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Abstract The details of the matches of soccer can be estimated from visual and audio sequences, and they correspond

to the occurrence of important scenes. Therefore, the use of these sequences is suitable for important scene detection. In this

paper, a new multimodal method for important scene detection from visual and audio sequences in far-view soccer videos

based on a single deep neural architecture is presented. A unique point of our method is that multiple classifiers can be

realized by a single deep neural architecture that includes a Convolutional Neural Network-based feature extractor and a

Support Vector Machine-based classifier. This approach provides a solution to the problem of not being able to simultane-

ously optimize different multiple deep neural architectures from a small amount of training data. Then we monitor confidence

measures output from this architecture for the multimodal data and enable their integration to obtain the final classification

result.
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1. Introduction

Opportunities to watch various channels via various
devices have been increasing to the development of net-
work technologies and the spread of various video dis-
tribution services [1,2]. Among the various channels,
the demand for distribution of sports videos is high,
and there are channels such as DAZN* that specializes
in sports. DAZN provides various contents such as live
videos of matches, their details and highlight videos,
and these contents are used not only by viewers but also
by training staff and players. These contents are gen-
erally obtained manually by training staff, and the pro-
cedure is very time-consuming. Therefore, techniques
for sports video analysis are required for automatically
obtaining these contents.

Many studies on sports video analysis have been con-
ducted in the past decade [3].

ducted on various sports including baseball, soccer, bas-

Studies have been con-
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ketball and volleyball. Since soccer is one of the most
popular sports worldwide, there is a strong demand for
soccer video analysis techniques. Studies have been
conducted on soccer player tracking [4-8], tactics analy-
sis [9-14], event detection [15-23] and video summariza-
tion [24-28]. A soccer match takes about 100 minutes.
With the spread of video distribution services, the num-
ber of matches that can be watched has increased, and
the demand for soccer video summarization is thus in-
creasing. The main purpose of video summarization is
to create a synopsis of a video that is easy to understand
and give viewers a general overview of the video [29].
By summarizing the video, viewers can know the im-
portant scenes of the video [30].

Accurate detection of important scenes such as goals,
shots, and fouls is needed for realizing the summariza-
tion of soccer videos. Methods for detecting events such
as goal scenes, shot scenes and foul scenes have been
proposed [15-23]. These methods have been proposed
for broadcasting/distribution of soccer videos, and de-
tection of events by these methods is performed by us-
ing unique characteristics of the videos. The methods
make effective use of editorial characteristics such as
video shot changing, zooming and dissolving. The num-
ber of far-view soccer videos, which broadly capture
soccer fields and are unedited videos before broadcast-

ing/distribution, is larger than the number of broad-
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casted /distributed soccer videos. Not only professional
soccer teams but also amateur soccer teams take far-
view soccer videos for analyzing their matches. There-
fore, if there is a method that can detect important
scenes from far-view soccer videos, it can be broadly ap-
plied to not only professional soccer matches but also
amateur soccer matches taken with various cameras.
However, existing methods such as those in [15-23] can-
not detect important scenes in far-view soccer videos
since these methods need to use editorial characteris-
tics.

In order to successfully detect important scenes from
far-view soccer videos that do not have editorial charac-
teristics, the introduction of multimodal deep neural ar-
chitectures into visual and audio data of the videos and
their integration should be effective. By multimodally
using heterogeneous features, each modality can com-
pensate for the shortcomings of the other modals. How-
ever, it may be difficult to simultaneously optimize dif-
ferent multiple deep neural architectures for heteroge-
neous and a limited amount of data.

In this paper, we propose a new multimodal method
for the detection of important scenes. In soccer
matches, the importance of scenes can be estimated
from visual sequences including movements of players.
The importance of scenes can also be estimated from
audio sequences such as cheering by the spectators and
sounds of the whistle blown by the referee. In impor-
tant scenes of soccer matches, the referee blows a whis-
tle to stop or restart the match. For example, impor-
tant events such as foul scenes and set-piece scenes al-
most include whistle sounds. Thus, the improvement
of the important scene detection performance can be
expected by detecting the whistle sounds. Therefore,
we extract multiple visual and audio deep neural fea-
tures representing movements of players, cheering by
the spectators and whistle sounds from far-view soccer
videos to construct classifiers for detecting important
scenes. In the proposed method, these multiple classi-
fiers can be realized by a single deep neural architecture
that includes a Convolutional Neural Network (CNN)-
based feature extractor and a Support Vector Machine
(SVM) [31]-based classifier. In this approach, by fo-
cusing on a report [32] showing that high-performance
classification is feasible by using spectrogram images
obtained from audio sequences, we create these images
from cheering by the spectators and whistle sounds.

