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ABSTRACT

Despite a lot of research efforts in sports video processing,
little work was done in volleyball video analysis due to the
high density of players on the court and the complicated
overlapping of player-player or ball-player, which lead to
great complexity of object tracking for advanced analysis.
For ball detection and trajectory extraction in volleyball
videos, this paper presents a physics-based scheme which
utilizes the motion characteristics to extract ball trajectory
from lots of moving objects. The experiments of ball track-
ing show encouraging results. Moreover, based on game-
specific properties, the ball trajectory can be exploited to
recognize set types for tactics inference and to detect basic
actions in the volleyball game for close-up presentation.

Index Terms— multimedia systems, video signal process.
1. INTRODUCTION

With the rapidly advancing technology of digital equipments,
it is much easier to capture videos for general users. Urgent
requirements for video applications therefore motivate re-
searchers to devote themselves to various aspects of video
analysis. Recently, sports video analysis is receiving increas-
ing attention due to the potential commercial benefits and
entertainment functionalities. Possible applications of sports
video analysis have been found almost in all sports, e.g.,
baseball, soccer, tennis, volleyball, etc. The major research
issues of sports video analysis are categorized as follows:
Shot Classification. In a sports game, exploiting the proper-
ties that the positions of cameras are fixed in the game and
the rules of presenting the game progress are similar in dif-
ferent channels, many shot classification methods are pro-
posed based on camera motion, color information, texture
information or face detection [1, 2].

Highlight Extraction. Due to broadcast requirement, high-
light extraction attempts to abstract a long game into a com-
pact summary to provide the audience a quick browse of the
game. Many successful approaches are proposed based on
audio analysis [3], semantic marker detection [4], video fea-
ture extraction and highlight modeling [5].
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Ball and Player Tacking. Tracking is widespread used in
sports analysis. Since significant events are mainly caused
by ball-player and player-player interactions, balls and play-
ers are tracked most frequently. Common tracking tech-
niques include trajectory-based ball detection and analysis [6,
7], physical model-based 3D trajectory reconstruction [8, 9]
and 3D position estimation with multiple cameras [10,11,12].

In addition, computer-assisted umpiring and tactics in-
ference are burgeoning research issues of sports video analy-
sis. However, these can be considered as advanced applica-
tions based on ball and player tracking. Therefore, tracking
is an essential and vital technique in sports video analysis. In
this paper, a physics-based ball tracking method is provided
for volleyball videos. The characteristic that the ball moves
parabolically in the air is exploited for more reliable trajec-
tory extraction. Different from the approaches [10, 11, 12]
which rely on multiple cameras set in an ideal analysis envi-
ronment, we provide an economy approach that only one
camera located behind the court is used. Moreover, based on
the extracted trajectory, the set types can be recognized for
tactics inference and the basic actions such as serve, receive,
set and spike can also be detected.

2. PROPOSED FRAMEWORK

Based on the game-specific properties and visual features,
we enhance the approach of [6] and propose a framework
which extracts the ball trajectory, recognizes set types and
detects basic actions in volleyball videos, as depicted in
Fig.1. In particular, the major contribution is a physics-based
method of ball trajectory extraction which utilizes the physi-
cal characteristic of ball motion and analyzes 2-D distribu-
tion of moving objects. Preserving more information than
the 1-D analysis [6], this 2-D distribution analysis allows
ball trajectories to be identified more reliably in sports
games such as tennis, baseball, basketball and volleyball
where the ball moves parabolically in most frames. In addi-
tion, exploiting domain knowledge, a trajectory-based se-
mantic analysis is proposed to recognize set types and detect
basic actions in volleyball videos.
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Fig. 1. Block diagram of the enhanced ball tracking framework

3. BALL TRACKING AND TRAJECTORY
IDENTIFICATION

Now we describe in turn the components of the scheme. The
procedures that have been presented in [6] are abridged.

3.1. Ball Size Range Estimation

Court line detection and camera calibration have been re-
searched well in the literatures. The algorithm proposed in
[13] is adapted in our work to obtain the lengths of the end
lines in a frame. Let L, and L, be the lengths (in pixel) of the
near and far end lines in a frame. The ball size range in a
frame can be proportionally estimated as [R,;, , Ryax] = [T *
(D/2 * L/LY — AR ,m « (D/2 * L, /L)’ + AR], where D is the
diameter of a real volleyball (21 cm), L is the length of the
end lines on the court (900 cm) and AR is the extension for
tolerance toward ball deformation.

3.2. Ball Candidate Producing

Each frame produces ball candidates by sifting moving ob-
jects through the constraints of size, shape and fullness.

Moving Object Segmentation. Since the ball in a volley-
ball game is apparent and bright, the luminance of the ball in
a frame should be higher. Hence, the positive regions of
intensity difference between the current frame and the third
frame before are segmented as moving objects containing
the ball, where the interval of three frames is used because it
reveals a more complete shape of the ball than one- or two-
frame interval by experiments. Morphological operations are

then performed to remove noises and make the regions filled.

