection method based on the work [25].
Both these two works are implemented on 2D game videos, event occurs at some critical
cases, such as bouncing near the court bounds, are difficult to detect due to the lack of 3D
information. By using 3D ball trajectory information and physical court locations, I have
proposed a 3D ball trajectory base particle filter to detect ball event accurately in volley-
ball game analysis [27]. However, being same with work [25] and [26], this work detects
the ball event after obtaining the whole trajectory of the ball so that they are unfriendly to
be implemented in a real-time system.

In addition, all the works mentioned above for the event detection follows the sequen-
tial processing order as Fig. 3.2: tracking the ball trajectory first, then detecting the ball
event based on the entire ball trajectory. There are two demerits of this sequential method:

one is the performance of event detection is easily affected by imprecise ball trajectory;
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the other is the large time delay between the ball tracking process and the ball event de-

tection process, which makes it unfriendly to be implemented in a real-time system.
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Figure 3.2: The sequential structure of ball tracking and event detection.
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Comparison of sequential and simultaneous structure for ball tracking and event

3.2 Framework of Event Detection

One volleyball game video can be compartmented by three kinds of temporal units:

99 9

”round-unit”,
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3.3 State Vector and Initialization

defined according to the volleyball game rules. One round-unit starts from the serve time
and ends at scoring, and it is denoted by a series of event-units with disjoint time-steps.
For each single round-unit, let n be the time index of event-unit beginning with 1 and N is
total number of the event-units. The sampling time-unit whose time index is k, is defined
by the frame rate of input videos. The overall structure of the physical and conceptual
ball state tracking method over sampling time k is shown in Fig. 3.4. Compared with the
sequential ball tracking and event detection method, this structure can obtain the physical
ball trajectory and event simultaneously at each time step so that it has high potential for
real-time implementation and the image feature based method which are dependent from

using ball trajectory achieves a higher detection performance.

Next time step

System model

Videos wmp

H—> Ball trajectory

: Estimation
[Observation |—s| Estimation [| ey

Figure 3.4: The proposed structure of the physical and conceptual ball state tracking based on
particle filter.

3.3 State Vector and Initialization

The ball state X, at discrete time k is denoted as

Xy =z, di, €x), (3.1)

where z, is physical state of the ball consisting of its position and velocity in 3D space. d;
is a flag variable of external force (except the gravity), and ¢ is a integer label representing

the event type shown in Table 3.1.
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Figure 3.5: Overall structure and proposals of ball trajectory based event detection.

Initial distribution of the physical state at time k=0 follows

= TS B R
2o ~ N(Z,X0), 2o = diag(T,, T, T, T, Ty, T

where Zz is the manually given mean value of the distribution, 7, and 7, are the Gaussian

noise variance for position term and velocity term. Initial distributions of flag variable of

external force is

where B(p) is Bernoulli distribution with p being probability for value 1, and integer label

Observation model

oo IEE
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of event type has a deterministic initial value
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3.4 Event Change Distribution based System Model

Table 3.1: Event ID of a ball in volleyball game.

Event

ID Type Description

-1 OTHERS Others event besides the regular ones

0 SERVE+ Serve by team in positive half court

1 SERVE-  Serve by team in negative half court

2 PASS+ Pass ball by team in positive half court
3 PASS- Pass ball by team in negative half court
4 SPIKE+  Spike by team in positive half court

5 SPIKE-  Spike ball by team in negative half court

3.4 Event Change Distribution based System Model

Time evolution of X; is modelled by a Markov conditional probability distribution

PXi | Xsm1) = p(Zi, ex | die, Xo—1) - pldi | X—1)

(3.5)
= p(z, ex | di, Xi—1) - p(dic | di—1) s

where the spatial hitting points dense distribution are proposed for transition of d;.

3.4.1 Spatial Hitting Points Dense Distribution

To express the transition probabilities of ball motion dj, a transition matrix Q is used,

Q=1Iq;l=

(3.6)

1 - Prhitting Prhitting
1 0
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In matrix Q, since each elements

q;; = Priey = jlew =i}, (3.7

Prpining means the probability the ball being hit by external force. Value of Pryyn, 15
decided by referring the corresponding probability of the position z,_; in proposed spatial

hitting point dense distribution.

In volleyball game, the ball hitting positions of each event always located at a certain
area because of the game rule and team strategy, such as the spike and block hitting points
are always near the net. To represent the spatial probability of event change, a group
of hitting positions that can cover the entire event hitting situations can be used. In this
paper, a Gaussian distributions H,, is utilized to approximate the probability distribution
of one specific kind of hitting points. As preparation, some hitting point coordinates are
prepared manually and clustered by K-Means depending on the relation of space position.
The coordinate of each cluster center and the variance of the m,, cluster is defined as the
mean value C,, and variance [0, 0, o.]" of distribution H,,. Therefor, the spatial hitting

point dense distribution H is a superposition of M independent Gaussian distributions.

1
H = —H,, 3.8
mz:;) v (3.8)
Hm ~ N(Cm’ Fm) , I‘m = dlag(o-i, O-j’ 0-3) 5 (39)
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Figure 3.6: The spatial event change probability distribution based prediction.

3.4.2 External Force Adaptive System Model

After the prediction of dj, the system model equation (3.5) of the ball event state can be

rewritten as
Do(Zi, e | Xp—1), di =0

P | Xyo1) = .
pa(zk’ €k | Xk—l), dk =1

(3.10)

When d;, = 0, the ball is moving without acting by other external force except the
gravity, so the ball event also keep the same as previous ball state. The ball trajectory

state z; is transited as the general system model proposed in chapter 2 and
€ = €p—1 . (311)

On the other hand, when the ball is hit by external force, the motion speed, direction
and event will change abruptly. Transition of z, are defined as the same with the abrupt

system model in chapter 3. Time evolution of event type e, in abrupt motion situation is
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governed by state transition matrix E with its elements,
E;i = Pr((ex = i)|(ex-1 = J)) (3.12)

represents the probability of event type transition from e,_; to e;. To calculate the value of
each elements in E, referring some off-line data, such as the tracked event type and event
result at the previous event-unit time e,_;. In each event, there are at least event result.

The values of all event result are summarised in the Table 3.2.

Table 3.2: Event result of a ball in volleyball game.

Event Result Description

CROSS The ball crosses the net
RECEIVE The ball is received by play
NET The ball touches the net
GROUND The ball touches the ground

OouT The ball moves out of the court

3.5 Observation

In this section, the likelihood of each term in the ball state vector are evaluated based on
the synchronized multi-view image frames [ and the past tracked ball trajectories Zy_; ;.
Z;_1.—1 1s updated at each time step, whose length is L. Let y as the observation, then the

full likelihood of the ball state p(y; | Xy; i, Zx_z.1_1) consists of three terms:

P | Xi; ey Zi—:4-1) =Py | 21 Iit) * p(yc | ek, Zics Zk—p:5-1)
(3.13)
* p(Yx | dies Zie; Ty Zi—p:4-1)
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Firstly, p(yi|zi; 1) is the ball feature likelihood evaluated by using the HSV color
feature, the circle shape feature and the foreground feature. Secondly, to calculated the
ball event likelihood p(yy | e, Z; Zv_1.+1), the ball’s velocity state and related distance of
the ball position and the court lines are extracted as the event feature. Based on the event
feature, the detection result by SVM classifier [28] is used as the likelihood value. Thirdly,
Py | di, 215 i, Zk_11—1) 18 the proposed image noise feature based past trajectory referred
hitting point likelihood, which is introduced in the following subsection. The observation

for ball event likelihood calculation is shown as Fig. 3.7.