Therefore, in all modalities, CNN-based features can
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be calculated from the images. Specifically, we ex-
tract these CNN-based features by using the pre-trained
Inception-v3 model [33]. This approach provides a so-
lution to the problem of not being able to simultane-
ously optimize different multiple deep neural architec-
tures from a small amount of training data, and it is
the main contribution of this paper. By using the pre-
trained model, we do not have to perform retraining
for each environment such as each stadium from a large
amount of training data. Then, from these multimodal
features, we construct SVM-based classifiers since SVM
is a powerful classification method for a limited amount
of data. Therefore, the combination of CNN and SVM
is considered to be suitable for the detection of im-
portant scenes in far-view soccer videos. In this ap-
proach, we introduce a criterion called a “confidence
measure” [34] for estimating the confidence of each clas-
sification result. Then, by monitoring these measures
of different modalities, we can simply integrate their re-
sults to obtain the final detection result. By realizing
this approach, various important scenes can be accu-
rately extracted from far-view soccer videos. It should
be noted that this paper is an extended version of [35].

The rest of this paper is organized as follows. In Sect.
2, we present a new method for detecting important
scenes in far-view soccer videos. In Sect. 3, experimen-
tal results that verify the performance of the proposed
method are presented, and Sect. 4 shows concluding

remarks.

2. Multimodal Important Scene Detec-
tion via Single Deep Neural Architec-
ture

Our method consists of two phases. Figure 1 shows
an outline of the proposed method. In the first phase,
we extract multiple deep neural features based on the
single CNN-based architecture and enable SVM-based
classification of important scenes. In the second phase,
we derive confidence measures for the classification re-
sults to realize integration of the classification results
obtained from the heterogeneous features. The details
of the two phases are respectively shown in the following
subsections.

2.1 First Phase: Classification Based on Sin-

gle Deep Neural Architecture

In the first phase, the proposed method first extracts
multiple CNN-based features from visual and audio se-
quences of target soccer videos and then realizes SVM-

based classification. In order to obtain CNN-based fea-
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Outline of the proposed method. The proposed method extracts CNN-based features from visual

and audio sequences based on a single CNN architecture and enables SVM-based classification

(First Phase).

Then, by deriving confidence measures from the outputs of the classifiers, the

proposed method enables their integration to obtain the final detection result (Second Phase).

tures via the single CNN architecture, we have to obtain
images from all modalities. Since the proposed method
focuses on movements of players, cheering by the spec-
tators and sounds of the whistle blown by the referee,
three kinds of images have to be calculated. In the fol-
lowing, we show the details of their calculations, and an
overview of the calculations is shown in Fig. 2. Note
that the lengths of time between video frames and the
duration of audio sequences are determined in such a
way that they become the same.
Images for representing movements of players
The proposed method simply uses image data at
the f(=1,2,...,T)-th frame in the i(= 1,2, ..., N)-
th video clip. 7 and N are the time length of
each video clip and the total number of video clips,
respectively. Although the movements of players
may be accurately analyzed by extracting players
from each image, this procedure includes errors and
affects the following feature extraction procedures.
Therefore, we directly use the image data.
Images for representing cheering by the specta-
tors
The proposed method divides each video clip into
T equal-length segments. Then, for each segment,
the image representing cheering by the spectators
is obtained by calculating its spectrogram.
Images for representing whistle sounds
It is known that the frequency band of sounds of
the whistle blown by the referee is in the range of
3.5-4.5 kHz [36]. Thus, when a whistle is blown,
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it is considered that there is an energy peak in the
frequency band of 3.5-4.5 kHz. Therefore, we clip
the frequency band of 3.5-4.5 kHz from the spec-
trogram of each video clip to obtain the image rep-
resenting whistle sounds by the referee. Note that
since only the existence/non-existence of whistle
sounds is important, we calculate the spectrogram
not for each segment but for each video clip.
In this way, the proposed method obtains the three
kinds of images for each segment or each video clip.
The proposed method inputs these images into the
Inception-v3 model [33] that is pre-trained with Im-
ageNet dataset [37] and outputs their D-dimensional
CNN-based features from its final pooling layer. Then,
by aligning these features for all T' segments included
in each i-th video clip, the three kinds of CNN-based
features representing movements of players, cheering by
the spectators and sounds of the whistle blown by the
referee can be obtained as visual features v; € RPT,
audio features a; € RPT and whistle features r; € RP,
respectively. Note that r; is calculated from each video
clip and its dimension becomes D.