Ball Candidate Detection. In a frame, it is difficult to indi-
cate the true ball. Therefore, all detected moving objects are
sifted through the following filters and the remaining objects
are considered as the ball candidates of the frame.

Ball Size Filter: The moving objects are filtered out if their
sizes are not within the ball size range [R,.in » Riax]-

Shape Filter: The ball in the frame might have a shape dif-
ferent from a circle, but in most frames, its aspect ratio
should be within the range [1/2, 2]. The objects with aspect
ratios out of the range should be filterer out.

Fullness Filter: Some objects in different shapes may pass
through the ball size filter and shape filter because of proper

size and aspect ratio. For this reason, the fullness filter is
built to remove the objects with the degrees of fullness D,
less than a threshold of 7. Dyis defined as:

D/: Sobj ! Ap-pox » @
where S,; is the size of the object and 4., is the bounding
box area of the object.

After filtering, the remaining objects are classified into
isolated and contacted candidates according to their nearest
objects in the frame. A candidate is called isolated if there is
no neighboring object at a shorter distance than the average
ball size, (R,.i,tRnax)/2, and it is called contacted otherwise.
This classification is important because the candidate close
to a player may be an over-segmented region of the player.

3.3. Trajectory Generation

In a volleyball game, players are not allowed to hold the ball
so that the ball trajectories almost show in parabolic curves.
In frames, the ball moves parabolically in Y-direction and
straight in X-direction as time goes on. Exploiting this
physical characteristic, a 2-D distribution analysis is pro-
posed that ball candidate distribution in both Y- and X- di-
rections are analyzed to identify the trajectory reliably.

Candidate Distribution Analysis. A candidate distribution
image is created by drawing the distribution of the candi-
dates for a sequence of frames. The Y-distribution image
(YDI) is created that each isolated (or contacted) candidate
draws a black dot (or green cross) in YDI at point (x, y) = (n,
y.), where n is the frame serial number and y. is the y-
coordinate of the candidate in the original frame (the left-
bottom corner of the frame is taken as the origin for presen-
tation clarity of the parabolic curves). Similarly, the X-
distribution image (XDI) is created that each isolated (or
contacted) candidate draws a black dot (or green cross) in
XDI at point (x, y) = (n, x.), where x, is the x-coordinate of
the candidate in the frame. An example is shown in Fig. 2(a).

Y-distribution image (YDI) X-distribution image (XDI)
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Fig. 2. Different process stages of YDI and XDI: (a) Ball candi-
dates (b) Candidate trajectories (c¢) Integrated trajectory. In the
figure, n is the frame serial number, y in YDI and x in XDI are y-
and x-coordinates of candidates in original frames, respectively.
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The procedure to explore trajectories in YDI and XDI is
summarized in Fig. 3. All ball candidates are first linked to
the nearest neighbor in the next frame. Since in frames the
ball moves parabolically in Y-direction and straight in X-
direction, the estimate functions for YDI and XDI are initial-
ized as Eq.(2) and Eq.(3), when the number of linked candi-
dates is up to three (three points form a parabola).

y=asn*+ben+tc,a<0 2)
x=den-+e A3)

With the estimate functions, the ball position in the next
frame is estimated. The estimate is considered matched if a
ball candidate close to the estimated position is found. The
trajectory then grows by adding this candidate and the esti-
mate functions are updated. If there is no candidate close to
the estimated position, the frame is regarded as a missing
frame and the estimated position is taken as the ball position.
The trajectory growing terminates when the number of con-
secutive missing frames reaches a given limit (4 in our ex-
periments). The produced candidate trajectories are shown
as the parabolic curves in YDI and straight lines in XDI in
Fig. 2(b).

Trajectory Identification. To indicate how likely a candi-
date trajectory is a ball trajectory, some confidential degrees
are given by evaluating the following properties.

Estimation error: On a candidate trajectory, the average
distance of each ball candidate position from the estimated
position is considered as estimation error. A confidential
degree C; is given to each candidate trajectory that slighter
estimation error results in a higher degree.

Trajectory length: The confidential degree C, for trajectory
length given to each candidate trajectory is proportional to
its length because shorter trajectories are more likely noises.

Ratio of isolated candidates: Since the volleyball moves in
the air in most frames, the ball trajectory should contain
more isolated candidates than contacted ones. Hence, a con-
fidential degree C; is given proportionally to the ratio of
isolated candidates.

All candidate trajectories are then identified according

to (C;+ C, + C;), as explained in the following pseudo code.