Observation

+ P2.1: Multiple event  « Event type
change feature detection
based observation

U U

Event change Event Type
likelihood likelihood

Figure 3.7: Observation of ball event.

3.5.1 Trajectory Abruptness and Player Skin Color Area based Event
Change Observation

The event change observation evaluates the probability of external force added to the ball
from two aspects: the image skin color area of the player body and the abruptness of the

ball trajectory.
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Event change observation
4 4

Trajectory Abruptness Area of players’ skin
based Likelihood based likelihood
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 (when velocity direction of (s opposite) :  Ball feature observed area

Figure 3.8: Trajectory abruptness and player skin color area based event change observation.

3.5.1.1 Player Skin Color Area based Event Change Observation

Pk dies 2i; Ty Zi— k1) = Py | dies 215 1) - pQyic | s Zs Zu— k-1 » (3.14)

where, p(y | dk, Zi; 1) 1s the likeness calculated by skin color area feature in image:
1
Pulde 210 = | | Pl dio 2657, 0 (3.15)
i=0
where p(y; | di, Zx; ]chmse) is the likelihood calculated based on the filtered mask image
of the player noise I ;5. from the iy, view’s image frame. The mask image is obtained
by employing skin color filter and background subtraction on the original image frame.
Since the skin color shares the similar feature with the ball color, this mask is assumed as
image of player noise.
In volleyball game, when the ball moves close to the human body parts, probability of

the ball being hit is high. Therefore the noise feature based hitting point likelihood is:

, value,
Pyeldizi) = ) —

s€O §

) 0= ©noise S] Oball > (316)
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where value; is the pixel value of the pixel s in observation region O and dis; is the
distance from s to the center of Q. O, is the observed noise region in the image, whose

diameter is two times of the projected ball region Op,;.

3.5.1.2 Trajectory Abruptness based Event Change Observation

The other term p(y; | di, Zi; Zi_r+—1) in equation (3.14) is the hitting likelihood calculated
through the ball trajectory abruptness consisting of the variation of the velocity value and

the moving direction variation on the ball’s trajectory.
P dis 24 Zg_pgr) = 1 — €710 (3.17)

where vary, is the past trajectory referred velocity variation, which calculated both the
value variation and the average difference summation of the velocity value at time k and
those at the past time. A is a constant value.

When the ball is hit by players or bounced from touching the ground, the velocity and
moving direction of the ball must change abruptly and greatly. Therefore the hit point
likelihood of the point at time s; is calculated by velocity variation term y,(sy; Zox-1) and

motion direction variation term y,(s; Zo:x—1):
Yie(Sks Zo:—1) = Yp(Sks Zo:-1) - Ya(Sk: Zok-1) - (3.18)
where y,(si; Zox—1) i the changed angle of ball’s moving direction after time sy;
Ya($6) = 2Ly pg Lyesor » (3.19)

where, 7,;1;;(2 is the fitting curve from discrete positions Xy, ...Xy, by the least square fitting
method. To evaluate the likelihood term y,(s;) which requires the trajectories of the future

L time steps, this integrate hit point likelihood yy;;(sy; Zox—1) can be obtained only when
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sy < k— L. In volleyball game, taking the consideration of the shutter speed and the ball
velocity, one event continues longer than 3 time steps. Therefore, as long as L < 3 the hit
point likelihood can be calculated immediately after obtaining ball tracking result.

In equation (3.18), the other term y ,(sx; Zo.c—1) is evaluated by proposed past trajectory

referred hit point likelihood, which only uses tracked trajectories.
(s Zogor) = 1 — 71000 (3.20)

where var, is the past trajectory referred velocity variation, which calculated both the
value variation and the average difference summation of the velocity value at time s, and
those at the past time; Since the motion direction always changes at hitting time, the
velocity difference contributes to the summation only when the motion directions of the
two velocity are opposite. Through this algorithm, the variation feature of the velocity

can be obtained distinctly.

I=L

o Lo
vary, = o, =Xl Y s, = Kol Ayt (3.21)
=1

0, Xsk . Xxk—l >0

Agpseet = (3.22)

b
1, Xsk . Xsk—l <0

where L is the length of referred previous trajectories and 4, is a constant value.

3.5.2 Court-line Distance Feature based Event Type Detection

In order to distinguish each event type from others, this paper uses the position and the
velocity of the ball at the starting time of an event as the feature of ball event type detec-
tion. According to the volleyball game rules, each event occurs at certain area in the court

which is divided by court-lines. Thus I use distances between each court-line and the
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position of the ball at the start time to build the feature vector. In addition, since features
of difference event types are mainly reflected in the long side orientation and the height

orientation, the court-line distance feature is defined as:
A = [YO’ eey YA’ ZO’ "'ZB’ Vl/+’ Vl/—’ Vz+’ Vz—] > (323)

where Y, (a = 0, ...A) represents abstracted features in long side orientation and Z, (b =
0, ...B) is features in height orientation. For event state d; at event time k, values of Y, and
Z,, are calculated as:

Y (dy) = dis(Xg,, 1), (3.24)

Zb(dk) = diS(XSk, lb) ’ (325)

where, dis(x, [) is a function for calculating the distance from position x to line [. [, repre-
sents the a,;, court-line in the long side and /, is the b,, court-line in the height orientation.

In equation (3.23), V., V,_, V., and V_ are the values of the velocity X, in the
forward direction of the long side, the backward direction of the long side, the forward
direction of the height and the backward direction of the height of the court respectively.

Based on the proposed court-line distance feature, this paper using the SVM clas-
sification result as the likelihood of the event type. For each event type, some training
samples are randomly selected to obtain the court-line distance feature vector and the
training result is saved as preparation of the observation. In observation model of each
particle dﬁ{”, the court-line feature vector Af{i) is extracted depending on zf) and compute
the feature vector A,(:) to the SVM [28] classifier of corresponding event type e,(f). In this
paper, the value of the event type likelihood yet(dg); Zo_1) is assigned as the detection

result of SVM.
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3.6 Estimation

The target posterior distribution p(X; |y;,) of the ball state is approximated by particle
filter algorithm according to the Monte Carlo method and a Bayesian equation [23]. Since
the physical and conceptual state is difficult to estimate as an integrate one, the posterior
distribution is a joint probability:

Pl y1:) =plex |z, di, yr.x)

(3.26)
X p(di | i, y1.1) X p(2Zi | Y1:x) -

The particle group is defined as J.