By using the above approach, the proposed method
realizes feature extraction from multimodal data via the
single CNN-based architecture. Generally, it is difficult
to optimize multiple deep neural architectures from a
limited number of training samples. This is particu-
larly difficult for soccer videos since the environments
of soccer video clips such as stadium conditions are

quite different. Therefore, in our method, we utilize
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Overview of the extraction of features representing movements of players (v;), cheering by the

spectators (a;) and sounds of the whistle blown by the referee (r;) in the proposed method.

the pre-trained CNN architecture for effectively solving
the above problem.

Next, from the obtained CNN-based features, the
proposed method performs SVM-based classification of
important scenes. In addition to visual features v;, au-
dio features a; and whistle features r;, we define in-
tegrated features m; as multimodal features by com-
bining visual features and audio features based on a re-
port [38] showing that accuracy is improved by combin-
ing deep neural features obtained from multiple modali-
ties. In the proposed method, we simply construct SVM
classifiers for these four kinds of CNN-based features.
In the following, we construct classifiers based on each
deep neural feature obtained above. Specifically, we
construct classifiers that can classify whether the tar-
get video clip is an important scene or not by using
visual features v;, audio features a; and integrated fea-
tures m;. We also construct another classifier that can
classify whether or not the target video clip is a scene
in which the whistle is blown by the referee by using
whistle features r;. First, we explain the method for
construction of a classifier based on visual features v;.
SVM-based training is performed by using visual fea-
tures v; calculated from video clip samples with their
labels y; that indicate whether the video clip samples
are important scenes or not. By applying the generated
SVM-based classifier to the target video clip for which
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the label is unknown, the target video clip is classified
Specifically, the label of

the target video clip Ytarget is estimated by using visual

an important scene or not.

features of the target video clip viarger and the classifi-
cation function f*V™ is defined as follows:
(1)

svm o T
- )
f (Utarget) Slgn(w . Utarget + b)

+1
-1

: (2)

(fsvm (Utarget) g 0)
Ytarget =
<0

(fsvm ('vtargct) )

where w and b are a connection weight vector and a
bias, respectively. When the margin in f5V™ is k, the
training is performed to maximize the margin of the
classification hyperplane |w ' - v; + b| = k. Also, when
w and b are normalized by x, the hyperplane satisfies
|lw -v; +b =1, and w' - v; + b satisfies

IV

+1 = +1
w' v, +b (v )

-1 (m=-1)

3)

N

From Eq. (3), yi(w" -v; +b) 2 1 is established. When
Vtarget 15 Projected onto the w!' axis, the Euclidean
distance between that point and the origin is defined
as W' - Vearger/||w||. Therefore, the distance between
the points of both labels closest to the hyperplane is
2/||w]|. The problem of maximizing 2/||w|| results in

the following problem:
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in = ||
argmin —||jw

w 2 (4)
yi(w' v +b) =1, N.

s.t. =1,

Also,
(CL17 5, aN

method, Eq. (4) reduces to the problem of maximiz-

by defining the Lagrange multipliers a

)T and using the Lagrange multiplier

ing the following objective function for a:
- N 1
L(a) = ; ai = 5
where a satisfies the following equation:

N
> aiyi =0
i=1

ai§0,

N
. . . . ,T .
a;a;YiY;v; Uj,
i,j=1

(5)

(6)

s.t. i=1,---,N.

The classification hyperplane f5™(viarget) is expressed
by the following equation.

N

svimn
f ('Utarget) = E Q;YiV; - Vtarget 1+ b.
=1

(7)

Furthermore, v; is transformed by the non-linear map-
ping ¢ (v;), and by applying the SVM on the space, non-
linear classification is possible by the following equa-

tion.
N
fsvm (vtarget) = Z aiyistm(via 'vtargct) + bv (8)
=1

where we define a kernel function K™ (v;, Usarget) =
(v;)-Y(Vsarget). The output of SVM defined by Eq. (1)
is calculated on the basis of 1)(Vtarget) and the distance
of the classification hyperplane. As described above,
visual features are used to classify target video clips for
which labels are unknown as important scenes. As well
as the above processing, SVM is used to learn audio fea-
tures and integrated features, and each feature is used
to classify whether the target video clip for which the
label is unknown is an important scene or not in the
same manner.

