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ABSTRACT

As a very important category in sports video, racquet sports video, e.g. table tennis, tennis and badminton, has been
paid little attention in the past years. Considering the characteristics of this kind of sports video, we propose a new
scheme for structure indexing and highlight generating based on the combination of audio and visual information.
Firstly, a supervised classification method is employed to detect important audio symbols including impact (ball hit),
audience cheers, commentator speech, etc. Meanwhile an unsupervised algorithm is proposed to group video shots into
various clusters. Then, by taking advantage of temporal relationship between audio and visual signals, we can specify the
scene clusters with semantic labels including rally scenes and break scenes. Thirdly, a refinement procedure is developed
to reduce false rally scenes by further audio analysis. Finally, an exciting model is proposed to rank the detected rally
scenes from which many exciting video clips such as game (match) points can be correctly retrieved. Experiments on
two types of representative racquet sports video, table tennis video and tennis video, demonstrate encouraging results.

Keywords: Sports video analysis, racquet sports, audio-visual combination.
1. INTRODUCTION

Sports video is one of the most popular video programs all around the world. People create an increasing amount of
digitized sports video day by day. It is necessary to find effective ways for accessing these programs by their content. On
the other hand, more and more people access sports video using TV set-top box, PC, PDA, or even mobile phone, so it is
important to extract the valuable content in a sports video for saving both the user’s time and downloading costs.
Recently, sports video content analysis for automatic semantic indexing and content summarization has been a hot
research topic.

In the past years, lots of work has been done on sports video analysis and understanding. In ', Adami et. al gives an
overview of the present situation in sports video analysis. We can see that much attention has been paid to soccer and
baseball, and both single signal (audio, visual, text) and multi-model have been used for their structure analysis and
highlights extraction. As far as racquet sports is considered, only tennis has been mentioned in the review. However,
only visual information has been used for recognition of strokes based on HMM (Hidden Markov model) in * and
detecting fundamental views using supervised learning and domain-specific rules in °. To the best of our knowledge,
several approaches *°,®have been proposed for event detection and structure analysis in tennis video using multi-model
information. In *, visual features which characterize the type of shot view and audio features which describe the audio
event within a video shot are merged by an HMM. In °, the authors use visual features to capture the essence of scene
geometry and audio features to identify the sound of the ball hitting. Visual and audio recognition results are combined
by a likelihood approach for high level content analysis. In ®, Xu et. al classify video shots into several major classes and
among which the classification of the different audio signal segments is performed. Then rules are made on the audio-
visual classification result to detect exciting events.

As we can see, although there are some works done on racquet sports video, the research is mainly following the work on
field sports video (mainly soccer video) and there is still no general scheme for different kinds of racquet sports video
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analysis. In this paper, we try to provide a general solution to analyze the racquet sports video by fully explore its
characteristics on audio, visual features and their temporal relationship.

The rest of the paper is organized as fallows. In section 2, we outline the framework on racquet sports video analysis
based on its audio and video characteristics. The details of supervised audio classification and unsupervised video
classification are presented in section 3. Rally detection and ordering are described in section 4. Experimental results are
illustrated in section 5 and conclusion of the paper with a discussion of future work is provided in section 6.

2. SYSTEM OVERVIEW

Different from field sports, racquet sports has no distinct exiting event e.g. “shot on goal” event in soccer video. A
racquet sports video consists of the best of any odd number of games, and each game is made up of many story units
which are called rallies in this paper. Each rally is the period during which the ball is in play, and a rally of which the
result is not scored is a let. Unless the rally is a let, a player shall score a point. Play will be continuous throughout a
match except that any player is entitled to stop. Rally by rally content makes the racquet sports video have well defined
temporal structure both in audio and visual information.

Typically the audio track of the racquet sports contains impact, commentator speech, audience cheers, which are mixed
with each other or much noise from the situation. The audio information is more related to the state of the racquet sports,
for example, the impact occurrence usually indicates the ball is playing, and the cheers or excited commentator speech
occurrence often indicates the end of the rally and the happen of some exciting events. Audio is a valuable and robust
feature for racquet sports content analysis if we can identify some distinct sound in match. Meanwhile, the broadcast of a
racquet sports is produced by a fixed number of cameras at fixed place in the court for its given task. Then, there is much
similarity in the scene that made by the same camera. If we can group the video shots of similar content into same
cluster, the temporal video structure of a match will be clear. But pure visual feature is not sufficient for parsing the
racquet sports structure since it is quite difficult to learn supervised classification model for different kinds of video
content.