First, for the physical state estimation, the normalized weight W,Jc of each particle can
be computed according to their ball feature likelihood p(yf{'/) |Zl(<j); I). After selecting the
important particles with large weight, all the new particles J’ can be obtained and devote

their associated weights to approximating the ball trajectory state as

J

Py ~ D Wid(z — 7)), (3.27)

=1
where d(+) is the Dirac delta function and J is the particle number.

Second, flag variable of external force is estimated based on the resampled particle
group I’. The hitting likelihood p(yf{j) Id(j),zzj); I,Z_1..—1) of each particle is compared
with an threshold 7 H. The number of particles whose hitting likelihood is larger than TH
is defined as Jypp . If equation

Jubrupt >a-J (328)

is satisfied (« is a constant parameter), p(dy |z, y;.+) is estimated as external force, other-
wise it is estimated as no-external force.
Third, when the external force is estimated, the ball event is estimated through choos-

ing the event ID whose particle amount is the largest in the abrupt motion particles. After
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deciding the event ID, the event type including receive, set and pass can be detected as
following. First, the first PASS for one team is the receive. Second, the second PASS
before ATTACK is the set. At last if there is no ATTACK in one offense round, then all
the detected PASS is assumed as pass. Attack is all the event passing the ball over net.
Depending on the theory that the starting time of d, is the ending time of the event
d,_, the event result r,_; of the (n — 1),, event can be estimated once the event starting

()

1 | Zo:—1) 1s decided.

time p(s
The event result r,_; can be judged basing on the trajectory during this event period

Z,, ,.;,- The evaluation criteria of each event result is described as follows:

(a) CROSS: Positions of the ball at time s5,,_; and time s, locate at each side of the net;

(b) RECEIVE: The position of the ball at time s, is within the receive region defined

manually through game rules;

(c) NET: During the Estimated event period, there are several successive positions of the

ball are near the net area;

(d) GROUND: Distance from the ground to the position of the ball at time s, is less than

a given threshold;

(e) OUT: The position of the ball at time s, is out of the court area.

3.7 Experimental Result
3.7.1 Introduction of Experimental Videos

The experiment is based on multi-view videos recorded during the final game of an official

volleyball match (2014 Inter High school Men’s Volleyball Games held in the Tokyo
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Metropolitan Gymnasium in Aug. 2014), which contains three sets. These experimental
game videos are captured by four cameras located at each corner of the court. View
angles of the four input videos are shown in Fig. 3.9. Video resolution is 1920 x 1080,
frame rate is 60 frames per second, and shutter speed of the cameras is 1000 frames per
second. The latter parameter prevents motion blur in the video sequence. The recorded
match contains 114 rounds and 606 ball events totally, which covers all the basic event
scenes including serve, pass (receive, toss) and spike in difference situations and player

by different players.

Figure 3.9: View angles of four input videos for the experiment.

3.7.2 Implementation Details

The entire algorithm of the ball state based ball tracking and event detection method is
implemented with OpenCV and GSL library.

The particle number M utilized for event detection is assigned as 5000; In the observa-
tion model, A; in equation (3.20) are 5 x 107, and the length of refereed future trajectory

L is 3; In the estimation part, the court-lines I used to obtain the feature by equation (3.24)
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and (3.25) are the two 9 meters sides line, two 3 meters lines and the center line of the

court, and the ground line and the up side line of the net in the height orientation.

3.7.3 Evaluation Result

With the same sequence and same evaluation method, the tracking success rate keep at
the same 99.42% with that shown in chapter 1. The output of the tracking process is a
sequence of 3D positions and velocities. At each time step, the approximated 3D ball
position and velocity will be sent to the event detection process as observation.

The performance of the event type detection is the basement of the event likelihood
observation. Before evaluating the performance of ball event detection, I implement the
court-line feature based event type detection independently to evaluate the performance

of this idea.

3.7.3.1 Evaluation of the court-line distance feature

To evaluate the proposed court-line feature, depending on the tracked 3D ball trajectory
data, I prepared some samples belonging to each event type to test the detection accu-
racy. In the prepared event type samples, the amount of the "SERVE+”, "SERVE-",
“"PASS+7,"PASS-",”SPIKE+" and ”"SPIKE-" were 59, 48, 152, 146, 34 and 61, respec-
tively.

Table 3.3: Evaluation criteria [2] for event type detection.

Output . .
Positive Negative
Input
Positive TP FN
Negative FP TN
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Three standard evaluation criteria used here are defined in [2], the accuracy, recall and

precision, to evaluate the proposed court-line distance feature. Definitions of used criteria

are:
TP+TN
accuracy = , (3.29)
TP+ FN+FP+TN
TP
recall = ————, (3.30)
TP+ FN
TP
jsion = ————— . 3.31
precision TP FP ( )

Because of the amount limitation of test samples and unbalance amounts of positive
and negative samples for each event type, the experimental is obtained by the following
process.

For each test event type, I randomly chose 10 samples as positive templates and choose
30 samples from other event type samples to make negative samples for the SVM classifier
to do data training. Then, 20 samples of the test event type and 20 samples of other
event types are chosen randomly from the left samples as the test data for SVM classifier.
Through this way, 40 experimental results can be obtained. In the experiment, this process
is repeated 10 times and total 400 experimental results are obtained, which are shown in
the Table 3.3. From the results shown in Table 3.3, it can be known that the detection
accuracy for event SPIKE and SERVE are close to 100% and the accuracy of PASS is
also larger than 97%.

To evaluate the performance of the proposed event type detection for real-time pro-
cess, another group of experiment was implemented. In this experiment, the SVM classi-

fier was trained with event type samples randomly selected from another volleyball game
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Table 3.4: Detection results of the court-line distance feature based event type detection.

Recall Precision Accuracy
SERVE+ 100.0% 99.0% 99.5%
SERVE- 100.0% 99.5% 99.8%
PASS+ 96.5% 98.5% 97.5%
PASS- 98.5% 97.5% 98.0%
SPIKE+ 100.0% 99.0% 99.5%
SPIKE- 100.0% 99.0% 99.5%

(the semifinals of 2014 Inter High School Men’s Volleyball Games), which were played
by different teams. With the same test data used in Table 3.4, the new experimental results
of SVM classifier are shown in Table 3.5. By comparing the data in Table 3.4 and Table
3.5, it can be known that there is almost no influence on event type detection performance

by using different game data samples.

3.7.4 [Evaluate Result of the Ball Event Detection

Both the physical and conceptual ball state is estimated by event-unit because the true
value of physical state is impossible to obtain.

During one event-unit, if the ball trajectory is a continuous curve without sharp gap
and all the projected 2D image coordinates are located within the ball’s region in image
frames, the ball trajectory of this event-unit tracking is judged as successful one.

Based on the definition of the evaluation method, the experimental results of the pro-

posed tracking algorithm employed on test videos are shown in Table 3.6.
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Table 3.5: Detection results of the court-line distance feature based event type detection

using training data from other games.

Recall Precision Accuracy
SERVE+ 97.5% 99.5% 98.5%
SERVE- 100.0% 100.0% 100.0%
PASS+ 97.0% 96.5% 96.8%
PASS- 100.0% 95.2% 97.5%
SPIKE+ 100.0% 100.0% 100.0%
SPIKE- 100.0% 100.0% 100.0%

Table 3.6: Experimental results of the proposals.