Next, the whistle feature is used to perform training
by SVM to classify whether the target video clip for
which the label is unknown is a scene in which the a
whistle is blown or not.

2.2 Second Phase Multimodal Fusion

Based on Confidence Measures

In the second phase, we perform multimodal fu-
sion of the classification results obtained in the first
phase based on their confidence measures to obtain
the final classification result. In the following, we ex-

plain the derivation of the confidence measure of the
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visual feature-based classification result in the target
video clip Cy,,,,., as an example. Given the attribute
probabilities of being an important scene and a non-

important scene obtained as Py, and Py®

ot Vtarget’

re-
spectively, the confidence measure of the visual feature-
based classification result is derived as

neg
Vtarget

— PPOS

Viarget

(9)

are calculated by uti-

(8)-

sigmoid function is used as an activation function for

C'Utarget

Note that Pj” and Py
tar targe
lizing the output value of Eq.

get t

Specifically, the

™ (Viarges) according to [39]. When c¢ is a random
variable with class values to be classified and tiarget =
(Yrarget + 1)/2 € {1, 0}, the attribute probability when
trarget = 1 is calculated as follows:

1
1+ exp(afs¥™ (Vsarget) + )

Dtarget

P(C = 1|fsvm('vtarget)) =
(10)

where the likelihood function L for maximum likelihood
estimation of a and 3 is expressed by the following

equation:

—

@
Il
_

L(e, B) P(e = tilvi; a, B)

(1)

pi(1—pi) Tt

=

1

.
Il

Next, we calculate the negative log likelihood, that is,
the cross entropy error function E, using Eq. (11) as
follows:

E(a,8) = —InL(a, B)
(12)

N
— Z{tZ Inp; + (1 —t)In(1 —p;)}.
i=1
When a and $ that minimize E are calculated by the
gradient descent method, the class attribute probabil-
ity can be calculated from Eq. (10). From the above,
it becomes possible to convert the result of the binary
classification problem based on f*™(v¢arget) in (-00,00)
into the attribute probability in [0, 1], and it becomes
possible to introduce the confidence measure Cy,,,,..-
Furthermore, the proposed method standardizes these
confidence measures Cy,,, .., in such a way that their

average and variance become 0 and 1, respectively, and

C’%}ngct is obtained. The same procedures are per-
formed for the other features to obtain C5? sta

Qiarget’ ~Trarget

and Cﬁi‘mgct. Finally, the proposed method performs

multimodal fusion of these results by a simple sum of
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confidence measures to obtain C?! as follows:

sta
Utarget

Csta

Ttax'get :

Call _ + Csta

sta
atarget + mtarget +

(13)

If C*! is more than a pre-defined threshold 7, we regard
the target video clip as an important scene, and if C?!!
is not more than 7, we regard it as a non-important

scene.
3. Experiments

The experiments we performed are described in this
section. We conducted two types of experiments: a
quantitative experiment and a qualitative experiment.
In the experiments, we detected the important scenes
In Subsect.

present the dataset that we used in the experiments,

using far-view soccer videos. 3.1, we
and we present the experimental results in Subsect. 3.2.

3.1 Dataset

(1) Quantitative Experiment

In this subsection, we describe the dataset used in the
quantitative experiment. When we constructed SVM-
based classifiers using visual features v;, audio fea-
tures a; and integrated features m;, we used a dataset
(Dataset1) consisting of 373 video clips obtained from
far-view videos of 6 soccer matches, with the duration of
each video clip being 10 seconds. Table 1 shows the im-
portant and non-important scenes in Datasetl. Among
373 video clips, 193 video clips were obtained as impor-
tant scenes, which were scenes replayed by sports broad-
casting engineer in broadcasted/distributed videos by
SKY PerfecTV!" or DAZN, and the remaining 180
video clips were obtained as non-important scenes by
randomly selecting 30 video clips from each match.
Also, when we constructed an SVM-based classifier us-
ing whistle features r;, we used a dataset (Dataset2)
consisting of 360 video clips obtained from the same
six far-view soccer videos, with duration of each video
clip being 10 seconds. Table 2 shows scenes that in-
clude sounds of the whistle blown by the referee (whis-
tle scenes) and scenes that do not include sounds of
the whistle blown by the referee (non-whistle scenes)
in Dataset 2. We manually extract 30 whistle scenes
and 30 non-whistle scenes from each match. Further-
more, we divided each video clip into 10 segments, i.e.,
10 video frames and 10 audio segments were used for
important scene detection of each scene.

