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Abstract

In this paper, we propose a subjective evaluation criterion which is a guide for selecting affective
features and modeling highlights. After the database of highlight ground truth is established and
commonly used effective features are extracted, evaluation experiments are designed on tennis
and table tennis as examples. Based on the experiments, we conclude that: 1) the commonly
used affective features are correlative; 2) the effective combination of affective features is mo-
tion vector (MV) average, cheer duration, excited speech duration and event duration; 3) the
highlights model is approximately linear.
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ABSTRACT

In this paper, we propose a subjective evaluation critevidoh is a guide for selecting affective features and modeling
highlights. After the database of highlight ground trighestablished and commonly used affective features are
extracted, evaluation experiments are designed on tennisbledtennis as examples. Based on the experiments, we
conclude that: 1) the commonly used affective features are cimeeld) the effective combination of affective features

is motion vector V) averagecheer duration,excited speech duration andevent duration; 3) the highlights model is
approximately linear.
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1. INTRODUCTION

Nowadays, an increasing amount of digitized sports vidpooduced day by day. More and more people access sports
video using TV set-top box, PC, PDA, or even mobilengh It is important to extract the valuable content sparts
video for saving both the user’s time and downloadirgiscal herefore sports video analysis using highligbtection

for content summarization has been a hot research topic irt yezas. Many research on highlights detection so far,
but uniform evaluation criterion is absent.

Highlights in sports video is usually classified inteotcategories, that is, event oriented [1,2] and excitingegeg
oriented [3,4]. For the former highlights is definedfiaed exciting events such as “home run” events in basabdll
“score” events in tennis, which are evaluated by the prec#ionrecall. There is scarcity of exciting degree of each
event. Sometimes it is not easy to decide whether one type @vent is more exciting than the other. For the latter
there is no criterion. And researchers usually evaluate theievgmeal results by observing the local maxima of the
highlights curve to see whether it is an exciting evemobr

In this paper, we propose a subjective evaluation critewbich can be used both in event oriented and excitiggede
oriented highlights detection systems. Because any highlggiculated by computer is compared with that marked by
human, and we can know how much extent the highlights refleghan perception. In order to make the subjective
evaluation criterion works, the first thing is to estsiblthe database of highlight ground truth. Highlighkramarked

by more than 6 people can guarantee it is the grounk. tBegcondly, affective features are needed to express the
highlight, so commonly used affective features are extrattatiese two steps are done, you can use the pedpos
subjective evaluation criterion to selecting affective and ningldhighlights. In the following, we will provide a
detailed description of the process by taking tennis and tabhis as examples.

The rest of the paper is organized as follows. In sectiome2select several commonly used affective features. In
section 3 a subjective evaluation criteria is proposed. Bifatuexperiments are designed in section 4, we can conclude
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that these affective features are correlative and effective oatidn of them can be found and the highlight model is
approximately linear. Section 5 concludes the paper.

2. AFFECTIVE FEATURES

In [3,4,6], the commonly used affective visual feature i®iom. It captures the pace of action [4] and shows a
significant impact on individual affective response [6]. Tdoenmonly used affective audio features are cheers and
pitch-related features [3,4,6], which are considered as hawiogg relationship to the affective content of the video.
For example, in sports videoheer of the audience and the pitch improvement of the commeritafily highlight
scenes. The longer duration dfeer and higher average energy afeer, as well as the longer duration efcited
speech and higher average pitch efcited speech are, the more exciting the event is. Finadlyent duration is another
affective feature that has relation to affective content ofovjdg

By these observations, we extract a total of 6 affective featureach event for highlight ranking. They are
a. MV average
b. cheer duration
c. cheer average energy
d. excited speech duration
e. excited speech average pitch
f. event duration

3. SUBJECTIVE EVALUATION CRITERION

It is believed that good evaluation criterion is a guide tfe right development direction of the thing. Here, the
subjective evaluation criterion is proposed for selectingtiie features and modeling highlight.

Firstly, we define the highlight rank of each event agngegerr which is between 0 anR . Supposing that the total
segmented event numberld , six people are asked to endow each of the event m agightankH ,(r) in terms
of their subjective perception on the event. By these mesisiire ground truth for highlight evaluation is esshigld.
Based on this ground truth, we can evaluate the highlighténg resuItCm(r) by computer as
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where‘H;n(r) —C'm(r)‘ represents the relative bias between highlight rankethusyan and computer, so the

change of R which is selected according to users’ requirewidiniot affect the accuracy. The difference of 1% in
accuracy means a difference of 1% in relative bias. If the accur&pds there is 20% difference between human
rank and computer rank relatively. Function (1) shows tfeatcuracy is obtained by averaging the human-computer
rank bias.