Physical | Flag variable of | Conceptual
state external force state
Success event-units 577 543 537
Total event-units 581 581 581
Success rate 99.3% 93.5% 92.4%

In order to show the tracking result visually, I chose one test sequence and plotted
the tracked 3D trajectory in Fig. 3.10. The trajectory is plotted by different markers and
colors once the conceptual state changes. Also from the video frame view, the trajectory
of each event is plotted on the frame. Fig. 3.11 is an example of serve, Fig. 3.12 and 3.13

is an example of pass, and Fig. 3.14 is the spike.
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Figure 3.10: The 3D trajectory of the tracking result.

Figure 3.11: The trajectory of the SERVE+ in image.

3.8 Conclusions

With the target of the event data acquisition in volleyball game for the 3D sports analysis,
this chapter proposes a ball trajectory based event detection method based on particle fil-

ter framework, which using the game videos and physical ball trajectory as the input. For
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Figure 3.12: The trajectory of the 1st PASS+ in image.

Figure 3.13: The trajectory of the 2nd PASS+ in image.

the ball event detection, this chapter proposes an event change distribution based system

model, a trajectory abruptness and skin color area based event change likelihood and a
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Figure 3.14: The trajectory of the SPIKE- in image.

court-line distance feature based event type detection. Firstly, event states of all the parti-
cles consisting of the event change flag variable and the event type are transited through
the external force adaptive system model. The probability distribution of event change
is approximated according to the fact that the probabilities of event change in different
spatial locations are different, such as in the spike and block areas the probability be-
comes large. Based on this, event changes can be accurately predicted. Secondly, in the
observation, the trajectory abruptness and skin color area based event change likelihood
is proposed to deal with the noise in ball trajectory for evaluation of the event change.
The influence of unstable tracking ball trajectory can be reduced by using information
of neighbouring trajectory segments. When players’ hands are close to the ball, the ball
is more likely to be hit. So the area of players’ skin in the region around the ball is
calculated as the likelihood of event change. With the image feature, the event change

feature which are calculated dependent from the ball trajectory contributes a lot in accu-
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rately evaluation for observation. Thirdly, for the event type detection in observation, the
court-line distance feature is proposed including the relative position feature and the ball
motion information. Experimental results show that the event type detection accuracy of
court-line distance feature is more that 97.5% and the integrate event detection accuracy
by proposed particle filter framework achieves 92.4%.

The future target will dive into two aspects. First, combining current work with other
sports analysis technologies such as player tracking and motion analysis, I achieve at
a comprehensive volleyball game analysis and tactics development system. Secondly,
my final goal is a real-time product for supporting TV content broadcasting in Tokyo
Olympic Games. Based on the achievements of the GPU real-time acceleration for 3D
ball tracking [29], the GPU implementation of the whole ball tracking and event detection

is the next important target.
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Chapter 4

Relative Motion Abruptness and Court
Zone Division based Player Role
Detection for Efficacy Variables
Acquisition

4.1 Introduction

Automatic game strategy data acquisition is important for the realization of the profes-
sional strategy analysis systems by providing the evaluation value such as the team status
and the efficacy of plays. As Fig. 4.1 shows, the ball strategy data acquisition is based on
the ball physical data obtained by the ball physical data acquisition, the ball event data
obtained by the event data acquisition and the players’ positions. Outputs of the strat-
egy data acquisition are values that decides the attack efficacy in attack play, such as the
setting zone, number of available attackers, attack tempo, number of blockers and attack
type. The key factor that influences the performance in the volleyball game strategy data
acquisition is the unknown player roles, which loses the contribution of each player to the
play and makes the information of individual player unreliable for the player performance

evaluation.
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Figure 4.1: Introduction of the ball strategy acquisition and whose position of in entire research.

Among all the volleyball game plays including the serve, reception, set, attack, block,
dig, and pursuit, the attack is the one presenting the higher correlation with success, inde-
pendent of the game phase. [30] Besides the physical and event information, there are two
sufficient elements for the attack play evaluation: team tactical status and attack efficacy
variables.

Firstly, the attack efficacy variables help to understand how the point is achieved in
the attack. Taking the previous play (set) and the following ones (block or receive) into
consideration, the basic attack efficacy variables are defined as the setting zone, available
attacker number, attack tempo, attack type and blockers number. Descriptions of these
variables are in Table 4.1 and Fig. 4.2 . All the variables not only make effort to the
evaluation of attack efficacy but also reflect the teamwork performance in attack. For
example, when the attack play starts that means the setter has played, the teamwork of
attack team can be evaluated through the value of setting zone, available attacker number

and attack tempo. And the blockers number can be used for evaluate the reaction ability
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of defence.

Table 4.1: Description of attack efficacy variables.

Variables Description

Setting zone Zone where the previous touch
before attack is executed.
Available attackers number Number of attackers available to attack
in the moment of setting.
Attack tempo Moment when the attacker starts
the approach to attack.
Attack type Speed or power of the attack.

Blockers numbers Number of blockers opposing the attack.

Attack == Attack Efficacy == Attack Efficacy

Relative Event Variables
Set Score Point
v attack {% \ blocker Error (hit net)
Attack i\
) A Blocked

Block v Next offense
sette

~
Position Number MO ng Number
velocity time
Set

Available
Attack Attack Blocker
attackers
zone type tempo number
number

Figure 4.2: Concepts of attack efficacy variables.

Secondly, the team tactical status plays important roles in the teamwork evaluation,

such as the tactical status of the attacking team reflects the attack quality and the tactical
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status of the rival team represents the ability of defense reaction. According to the volley-
ball game rules and tactics, the tactical status is classified into four types: the defensive
ready, the defensive, the offensive ready and the attack. Descriptions of each tactical sta-
tus are listed in Table 4.2 and the transition relation between all the team status is shown
in Fig. 4.3. Among these team tactical statuses, the attack status is the most effective
status for the attacking team and the defensive status is the most effective one for the rival
team. For example, when the attack play starts, the teamwork of attacking team can be
evaluated through whether the team status has transited from offensive ready to the attack

status.

Table 4.2: Description of team tactical status.

Status Description

Defensive Ready Players change positions from other status
according to the rival’s attack.
Defensive The players move to receive or block the ball.
Offensive Ready Players change the formation to standing
by for attack.

Attack The team spike or pass the ball to the rival.