The goals of our work are racquet sports video structure parsing and highlight ordering. The experiments are carried out
both in table tennis and tennis. Figure 1 is the proposed system framework. First, a supervised classification method is
used to detect important audio symbols such as impact, audience cheers or commentator speech. In the mean time, an
unsupervised scene categorization algorithm is employed to group video shots into various clusters which have not been
specified with the semantic clusters labels. Then, by taking advantage of domain knowledge that rally scenes have a
strong relationship with obvious audio symbols, for example, impact sound always happens in the course of rallies, we
identify semantic information of the video scene clusters by audio classification results. After a refinement procedure for
removing false rally scenes through further audio analysis, rally and break segmentation could be achieved. Finally, the
detected rally scenes are ranked by pre-defined exciting model, and exciting moments such as game (match) points can
be correctly retrieved from those ranked rally scenes.

Figure 1: System framework
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3. AUDIO AND VIDEO CLASSIFICATION

In this section, we introduce the details on how to obtain the audio symbols and video clusters by supervised and
unsupervised classification, respectively.

3.1. Supervised audio classification

Generally speaking, there are several kinds of representative sound in racquet sports video including cheer, applause,
speech, impact, and so on. In real conditions, it is difficult to recognize these sound because of the variance of different
sound effect in different matches. And some sound may be mixed with others in a match, which makes them difficult to
be well classified with a probabilistic method. Furthermore, sometimes the duration of sound is quite different in
different sports video. We take some measures in the follows for the audio classification task.

3.1.1. Feature extraction and selection

According to the type of frame-level features on which they are based, four groups of clip-level features are extracted,
including both time-domain and frequency-domain features. Short-time energy(STE) based features contain the mean
value of STE(1), the standard deviation of STE(2), the low STE ratio(3), the high STE ratio(4); Zero-crossing rate(ZCR)
based features are consists of the mean value of ZCR(5), the standard deviation of ZCR(6), the low ZCR ratio(7), the
mean value of different ZCR(8), the standard deviation of different ZCR(9); The only pitch based feature is the mean
value of pitch(10); And the others are frequency based features, which are the mean value of brightness(11), the standard
deviation of brightness(12), the mean value of bandwidth(13), the standard deviation of bandwidth(14), Spectrum
Flux(SF,15), the mean value of sub-band power(16-19), the standard deviation of sub-band power(20-23), the mean
value of LPCC (24-31), the standard deviation of LPCC (32-39), the mean value of MFCC(40-47), the standard
deviation of MFCC(48-55). Especially, the four sub-bands cover the frequency interval of OHZ-fs/SHZ, fs/8Hz-fs/4Hz,
fs/AHz-3*fs/8Hz, 3*fs/8Hz-fs/2Hz. All these features are commonly used for audio classification and the detailed
descriptions are in ' and ®.

We extract a total of 55 features from a clip. Although all these features can be used to distinguish audio, some features
may contain more information than others. Using only a small set of the most powerful features will reduce the time for
feature extraction and classification. Furthermore, the existing research has shown that when the number of training
samples is limited, using a large feature set may decrease the generality of a classifier’. Therefore, feature selection is
performed before they are fed into the classifier. To select the effective features, SVM classifier, which will be
introduced in the next section, is employed to do the classification evaluation. Kernel function for SVM is Radial Basis
Function (RBF) with parameter gamma=1/dim.

A forward search algorithm’ is used to perform the feature selection task. Figure 2 and Table 1 are the corresponding
experimental results. And the SVM cross validation is performed with three sets of randomly selected training data and
testing data. Figure 2 shows the performance curve in the feature selection process. We find that with the increase of
dimension of feature, the accuracy increases sharply at first but slightly decreases when the number passes certain value
(17 dimensions) which is selected as the feature dimension. The selected features are listed in the second column in
Table 1. It can be seen that some of the time-domain and frequency-domain features are selected, which shows that both
time domain and frequency domain can reflect the signal. None of the Sub-bands features in the frequency based features
is selected. It means these features have little discriminating power. In the following, training and classification are
performed on the 17 selected features.