(2) Qualitative Experiment

In this section, we describe the dataset used in the

* https://www.skyperfectv.co.jp/
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Table 1 Important and non-important scenes in
Datasetl.
Match || Important | Non-important
1 28 30
2 30 30
3 35 30
4 37 30
5 27 30
6 36 30
Sum 193 180
Table 2  Whistle and non-whistle scenes in Dataset2.

Match | Whistle | Non-whistle
1 30 30
2 30 30
3 30 30
4 30 30
5 30 30
6 30 30
Sum 180 180

qualitative experiment. We used all of the video clips
in Dataset1 and Dataset2 as training data. Specifically,
when we constructed SVM-based classifiers using vi-
sual features v;, audio features a; and integrated fea-
tures m;, we used Datasetl, and we constructed an
SVM-based classifier using whistle features r;, we used
Dataset2. In addition, we used the first half of three
other matches (about 45 to 50 minutes each) as test
data.

3.2 Experimental results

(1) Quantitative Experiment

In this subsection, we present the results of the quan-
titative experiment. In this experiment, we conducted
5-fold cross-validation, a leave-match-out scheme, i.e.,
we used video clips of 5 matches as training data and
used video clips of the other match as test data for every
validation. Also, the kernel function used in SVM was
the Gaussian kernel, the threshold used in the second
phase was set as 7 = 0.4 experimentally, and the other
parameters were determined by a grid search [40].

In order to confirm the effectiveness of the proposed
method, we used the comparative methods shown in
Table 3. In this table, PM and CM represent “pro-
posed method” and “comparative method”, respec-
tively. CM1-CM4 are methods using only visual fea-
tures v;, audio features a;, whistle features r; and
integrated features m;, respectively. In other words,
CM1-CM4 respectively performed SVM-based classifi-

cation using each feature in the first phase. CMb5 is
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Table 3 Features used in PM and CM1-CM4.
PM | CM1 | CM2 | CM3 | CM4
v; v v
a; v v
r; v v
m; v v

Table 4 Accuracy of the important scene detection re-

sults.

Match PM | CM1 | CM2 | CM3 | CM4 | CM5 | CM6
1 0.97 | 0.88 | 0.95 | 0.59 | 0.95 | 0.97 | 0.78

2 0.95 | 0.83 | 093 | 0.65 | 0.93 | 0.93 | 0.60

3 0.92 | 0.82 | 0.85 | 0.66 | 0.88 | 0.88 | 0.78

4 0.90 | 0.76 | 0.81 | 0.66 | 0.81 | 0.81 | 0.70

5 0.91 | 0.91 | 0.88 | 0.58 | 0.88 | 0.88 | 0.84

6 0.91 | 0.79 | 0.77 | 0.80 | 0.88 | 0.88 | 0.68
Average | 0.93 | 0.83 | 0.87 | 0.66 | 0.89 | 0.89 | 0.73

Free kick scenes

Fig.3 Examples of important scenes detected by the

proposed method from far-view soccer videos.

our previously reported method [35], and the main im-
provement in the proposed method is the introduction
of whistle features. Furthermore, we introduce CMS6,
a method based on a CNN model that is pre-trained
with VGG16 [41].
soccer video clip to CNN and classified directly whether

In CM6, we input each frame of a

a target video clip was an important scene or not from
its output layer. We evaluated the proposed method
and the comparative methods by accuracy defined as

follows:
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Accurac Num. of correctly detected video clips
uracy = .
Y Num. of all video clips