For the strategy data analysis, the Data Volley system is widely used. However, its
input is performed manually by visual observation, which is inaccurate and requires much
manually labelling. Therefore, there is a demand for a technology that automatically and
accurately acquires the strategy data. It is necessary to obtain the player role only from the
data acquired from the video, such as the event data and the physical data of the player and

the ball. Without the manually labelling of the role for each player (such as the attacker,
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Figure 4.3: Transition relationship between four team tactical statuses.

blocker, setter), even the physical and event data of the team is obtained, it is still difficult
to analysis the contribution of each player to the play without any information of player
roles. With out the player roles, the local position and motion information of individual

VU4 8T MG Twldldpm by Ngoen QS

Human labeling of the
player roles

> Limitation of manually data input
~ Cost large human labor and time
~ Rough data accuracy (evaluate by human eyes)
» Lack of information (trajectory, speed)

http://www.volleyballtech.com/datavolley-2007/
https://volleyballblog.wordpress.com/2014/02/23/running-datavolley-on-an-apple/

Figure 4.4: Data Volley based player roles identification in strategy data acquisition.
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player is meanness in volleyball strategy data analysis. Once a team gains the serve, all
the players (no matter what roles they play) must rotate in a clockwise direction, so during
one same game tactical status, the motions and positions of each player are different in a
different rotations. In addition, different team formations, which are made by evaluation
the players’ ability and the cooperation of teamwork tactically, also results in different
player performances and features in same team tactical status.

As for the acquisition of the attack efficacy variables, not only the player who attacks
the ball but also the setter, other available attacker, and the blockers need to be iden-
tified. Bertini [31] has proposed a jersey number detection and face recognition based
player identification system. However, this work is still not suitable for the attack effi-
cacy variables acquisition in the volleyball game. For the team tactics status detection,
Atmosukarto [32] has proposed an automatic recognition of offense team formation in
American football plays, which uses the estimated court line of scrimmage to extract the
team formation for detection. Since this work is implemented on the 2D simple view

videos, there is a large limitation on the view angle change.

4.2 Framework of Attack Efficacy Variables Acquisition

The overall framework of the automatic attack efficacy variables acquisition is shown as
Fig. 4.5. Input of the framework is multi-view game videos, which record the games from
different views synchronously. With the multi-view videos, not only the image features
but also the 3D spatial information can be used. There are two steps of data acquisition
from the game videos. First is the acquisition of the 3D physical and event data, such
as the 3D ball position, ball event and the players’ positions. This paper uses my past

work of 3D ball state estimation method [33] and multiple players tracking algorithm [34]
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to obtain physical and event data. Second is the strategy data acquisition based on the
obtained data. Here the player role detection is generated to acquired the attack efficacy
variables and the area team motion density feature is proposed for detection of the team

status.

Video sequences

Physical and event data acquisition

/g+ﬂﬁv

Y Players Ball
( Strategy data acquisition )
P1: Player role detection P2: Area team

motion dense Tcaturc
Relative motion abruptness
Relative court zone division

U

Attack efficacy Team status detection
variables acquisition
| J

Figure 4.5: The overall framework of the automatic attack efficacy variables acquisition.

Since the 3D ball trajectory, ball event and players’ positions are the basement of fur-
ther data acquisition for team play evaluation. Here, the particle filter [23] based 3D ball

physical and event state estimation is introduce in chapter 2 and chapter 3. At each sam-
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pling time, the estimated state X, by particle filter is the tracked 3D ball trajectory and
event. And the particle filter based multiple players tracking method [34] is introduced is
introduced below.

As for the acquisition of the player position, the jersey number ¢ € C is used to manage
multiple targets in one team. C is the set of all jersey numbers. Then each player’s state is
defined as y; at a discrete time k, which represents the 3D position in real 3D space. And
the state is transited as

Yo =Y + Wi - AT, 4.1)

where W, is the prediction model combined with a Gaussian model and a least square
fitting prediction model. Observation of each player includes jersey number likelihood,
color likelihood and sobel gradient likelihood. The estimated player positions are indi-
cated as ¥,

Based on the obtained physical and event data of the ball and player, the relative
motion abruptness and court area division based player role detection method is proposed
for the acquisition of attack efficacy variables. And the spatial team motion feature is

proposed for the team status detection.

4.2.1 Relative Motion Abruptness and Court Area Division Feature

As the definition of attack efficacy variables, the players whose motion affect the attack
play include not only the player attacking the ball but also the setter, the other available
attackers, and the blockers. In order to acquire these attack efficacy variables, the role
of each player related to the attack play is required. There are three features of player
performance being proposed for distinguishing different players’ roles. First is the relative

court area division feature. For each player, this feature are presented by the ball relative
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distance value f;(k) during the time period from the setting and blocking, which is for the
detection of the players who directly touch the ball, such as the setter and the attacker.
Second is the relative motion abruptness feature, which are presented by the value of ball
approach motion abruptness f>(k) during the time period from the setting and blocking.
This feature is proposed for the detection of the players who don’t touch the ball, such as
the blockers and other available attackers. In addition, the attack motion feature f;(k) is
also proposed for the detection of players who don’t touch the ball. Detail definitions of

these player roles features are demonstrated as the following subsection.

4.2.1.1 Relative Court Area Division Feature

The definition of fi(k) is the distance to the ball of each player during the setting-attack

period,

fl (k) = ny)k - ﬁkl’ k€ [kset’ kattack] ’ (42)

where k,; and k... 18 the starting time of event set and attack, which are obtained from
the ball event data a?();k and éy,. Based on the distance from the ball at the time of each
event happening, the court area can be divided into different role area. At the setting time
k,e:, the 3D court area near the ball (that means the distance to the ball is small) is the
setter area. In a similar way, the attacker area and the blocker area are defined by the

distance to the ball at the attack time and the block time.

4.2.1.2 Relative Motion Abruptness feature

The relative motion abruptness feature shows the motivation of the player moving to hit

the ball, which is defined by the possible minimum distance between the player and the
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Figure 4.6: The relative court area division feature.

ball around the attack play disy,
dis = min(disy ), (4.3)
The disZJ7 is a predicted distance between the ball and the player in the attack play, which
is calculate by:
a?isz’[7 = §ou + Vpu - (@ — k) - AT, X,]. (4.4)
q is the time when the ball is hit. For attack play, ¢ = kuyack- y;: , 1s the velocity of the
player estimated by the positions at time p and time &:

_ (yg:k - yg:p)

Vo, = ————, k—-3,k-1]. 4.5
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With the distance between the player and the ball, the probability of the player moving
to attack the ball can be evaluated so that the available attackers are detected. When the
distance dis; becomes small, that means the player moves towards to ball. The motivation
of this player playing the ball is large can be judged. Therefore, the ball approach player
curve f>(k) is defined as

fZ(k) = ediSkV/l > D € [kset, kattack] . (46)

With this relative motion abruptness feature, the available attackers can be detected.

- __ Q0% b&;u predicted hitting
— oo ) ~ C - "y, .
-~ oY v ouv N, areaand time
Qo v time t R

Ball velocity | Ball

O relative

Compare N | velocity

t3 t2 1t . Threshold
. V1,V2,V3is the o~ o /7 N\ A

predicted velocity & & : : /oredicted!  Ball

by positions (t-3~t) R AN com are:\phimng | relative

Predicted positions P \_area /’" _distance
_ at hitting time ~—

Figure 4.7: The relative motion abruptness feature.