Tablel. Features used for audio classification’

Feature set Features selected Number of features | Number of features selected
Energy based features 1,24 4 3
ZCR based features 6,8,9 5 3
Pitch based features 1 0
Frequency based features 11,15,25,26,34,36,45,46, 45 11
47,54,55
Total 55 17

" The numbers in second column represent the specific features.
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Figure 2: The feature selection process of 1s clip length

3.1.2. Training and classification

We find that the performance of SVM-based classifier is much better than that of the KNN and GMM in audio
classification and segmentation in this task. Compared with other classifiers, SVM is easier to train, needs fewer training
samples and has better generalization ability. Besides, since we cannot define the probabilistic distribution functions of
the samples, we use SVM classifier in our work. The ability of SVM working on small training samples will reduce the
hard labor on training sample marking.

In the training and classification process, to determine the best sound clip length for samples we design a procedure
based on SVM classification evaluation. In the procedure, sound classification results of different clip length are
compared on the curve in Figure 4. The point at which the best classification performance is obtained is selected as
sound clip length. For example, in the experiment, one second is the best sound clips length for sound classification in
table tennis.

3.2. Unsupervised video shot classification

Sports video programs are normally captured by a limited number of cameras in certain locations. Most racquet sports
videos are composed of a restricted number of typical scenes and video shots in each type of scenes have similar video
content. Then, we propose a merging method to cluster video shots of similar video content into same video cluster'’.
This method is generic and does not require any domain knowledge about the type of the processed sports video. It
performs in an unsupervised manner and relies on the scene similarity analysis of the shots in the video.

3.2.1. Merging

In the merging process, each shot is represented by 5 key frames. Color histogram (256 dimensions) in HSV color space
is employed as the low level features of these frames. We use the Euclidian distance between two shots (or scenes) to
represent their scene similarity. The smaller the distance is, the more similar the two shots (or scenes) are and the higher
their scene similarity is. Every time the two most similar shots are merged into a scene. This procedure is repeated until
the merging stop criterion is satisfied before the merging process stops to obtain the scene clustering results.

3.2.2. Stop criteria

To determine the number of clusters, the stop criterion is defined based on a J value which is defined according to the
Fisher Discriminant Function.
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where J, is the total inter-cluster scatter of the initial scene sequence, J fv is the intra-cluster scatter of scene cluster

Cc. N is the total scene number in the initial scene sequence, N, is the shot number of scene cluster C.

represents the Euclidean distance. E,-C(Si) denotes shot 7 in scene cluster ¢ (the initial scene sequence), and

—

c -
Smean (Smean ) denotes the mean feature value of shots in scene ¢ (the initial scene sequence).

The value of J represents the total scene cluster scatter, which describes the ratio of intra-cluster scatter to inter-cluster
scatter of the scenes in the merging processing. Actually, it is expected that J value is small and the scene number is
small. While in real situation, the smaller the scene number is, the large the J value will be. As a tradeoff between J value
and the scene number, we choose a point where the sum of the J value and the ratio of the scene number to the total
number of scenes in the initial scene sequence in the merging process is the smallest, and take this one as the best
merging stop point. Experiments show that the rally scene which we care most is merged well. Figure 3 is a shot
clustering demonstration in table tennis video.

@ (b)

Figure 3: Video shot classification. (a) Keyframes of shots in real video sequence.(b) Keyframes of shots clusters

4. RALLY DETECTION AND RANKING

In sports video content analysis, the high-level semantics are always defined as the exciting events or highlights. By
considering what people care most in the racquet sports, the first thing we think is that they hope to browse the video just
like they read a book using the catalog, so it is necessary to structure the racquet sports into rallies. Another thing is that
they expect to watch the most exciting parts of the match, so ranking the segmented rallies should be done.

4.1. Audio/visual combination for rally-break segmentation

When we consider parsing the racquet sports structure into rallies, better results can be obtained by combining the audio
and visual information. In the previous steps, video shots have been merged into clusters. But we do not know the exact
semantic of these video scene clusters. It is probably a selective method that we use the domain color to recognize the
rally classes. But this method is not general for all types of racquet sports video. On the other hand, the sound classes
detected by audio detection may not be accurate. But the sound classes have strong semantic meaning and the scene
clusters have good temporal boundary. In order to solve both the problems utilizing the good aspects, we seek help to the
inevitable relationship between audio and visual information.