Let S be the set of candidate trajectories;

Set the identified ball trajectory / to be empty;

While (S is not empty) {

Move the trajectory T with highest C;+C,+Cj in S into 7,
Eliminate in S the trajectories which overlap with 7, }

Trajectory Integration. To accomplish a complete trajec-
tory, the gaps between pairs of contiguous identified trajec-
tories can be patched by extending each trajectory based on
estimate functions. An example of trajectory integration is
demonstrated in Fig. 2(c).

4. BASIC ACTION DETECTION AND SET TYPE
RECOGNITION

Based on the game rules, the ball changes its motion only
when interacting with a player. Therefore, the basic actions
of players can be detected at the transitions of the ball trajec-
tory. Besides, a play in the volleyball game begins with a
serve followed by iterative basic actions: receive, set and
spike. Hence, we can locate each of these actions and indi-
cate the sub-trajectory of set (set curve). Set type recognition
is crucial for tactics inference because spike is the most ef-
fective way to get points and the set type governs a spike.
Fig. 4 illustrates ten common set types with their respective
discriminants. 4, B, C and D are quick sets which players try
to spike as soon as possible. #2 and # 3 are short sets next to
the setter while #1, #4, #5and #6 are long sets toward the
two sides of the net. A set can be recognized by classifying
the set curve into one of the ten types with the discriminants,
where b and d are coefficients in Eq.(2) and Eq.(3), and T is
a threshold to decide whether the set is long or short.

Set|Discriminant

#1[d<0, |d>T, |d|/b<0.75

#2 [d<0, |d<T, |d|/b<0.75

#3 |d>0, |d<T, |d|/b<0.75

B D #4|d>0, [d>T, d/b<0.75

NS #5 [d<0, |d>T, 0.75<|d|/b<1.5

[ 4 #6 |d>0, |d[>T, 0.75<|d|/b<1.5

»% 4 [d<0, |dI<T, 0.75<|d/b=<1.5

(& B |d<0, |d/b>1.5

L C [d>0, |d<T, 0.75<|d|/b<1.5
Setter, D |d>0 Jd/b>15

Fig. 4. lllustration of set type diagram with discriminants
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4

5. EXPERIMENTAL RESULTS

For evaluation, the proposed method has been tested on two
testing data sets (352x240 MPEG-1) containing iterative
basic actions. Set 1 are 20 clips captured from Asia Men's
Volleyball Challenge Cup held in Kaohsiung, Taiwan with a
digital camera, and Set 2 are 10 clips downloaded from the
website: http://volleyball.heeha.com/index.shtml. The ball
position of each video frame is manually recognized as
ground truth. The experimental results of ball detection and
tracking are listed in Table 1. A ground truth ball is called
“detected” if it matches a ball candidate. It can be found that
the percentages of the ball detection are not very high be-
cause the ball might be missed when it is close to a player. A
ground truth ball located on the obtained trajectory is called
“tracked”, since the ball position can be estimated on the
trajectory by the motion characteristics even though it does
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not match a ball candidate. Based on observation, we find
that most tracking errors occur after the ball is spiked. If a
spiked ball moves too fast, it could be blurred in the frame
that the ball would be difficult to be detected. The tracking
might fail if there are not enough detected ball candidates.
Although there are some tracking errors, the proposed
method promotes noticeable accuracy, which is up to 90%,
for ball tracking. Some examples of ball trajectory extraction,
action detection and set type recognition are demonstrated in
Fig. 5, Fig. 6 and Fig. 7.

Table 1. Performance of ball detection and tracking.

Source Set 1 Set 2 Overall
Clips 20 10 30
Frames 3285 1605 4890
Balls 2790 1260 4050
Detected (%) | 1902 (68.17%) | 985 (78.17%) | 2887 (71.28%)
Tracked (%) | 2538 (90.97%) | 1175 (93.25%) | 3713 (91.68%)

Receive

_Set il\ic = #Si
§ .“
N g —_—— 3

Fig. 5. Demonstration of ball trajectory extraction, action detection
and set type recognition for a volleyball clip captured in Asia Men's
Volleyball Challenge Cup

Receive

Fig.6. Demonstration for a volleyball clip downloaded from the
website: http://volleyball.heeha.com/index.shtml

Set type = #4
Fig. 7. Examples of set type recognition.

Set type = #1 Set type = #2

6. CONCLUSIONS

In this paper, we present a physics-based ball tracking
scheme which is capable of extracting ball trajectories in
volleyball videos. Utilizing the motion characteristic that the
volleyball moves in a parabolic curve except when being

touched by a player, a novel 2-D distribution analysis is pro-
posed for reliable ball trajectory identification. This 2-D
distribution analysis can also be applied to other ball games
with similar ball motion characteristic. Furthermore, based
on the game-specific properties, significant events are de-
tected and set types are recognized.

In the future, the players will be tracked to detect ad-
vanced events such as tandem, crossover, piston and slide.
Combined with the framework of ball tracking and set type
recognition in this paper, an integrated system will be pro-
duced for further tactics inference and intelligence collection
in volleyball games.
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