4.2.1.3 Attack Motion Feature Curve

The attack motion feature represents the motion feature of the available attackers and
blockers during the set and attack event. When the setters play the ball, the available

attackers and the blockers move to the ball then jump to gaining of defencing score based
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on the ball movement. Then based on the ball movement, the available attackers move
and jump to spike the ball for gaining score. Movements of the attackers are mainly
performed in the velocity direction to the ball and the height variance. Therefore, this
two information are used for obtaining the attack motion feature value f3(k) in the time
period from setting to blocking. Definition (xy, y, z¢) is the 3D coordinate of §g, in 3D

coordinate space, so that the feature value f;(k) is defined as

]%(k) = ZZ : UZ ’ p € [kxel’ kutlack] ’ (4'7)

where vy is the relative velocity between the player to the ball attacking position. During
the time period from setting to blocking, the peak value of the attack motion feature
denotes the attack motion of the player. Based on the time and the position of the attack

motion, the available attackers and blockers can be detected.

4.2.2 Attack Efficacy Variables Acquisition

Based on the attack efficacy curve of each player, the acquisition of each attack efficacy
variables is introduced in this section. Here, the value of each attack efficacy variable
including setting zone, available attacker number, attack tempo, attack type, blockers
number is denoted SZ, AN, Ampo, Awpe and BN [30]. Values of each attack efficacy

variables are defined in Table 4.3.
4.2.2.1 Acquisition of Setting Zone

The setting zone is defined as excellent setting zone (ESZ), acceptable setting zone (ASZ)
and not acceptable setting zone (PSZ) [35], whose court area is shown in Fig. 4.8. The
ESZ is an area of 8m?, 2m deep from the net and 4m wide, at a distance of 2m from the

right sideline and 3m from the left side. The ASZ is an area of 6m?, 2m deep from the
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ESZ zone and 3m wide, at a distance of 2m from the right sideline and 4m from the left

sideline. And the PS Z is court area excluding the area of the ES Z and the AS Z.

@ @
3m ESZ | | 2m
=

D ASZ
= 4m =
(@)Y

PSZ
9m

Figure 4.8: Definition of the setting zone. ESZ: excellent setting zone, ASZ.: acceptable
setting zone, PSZ: not acceptable setting zone

The position y,,, of the setter is

Yser = )A’SSZ’ > (4.8)

set

$Cset

where, Yo, is the position of the player c, at the set time k,.,. The player number c,,,
makes the value f (kyyqcc) smallest when ¢ = c,.
Then the value can be judged by comparing the position Y., = (Xser, Yser» Zser) With the

border line of the defined setting zones:

SZ =ESZ, (Line| < X5 < Line) N |(Yse:| < 2m)
SZ =ASZ, (Linez < x4 < Line;) N 2m < |yyef| < 4m) , 4.9)
SZ = PSZ, other situation

where Line,, Line, and Lines; is the threshold of the setting zone.
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4.2.2.2 Acquisition of Available Attackers Number

In the attack play, the available attacker can be detected by three conditions, which are
defined by the role of attackers in the game. Firstly, at the attacking time, the attacker
should have prepared at the attack zone which is defined as the area from the 3-meters

line of the court to the net. That means:

0 < [yl < 3. (4.10)

Secondly, in order to cooperate with the setting, the available attacker should move ap-
proach to the ball. This feature is reflected on the relative motion abruptness feature f; (k).
In the basic volleyball tactics, there are at least one, at most four available attackers in one
team. For each player c, if the relative motion abruptness feature value f7 (k) satisfies the
following condition:

max(f, (k)) > Ay, 4.11)

then this player ¢ can is decided as one candidate of available attackers. A; is the thresh-
old.

At last, the available attacker must have attack motion before the attack time, whose
feature is evaluated by the attack motion feature curve f;(k). Therefore, for the candidate
available attacker c, the third condition is that there must be a peak in the spike motion

curve f5 (k). The mathematic expression of this condition is with threshold A,:

max(fi(k)) > A, . (4.12)

If the data of player c satisfy these three conditions, this player is judged as the avail-

able attacker. The value of AN is the total number of the detected available attackers.
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4.2.2.3 Acquisition of Attack Tempo

As the definition in Table 4.3, the value of attack tempo is judged by comparing the time

of setting k., and the time k; when the attacker moves to attack the ball as:

Atempo =0, ke—kg> Ltempo
Atempo = 1’ |kset - kvl < Ltempo ’ (413)
Atempo = 2’ ks - kset > Ltempo

where the L, is a value denoting the average length of setting play. k is decided when

the time k first time satisfies
k) <min(fi(k+ 1), f5(k+2), f(k+3)) 4.14)

before the attack time. The value of k,,, is obtained by the relative motion abruptness
feature f,(k) and the attack motion feature f3 (k). When the attacker moves to the ball, the

value of f,(k) and f3 (k) increase dramatically.

4.2.2.4 Acquisition of Attack Type

The attack type is evaluated be the ball velocity after attack time directly. Taking the
tracking noise of the ball into consideration, the average velocity of &, time after attack is

used:
| M
Viar = 2 > Rt (4.15)
k=0
where M is the number of past trajectories. Therefore, the value of A, is decided with
the threshold TH:

Apype =1, Vs <TH
{ op ball (4.16)

Atype =2, Vball >TH ’
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4.2.2.5 Acquisition of Blocker Number

The block is the play of the rival team after attack. The blockers move near the net and
jump to block the ball. There are three criteria for judging whether one player is the
blocker. First, position of the player y; = (x{, y,, z;) should be at the rival team area when
attack start.

yzanm‘k . ylzan‘ack < O R (4.17)

attack

where, k.01 18 the time of attack play starts and ¢, 1S any jersey number of the attack
team. Second, in the attack play, the distance between the ball and the blocker should
be small enough so that it is possible for them to block the attack. Therefore, the second

criterion is based on the relative court area division feature f(k) with the threshold As.

flc(kattack) < A3 . (418)

At last, since the blockers always jump up to block the ball, the attack motion feature

f3(k) is used as the third criterion:

f3c(kattack) > A4 . (419)

When one player’s data satisfy the above three criteria, the player is judged as blocker of
this attack play. The value of BN is the total number of the players who are judged as

blockers.

4.2.3 Area Team Motion Density based Team Tactical Status Detec-
tion

The feature of the team tactical status utilizes two information, the ball relative team

motion and the team motion density on the specific court area. The spatial team features
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F; is the sum of each players’ spatial ball relative motion F':
c-1
F, = Z F¢, ie[0,D), (4.20)
c=0

where c is the jersey number of each player and the integrate value i is the index of the
spatial team feature vector whose length is /. The feature vector length [/ is defined by
the product of the amount of ball relative motion directions A, the amount of the specific

court areas B and the three dimension of physical 3D space:
I=AXBx3. (4.21)

First, the ball relative motion at each physical direction is defined as a 4 dimensional
feature. As equation (4.22) shows, the four dimensions are defined when the position
of the ball and the player is in the same sides of the court, in the different side of the
court, the moving direction of the ball is same with the player and the moving direction is

opposite with the player.