4.1.1. Scene recognition by audio symbol

By observing each of the video scene clusters, we find that there must be a sound class coupling with each video scene
cluster very well. For example in table tennis video, the “impact” sound matches best with “red field” scene cluster. Thus
we can obtain the meaning of each video scene cluster by the audio symbol coupling best with it. And then we can
coarsely segment a sports video into rally-break scenes. The procedure is described as follows.
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Supposing K sound classes and N video scene clusters are obtained. Let s, be the number of time slots and belong
to the k-th sound class that is distributed in the n-th scene cluster. Suppose that k-th sound class has A7 time slots and
t,; is within the time domain of the i-th time slot. Then

my, = Z aLf(t,)—n] @
i=0
n'= arg, max(mkn ) 3)

where £(¢) stands for the result of video clustering, and £'(¢) [1,2,...N], So n'is the exact match of k. For example,

when the k-th sound class is the Ping-Pong impact, the corresponding #'-th scene cluster is the rally scene. After we
know which the rally cluster is, the coarse rally event can be detected.

4.1.2. Refinement by audio symbol

Because some replay or some casually scenes may be similar with the rally scene, it is inevitable that the recall of rally
event is high, however the precision may be a little lower. Then audio rules are employed to remove those rally scenes
such as replay or some casually scenes. We should make a tradeoff between the precision and the recall of the rally event
to make some improvement. Some results of the refined rally event detection are shown in Table 2 and Table 3, section
5.3. The heuristic decision rules for rally event detection in the refinement processing are fully described in the
following.

RULET: IF there is an impact in the time scope of coarse rally
THEN judge whether at the end of the coarse rally there is excited speech or cheer
IF it is THEN it is a rally
ELSE it is not
RULE2: IF there is no impact in the time scope of coarse rally
THEN judge whether at the end of the coarse rally there is excited speech or cheer and whether at the
beginning of the coarse rally there is plain speech or cheer
IF both are satisfied THEN it is a rally
ELSE it is not

4.2. Rally ranking by excitement

The detected rally event can be output as video content summarization. Furthermore, these rallies can be ranked by their
exciting degrees. When we consider highlight ordering, the last time of the cheer and the pith of the commentator speech
have very strong relationship with excitement. Long time cheer and high pitch are the natural response of the audience
and commentator immediately after highlight. Also the duration of a rally is an important factor when we enjoy the
match. It seems people prefer to watching the long time confront according to our observation. By this analysis, we can
define the exciting degree Gy of a rally by a linear model

Gmlly = de‘at[on U

duration E (4)
where W is the importance weight, 7, = represents the duration of arally, g, = represents the relative energy of the

P

speech

+ Wcheer cheer + Wspeech

cheer clips after the rally, p_

pecch is the pitch of speech after a rally. The higher the G = value is, the more exciting the

corresponding rally will be.
5. EXPERIMENT RESULTS

The database used in our experiment is composed of 10536 seconds table tennis videos which are from totally 11
different living broadcast programs of Athens Olympic 2004, and 7761 seconds tennis videos which are from totally 4
different living broadcast programs of Wimbledon 2004. These videos are compressed by MPEG-2, digitized at 25
frames/s (PAL) and have a resolution of 352x288. The audio signal is sampled at 48000Hz and 16 bits/sample. The
audio stream is segmented into clips that are experimented in different time length with no overlapping with the previous
ones. Each clip is then divided into frames that are 512 samples long and are shifted by 256 samples from the previous
frames. The clip is used as the classification unit. In table tennis, clips of 957 seconds that comes from 4 different videos
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are used for audio training, and clips of 9579 seconds that comes from other 7 different videos are used for testing. In
tennis, clips of 567 seconds that comes from 1 video is used for audio training, and clips of 7194 seconds that comes
from other 3 different videos are used for testing.

5.1. Performance of different clip length for SVM classification

In order to determine the length of the clip for our feature analysis, the testing clip length is from 0.01s to 1.5s with
different interval. It is because 0.01s is already corresponding to the samples of a frame, so it is the minimum, and as
there is no much audio such as impact lasting for a long time, we find 1.5s as the maximum is proper. In the experiment,
0.2s, 0.5s, 1s and 1.5s are selected for training clip length to see the trend of performance with increasing training clip
length.