4. EVALUATION EXPERIMENTS DESIGN

Experimental data are composed of 4 different broadcast teideis of French Open 2005 and 4 different broadcast
table tennis video of Athens Olympic 2004. These videescampressed by MPEG-2, digitized at 25 frames/s, and
have a resolution of 352x288. The audio signal is seangl 44100Hz and 16 bits/sample. The details of each aigéeo
listed in Table 1 and Table 2.

Table 1: Tennis videos

video e f g h
whole duration | 29:27 26:53 9:40 26:32
total event 83 79 30 98




Table 2: Table tennis videos

video E F G H
whole duration| 27:40 33:57 11:08 34:46
total event 82 61 21 70

In general, the signal system in real world is often lear, so the human perception system is. Then we wondered
whether the linear highlight model is simple and effective.w® use a nonlinear model (SVM regression) to see
whether the affective features and the highlight exciting degeeam@proximately linear. The first reason we adopt
SVM regression to rank the events is that it has the &alyas of kernel-based learning method, such as requiring
fewer training samples and having better generalization abilitg. second reason is that SVM regression provides
superior robustness and prediction accuracy for sparse aideav data distribution [7,8]. In our application, the
ground truth is sparse since the subjectivity of diffepamson.

4.1 Selecting affective feature

Based on the proposed evaluation criterion (1), we userveafd search algorithm [9] to evaluate the affective
features. And the SVM cross validation is performed witlee¢ sets of randomly selected training data and testing
data. Kernel function for SVM is RBF (Radial Basis Fundtiwith parameter gamma=1/dim. The valueFéfin
function (1) is 10.

Figure 1 shows the accuracy on different feature number. Asnsiwo Figurel, the differences of minimum and
maximum are 4% in tennis and 3% in table tennis, respectilteiyeans that these affective features are quite
correlative. As shown in Figure2, one feature alone is tabfeflect the exciting degree to large extent. Furthesmor
featured is the domain feature in Figure2, but the combinatios, &f, d andf gets maximum affective accuracy in
Figurel.

Based on this experiment, we can have the conclusioniasgso
Conclusion 1: The commonly used affective features are correlative;
Conclusion 2: The combination of a, b, d and f is effective;
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Figure 1: The affective feature selection process
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Figure 2: Single affective feature

4.2 Modeling highlight

With the affective features, b, d andf are fed into the regression model, the comparison sesiuttonlinear and linear
regression are listed in Table 3 and Table 4. It can be bagrthere is nearly no improvement by using nonlinear
regression (SVM regression), so the past work using tigarihighlight model is reasonable, which means that it is
simple and effective. It also can be seen that the affective acawaayes around 80.0% in terms of the ground truth
and evaluation criteria. We must make it clear that 82.098%@Raffective accuracy is a marvelous highlights ranking
result since the result is obtained fully automatically byngater. This result shows that the determined affective
features can reflect human perception to a large extent.efondie, it shows that in some special conditions computer
can learn from human perception for automatic video conteerstanding.

Based on this experiment, we can have the conclusioniasgso
Conclusion 3: The highlight model is approximately linear;

Table 3: Tennis videos

Train data Test data Affective accuracy (%)
SVM regression|  Linear regression
e f,g,h 83.3 81.8
h e,f,g 82.5 83.4
ef g,h 79.5 79.0
g,h e f 84.2 83.7
average 824 82.0
Table 4: Table tennis video
Train data Test data Affective accuracy (%)
SVM regression|  Linear regressign
E F,G,H 79.3 77.9
H E,F.G 78.9 77.0
E,F G,H 85.2 83.1
G,H E,F 80.6 79.0
average 81.0 79.3




5. CONCLUSIONS

Our proposed subjective evaluation criterion is a guidéifgilight detecting and ranking. It proves that past works
on affective features and highlight model are effectiveh@dlgh the experiments have only been carried on the tennis
and table tennis, it is believed that the subjective evaluatiterion is the same with other sports, so the affective
features and linear highlight model are.
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