9, X <0Ny, %<0, a=0
ygzk'ﬁk<omy&k'fik>0, a=1
SO A ) (4.22)
Vor Xe>0Nye, X <0, a=2
yg:k~ﬁk>0r\ygzk~xk>0, a=3

where « is the serial number of ball relative direction.
Then, value of specific area amount B is 3 based on the segmentation of the court

area, which is decided by the distance from the player to the net. The number of each area

noted with .
§5,0<3,  B=0
3<Iy54l <6, B=1, (4.23)
6 < |§Ig;k|’ ,8 = 2

Therefore, the ball relative spatial motion feature of each player F is calculated as:

F zC = A%—L:k- (4.24)
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In equation (4.24), L is the length of trajectory used for extracting the feature and Ay;_,

is the moving distance during frame k and frame k — L.

Area 3 Area 2 Area 1

IR

Players: n n e ___

Velocity: —

5 U
n 1} ®
b
n n o
<4 44 |
- — > =
Feature 4 —
+ +
vector «— | —
t = — =

Figure 4.9: A conceptual example of the generation process for area team motion density feature.

Fig. 4.9 gives a conceptual example of the generation process of the proposed area
team motion density feature. Here are six players with known positions and velocities in
the court. These six players can be classified into three groups according to the court area
they locate. In area 1 of the court, there are three players and their ball related velocity
can be decomposed into four directions (in 3D space, it should be decomposed into six
directions). The team motion density feature of this area is a four dimensional vector,
each demotes different motion direction. Value of each direction is the sum of all the
players’ motion in this direction as shown in the figure. The features of all the three areas
are the proposed area team motion density feature, which is used for the detection of the

team status detection.
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4.3 Experimental Results and Discussions

4.3.1 Experimental Datasets and Environment Settings

Performance of the automatic game strategy data acquisition is evaluated on multi-view
videos of an official volleyball match (2014 Inter High school Men’s Volleyball Games
held in the Tokyo Metropolitan Gymnasium in Aug. 2014). These experimental game
videos are captured by four cameras located at each corner of the court. View angles of the
four input videos and the projection relationship with the physical coordinate system are
shown in Fig. 4.10. The match records all kinds of team tactical status including copious
volleyball events, such as serve, set, attack and block. After employing out previous
methods of the ball and players state estimation, whose success rate is 99.4% for 3D
ball tracking, 92.4% in ball event estimation and 99.87% for 3D multiple player tracking.
These 3D physical and event data are used as the input of the strategy data acquisition
system. Environment of the implementation of the proposed algorithms is C++ language

and OpenCV 2.4.11 on a machine of 3.40GHz CPU and 8§ GM RAM.

4.3.2 Experiments of Attack Efficacy Variables Acquisition

The experiments choose the attack plays of one team as the test sequence whose ball and
players can be tracked successfully. To evaluate the performance of the tested team, there
is 25 effective attack plays being prepared for evaluating the attack ability, and 27 effective
block plays prepared for evaluation of the team defense ability. As for the implementation
details, The comparison value in equation (4.9) which are defined according to the setting

zone definition and which half court the team locates:

{Linel = -1, Line; = 2, Lines = -2, y<0 (4.25)

Line; = =2, Line, = 1, Lines = 2, y>0 ’
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Figure 4.10: View angles of input volleyball game videos.

where y is the team location in y direction, whose unit of the value is meter. Values of A,
A,, As and A4 in equation (4.11), (4.12), (4.18) and (4.19) are 0.5, 1.8, 1 and 1.7. The
value of A in equation (4.6) is -0.02, L;,,,, in equation (4.13) and M in equation (4.15) is
3. The value of T H in equation (4.16) for attack type acquisition is a special case that is
discussed in the next section.

Three kinds of data are shown for the comparison of the proposed player performance
curve. First one is the ground truth of the request data, which are acquired by one person
who one person watches the game (four views) any times he needs with referring the
physical data and judge the data carefully. The second method is the conventional method,
which are acquired by one person who watches each view (four views) of the game and
real-time labels manually before the video finished. The last one is the acquired data
of proposed automatic attack efficacy variables acquisition method, which obtains the

data from the video directly without human judgment. Table 4.4 shows the evaluation
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data for the acquisition of the setting zone, the number of available attackers, the attack
tempo and the number of blockers. The proposed automatic data acquisition method has a
robust performance, which achieves 100% precision in the acquisition of the setting zone,
the number of available attackers and the number. The compared acquisition method by
human eyes is weak at judgment of the physical items. Such as the acquisition of the
setting zone, it is difficult to evaluate the player position when the setter locates at the
border of two setting area. Thanks to the accurate physical data of the 3D player position,
the setting zone can be corrected detected with proposed player performance curve. The
only one error acquisition is the acquisition of the attack tempo, there are two reasons
affect the acquisition performance: one is the unstable player trajectory and the other is
the ambiguous player motion.

As an exception in the evaluation, the criterion of attack type is a special case since
there is no definite explanation of the strong and powerful attack” and the slower at-
tack”. Therefore, the only method to obtain the ground truth is referring the conventional
manual method. However, the attack type is the variable that evaluates the velocity of
the ball and the power of the hitting, which is difficult to be observed correctly by human
eyes. In the proposed automatic attack type acquisition method, the ”’strong and powerful
attack” and the “’slower attack™ are identified by a velocity threshold in equation (4.16).
In order to show how the value of the threshold TH affects the acquisition precision,
seven different values are evaluated comparing with the conventional method. The result
is shown in Fig 4.11. Since the velocity measurement ability of human eye is weak. From
the theory, the precision of the proposed automatic variables acquisition method is higher
than that of the manual acquisition as long as the physical data of the ball and player is

precise. This evaluation is for comparing the difference between the automatic acquisition

95



4. RELATIVE MOTION ABRUPTNESS AND COURT ZONE DIVISION BASED
PLAYER ROLE DETECTION FOR EFFICACY VARIABLES ACQUISITION

and manually acquisition.

0.8

Precesion

0% 10 15 20 25 30 35
Threshold: TH

Figure 4.11: Acquisition precision for the attack type of different values of threshold TH com-
pared with the human eyes judgment.

4.3.3 Experiments of Team Tactical Status Detection

As for the ground truth of team status detection, considering that the team status detection
requires all the players and balls being recorded in the videos and the valid events, there
are in total 29 rounds games are selected as the test data. With the decided parameter L
whose value equals 30, there are 182 defensive ready statuses, 99 defensive statuses, 103
offensive ready statuses and 90 attack statuses in the selected test games.

In order to show the contribution of detailed part of the proposal, which uses both
court region information and ball related information. Three kinds of features are trained
and predicted by Random Forest classifier to show the performance of the proposed 3D
space motion density feature.

The first experimental feature is generated by listing all the players’ average positions

and velocities. The second one is proposed area team motion density feature without
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using the ball information. The third experimental feature vector is the area team motion
density feature vector using the ball related information.

In the experiments, for each team tactical status, I randomly select 30 samples as the
training data and test the rest data. I use three standard evaluation criteria, the accuracy,

recall and precision, to evaluate the detection performance. Definitions of used criteria

arc.
TP+ TN
accuracy =
TP+ FN+ FP+TN
TP
N=_"7 426
Tt = TP Y FN (4.26)
N TP
preclslon = =
TP+ FP

Table 4.5 shows the data of experimental result, in which the detection result of the
trained three kinds of feature is listed. From the table it can be known, the test feature,
which uses the individual player position, cannot detect the team status. Compared with
the feature of individual player features, the spatial court region information and the ball
related motions improve the detection rate a lot. Also, there is still large room for us
to increase the detection rate. After analysis of the detection failure in the experimental
result, there are two main reasons. One is the unstable players’ position that leads to
inaccurate feature vector. The other one is the videos samples in the intersection of two
continuous team statuses, which has both features of the two statuses and becomes severe

noise in training and prediction.