The results of different aspects are illustrated in Figure 4. It can be seen that in (c) there is no much difference, but in (a)
and (b) they are in the contrary sequence. It is reasonable that when the precision is higher, the recall may be lower. In
the following process of combining, the precision of the impact is more important. So in (a), the highest one that is 1s
should be selected as the training clip length. The 1s line reaches the maximal value when the testing clip length is 1s, so
both the training and testing clip length with 1s is the best.
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Figure 4: (a) the precision of the impact (b) the recall of the impact (c) the total precision of the total five classes

5.2. Rally-break segmentation

Seven different table tennis videos with the total time of 9579 seconds are used for rally testing. The results are listed in
Table 2. It can be seen that the rally event detected only by audio classification results is not satisfactory. This is because
the impact sometimes is not easy to detect when it is interfered by the commentator speech or other sound. However,
there is much improvement after audio/visual combination is applied, with the precision and recall reaching 88.93% and
98.01%, respectively. After refinement, the recall decreases 3.48%, but the precision increases 4.03%.

The rally detection results of 3 different tennis videos with the total time of 7194 seconds are listed in Table 3. It can be
seen that the precision of rally event by coarse combination is a little low, because in tennis some scenes with field for
player medium view are very similar with rally scene. So the refinement after combination is more important, and when
the recall decreases 3.9%, the precision increases 13.1%.
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Table 2: Rally event detection results in table tennis by audio only, audio/visual combination and refinement

ally event By audio only By audio/visual combination | Refinement after combination
Video clip precision recall precision recall precision recall
A(7:12) 15/22=68.2% 15/20=75% 20/27=74.1% | 20/20=100% | 20/22=90.9% | 20/20=100%
B(8:18) 14/16=87.5% 14/15=93.3% | 15/16=93.8% | 15/15=100% | 15/15=100% | 15/15=100%
C(27:40) 55/77=71.4% 55/84=65.5% | 84/89=94.4% | 84/84=100% | 81/85=95.3% | 81/84=96.4%
D(33:57) 51/87=58.6% 51/73=69.9% | 70/79=88.6% | 70/73=95.9% | 68/74=91.9% | 68/73=93.2%
E(11:08) 11/15=73.3% 11/28=39.3% | 27/30=90.0% | 27/28=96.4% | 26/29=89.7% | 26/28=92.9%
F(36:38) 75/109=68.8% | 75/98=76.5% | 93/106=87.7% | 93/98=94.9% | 84/94=89.4% | 84/98=85.7%
G(34:46) 40/49=81.6% 40/93=43.0% | 92/98=93.9% | 92/93=98.9% | 87/93=93.5% | 87/93=93.5%
Average 72.77% 66.07% 88.93% 98.01% 92.96% 94.53%
Table 3: Rally event detection results in tennis by audio only, audio/visual combination and refinement
event By audio only By audio/visual combination Refinement after combination
Video cli precision recall precision recall precision recall
A(40:13) 76/98=77.6% 76/111=68.5% 101/145=69.7% | 101/111=91% 94/117=80.3% 94/111=84.7%
B(48:59) 97/142=68.3% 97/123=78.9% 104/150=69.3% | 104/123=84.5% | 101/120=84.2% | 101/123=82.1%
C(30:42) 73/105=69.5% 73/97=75.3% 87/121=71.9% 87/97=89.7% 84/98=85.7% 84/97=86.6%
Average 71.8% 74.2% 70.3% 88.4% 83.4% 84.5%

5.3. Rally ranking

Since there is no absolute ground truth for rallies exciting ranking, subjective method is employed to evaluate the
performance of the proposed ranking model. We think it is appropriate that the game (match) points are ranked by the
linear model in the top 20% of the whole match, and the other rallies are in the order which is also acceptable.

6. CONCLUSION AND FUTURE WORK

In this paper, we propose a general scheme for racquet sports video content analysis including rallies detection and
ranking. The general approaches on supervised audio classification and unsupervised video classification make the
method work well on different racquet sports video. The proposed rally segmentation method and ranking model is more
reasonable than traditional sports video analysis method by fully exploring the characteristics of racquet sports video.

In future work, more sophisticated audio/visual information combination model will be developed and more reasonable
rally ranking method can be explored.
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