(14)
Table 4 shows the experimental results, and Fig. 3
shows examples of important scene detection by our
method. As shown in this table, the proposed method
outperforms the other comparative methods. From
these experimental results, we can see that the detec-
tion performance obtained by each modality (e.g., CM1
and CM2) tends to output sufficient results. Therefore,
the introduction of the single deep neural architecture
provides sufficient performance even though it is com-
monly applied to different modalities. Next, since the
performance of our method is better than the perfor-
mance of CM1-CM4, multimodal fusion based on confi-
dence measures is effective for improving detection per-
formance. Also, since the performance of our method
is better than that of CMS5, the introduction of whis-
tle features is effective for improving detection perfor-
mance. Specifically, our method can detect more impor-
tant scenes such as foul scenes where the referee blows a
whistle and presenting a card and set-piece scenes where
the referee blows a whistle before the kick than CM5
can. Furthermore, since the detection performance of
our method is better than that of CM6, we can verify
that the proposed method enables accurate detection
from only a limited number of training data. From the
results of the experiment, we quantitatively confirmed
the effectiveness of our method.
(2) Qualitative Experiment

In this subsection, we present the results of the qual-
itative experiment. Figure 4 shows the method used in
the qualitative experiment. Video clips were extracted
at equal intervals from the input video every second,
i.e., video clips were extracted from the start time of
each of the far-view soccer videos until the end time
with a slide width of one second, and C?*!' was calcu-
lated in each video clip by using the proposed method.
Parts in which C?!' continuously exceeded threshold 7
for ten or more video clips were regarded as important
scenes. As in the quantitative experiment, the thresh-
old was experimentally set as 7 = 0.4.

Figure 5 shows the results of important scene detec-
tion by our method and scenes included in a broad-
casted highlight video of the match. Note the broadcast
highlight video is not a video of replay scenes broad-
casted during the match but a video broadcasted after
the match as a summary of the match. As shown in

Fig. 5, our method could detect important scenes such
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Fig.4 Method used in the qualitative experiment. First, we divided a far-view soccer video into video

clips, and then we calculated c?! for each video clip.

as goal scenes, shot scenes, foul scenes, set-piece scenes
and other scenes, and those scenes almost matched the
broadcast highlight scenes included in the broadcast
highlight video. Only one of the 17 scenes included in
the highlight videos was not detected by our method.
However, it is true that our method detects more scenes
It is difficult to in-
clude all important scenes in the broadcast highlight

than broadcast highlight scenes.

video due to the limitation of broadcast time. On the
other hand, since our method does not consider time
limitation, it detected more scenes. Specifically, in the
detected scenes by the proposed method other than
the broadcast highlight scenes, there are shot scenes
with a counter-attack, free kick scenes unfortunately
missed, foul scenes with a furious tackle and quarrel
scenes. Thus, the detected scenes by the proposed
method other than the broadcast highlight scenes are
considered enough to be important scenes and candi-
date scenes of the broadcast highlight video. Therefore,
it is also possible to reduce watching time by about 10-
times for the TV editor by using scenes detected by our
method as candidate scenes for highlight videos since
the length of the detected scenes is 10-times smaller
than the total length of the video.

results, the effectiveness of the proposed method was

From the above

confirmed qualitatively.
4. Conclusions

In this paper, we have proposed a new method that
can detect important scenes in far-view soccer videos.

In the proposed method, multimodal deep neural fea-
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tures and their integrated features are extracted on the
basis of a single CNN architecture. Then we construct
classifiers that can classify whether a soccer video clip
is an important scene or not by using each feature
via SVM. Furthermore, we introduce a criterion called
“confidence measure” for estimating the confidence of
each classification result. By utilizing the confidence
measure for each classifier and integrating the confi-
dence measures, a method that can detect important
scenes in far-view soccer videos is realized. The effec-
tiveness of the proposed method was verified from ex-
perimental results. We have solved the problem of not
being be able to simultaneously optimize different mul-
tiple deep neural architectures from a small amount of
training data.

In future work, it is necessary to develop a method for
important scene detection that takes into consideration
the background of the soccer match and information on
the players. Specifically, it is possible to obtain exter-
nal information that provides consistent semantic-rich
descriptions, which audiovisual signals lack, from infor-
mation published on the Internet. The realization of
further semantically understanding of important scenes
detected from a far-view soccer video are expected by
combining the information with the proposed method.
Furthermore, for the reason that it uses features that
represent the movement of players, the cheering from
the spectators and the whistle sounds using a single ar-
chitecture, it is considered that the proposed method is
effective for sports, especially for soccer. In the same

way, the proposed method is applicable to general video
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processing, and it needs to be verified in future work.

Finally, since the number of feature dimensions of the

integrated features is larger than the original feature,

the computational cost of the integrated features is

high, especially in the training phase.

Therefore, we

would like to reduce the computational costs of the

training phase based on the integrated features in fu-

ture work.
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