4.4 Conclusions

With the target of the automatic game strategy data acquisition from vision cameras, this

section proposes the player roles detection for the acquisition of attack efficacy variables
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with the relative motion abruptness and the court area division, and the area team motion
density feature is proposed for the detection of team tactical status. Firstly, the relative
motion abruptness, which is calculated from the ball motion and player motion, represents
the effort of each player to the play. This feature can be used to filter out the candidate
role for each player. By dividing the court zone into setter, attacker and blocker zones
based on the distance between the ball and the player, a court zone based filter is modeled
to further detect the player role. the detection rate of the setter position, the number of
available attackers, the attack time and the number of blockers is 100%, 100%, 97.8%,
100%. This is an average improvement of 8.3% compared with the detection rate of
manual acquisition. The proposed method appeals higher performance on the evaluation
of aspects including velocity information, play time and court border judgment. Secondly,
the area team motion density feature is for the detection of team tactical status, which
focuses on the team motion in different court zone that is corresponding to different plays.
Thanks to using the spatial court information, the proposed feature detects the team status
from the view of the integrate team on the court and the relationship to the ball, so that the
influence caused by the team rotation, the player changing and different team formation
can be reduced. The experimental detection rate of each team status (attack, defense-
ready, offense-ready and offense status) are 75.2%, 84.2%, 79.7% and 81.6%.

My future target will dive into two aspects. First, extension to acquisition the strategy
data for other volleyball play is necessary to achieve a comprehensive volleyball game
analysis and tactics development system. Furthermore, based on the achievements of the
GPU real-time acceleration [29], an real-time and low-delay volleyball analysis system is

expected for the supporting of TV content broadcasting in world big games.
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Table 4.3: Category of the value definition for attack efficacy variables.

Variables

Category

Definition

Setting zone

(52)

Excellent
setting zone
Acceptable
setting zone
Not acceptable

setting zone

A rectangle zone located
near the net

A rectangle zone next

to the excellent zone

All the remaining area

1

When only one attacker is

available to attack

Number of available attacker 2 or 3 When two or three attackers
are available to attack
(AN) 4or5 When four or five attackers
are available to attack
1 Before the ball arrives
to the setter’s hands
Attack tempo 2 When the ball arrives
to the setter’s hands
(Asempo) 3 When the ball reaches the
highest point of trajectory
after leaving the setter’s hands
Attack type 1 Power: A powerful attack
(Asype) 2 Off-speed: A slower attack
1 X3 One attacker against three blockers
Number of blockers 1x2 One attacker against two blockers
(BN) 1x1 One attacker against one blocker
1x0 One attacker against zero blocker
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Table 4.4: Experimental result of attack efficacy variables acquisition.

Efficacy ) Conventional | Proposed | Total
Metric
variables method method | number
correct number 38 45 45
SZ
precision 84.4% 100% ~
correct number 41 45 45
AN
precision 91.1% 100% ~
A correct number 39 44 45
tempo
' precision 88.6% 97.8% -
correct number 47 47 47
BN
precision 100% 100% ~
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4.4 Conclusions

Table 4.5: Detection results of the area team motion density based team tactical status

detection.

Team status Precision | Recall | Accuracy
Featurel 0% 0% 0%
Defensive ready | Feature2 83.8% 50.00% 60.4%
Feature3 | 74.6% 86.8% 81.6%
Featurel 0% 0% 0%
Defence Feature2 | 31.8% 39.1% 56.5%
Feature3 | 48.7% 79.7% 79.7%
Featurel 0% 0% 0%
Offensive ready | Feature2 | 28.7% 34.3% 68.9%
Feature3 | 64.6% 87.7% 84.2%
Featurel 0% 0% 0%
Attack Feature2 | 31.3% 51.7% 73.4%
Feature3 | 39.9% 88.3% 75.4%

Feature 1. Feature vector are generated by list all the
players’ average positions and velocities.
Feature 2. Area team motion density without using

ball relative information.

Feature 3. Proposed Area team motion density fea-

ture.
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Chapter 5

Conclusion and Future work

In this dissertation, the vision sensor based automatic ball related data acquisition algo-
rithms are proposed for the realization of volleyball analysis systems. The proposals are
mainly based on the abrupt motion feature and spatial importance for the acquisition of
ball physical data, the event data and the strategy data. The proposed automatic acquisi-
tion algorithms achieve high detection rate (92%~100%) on various kinds of game data,
which has a large potential in the contribution of the automatic Data Volley system for
strategy analysis and providing new data for TV contents.

The proposed data acquisition system makes significant contribution to the further
applications of the strategy analysis systems such as the automatic Data Volley system and
provides new data for TV broadcasting contents. The high potential on further application
of proposed data acquisition system is achieved by for features. Firstly, the data acquired
by proposed algorithm has various types. All the physical data, event data and even
strategy data are possible to be obtained. These data not only contribute to the game
analysis from the low-level (game statistics) to high-level (couching supporting), but also
provide copious new data for TV contents, such as the 3D ball trajectory. Secondly,

the obtained data has centimeter-level precision. Since the data obtained manually such
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as using Data Volley are always analysed in court zone unit (3mx3m), the game data
with centimeter level precision has higher potential in advanced strategy analysis. The
high precision of game data also guarantees the reliability in TV contents. Thirdly, the
proposed algorithm also acquires data that is difficult to be observed by human eyes, such
as the velocity and direction information. By adding these new data, the applications of
strategy analysis and TV contents are expanded. Finally, the data is automatically required
from the game videos. That saves human labor and processing time a lot.

The future work dive into two aspects: the application of the further strategy analy-
sis, and the real-time implementation of automatic data acquisition. Firstly, besides the
achieved acquisition work for physical data, event data and strategy data, the automatic
quality evaluation and new strategy creation are still remained for volleyball strategy anal-
ysis. These two topics are parts of my future works. For this future work, the challenges
includes the limitation of professional-level game data and lack of supporting of volleyball
specialists. By collaborating with the Sports Science School and Company, expanding the
database, evaluation of the play quality and creating new game strategy is expected to use
for the achievement the quality evaluation and strategy creation. Secondly, for the appli-
cation of the TV broadcasting and acquisition game data timely for the effective strategy
analysis, the real-time implementation of automatic data acquisition is necessary. By fully
utilization of the GPU, there is a high potential to achieve a real-time system for current
system. As the publications paper [29] shows, the GPU based real-time implementation
for 3D ball tracking has been achieved. For the target of real-time automatic data acquisi-
tion, my future works on real-time system are the GPU implementation of the event data
acquisition and strategy data acquisition. In order to achieve the algorithm acceleration,

the GPU platform based algorithm parallelism and complexity reduction are expected.
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