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Abstract— Recognition of motion in football videos is necessary
for an automatic understanding of the events that occur within
football games. In order to recognize the motion, we first define
the motions that can occur for each object in the football game,
and make our system learn the object that performs the defined
motion from the actual football game videos. Then, the system is
configured to automatically recognize the motions generated in
the actual football game videos within the defined motion.
Experiments on motion recognition for 20 players, 1 referee, and
2 assistant referees were performed. The average recognition
accuracy per motion for each object was 71.5%, 79.1%, and
93.7%. In this paper, we propose a method for simultaneously
recognizing motions of various objects in football videos through
learning.
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I. INTRODUCTION

Motion recognition technology that identifies human
behavior based on video plays a very important role in video
based automation such as unmanned surveillance system and
sports player activity record system. In particular, automatic
analysis of motion for an object in a sports video is the basis
for automatic recognition of an event occurring in a sports
game. In order to analyze the motion automatically, it is
necessary to define the motion in advance and it is necessary
to classify the position where the defined motion occurs so
that the event occurring in the sport (football) game can be
extracted. Apart from the location tracking for objects, there

are basically three steps for motion recognition for each object.

There are three stages: feature extraction, dictionary learning
that is expressed in video based on extracted features, and
classification into defined motion. In the first step, feature sets
such as STIP [1,2] or values such as dense trajectories [3,4]
are extracted from the given video. These features are encoded
in a useful form such as a vector to recognize the motion. The
extracted feature values are used as values for expressing the
motion appearing in the sports videos. In the last step, when
the motion video is input as a query, the motion is classified
by finding the nearest motion among the predefined motions
based on the learned motion.

Although motion recognition methods using handcrafted
features such as Histogram-of-Oriented-Gradient (HOG) have
been used as the motion recognition method, there were
disadvantages that it is impossible to simultaneously recognize
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multiple motion for multiple objects because of the low
processing speed. In addition, if the types of motion videos
input to the system are changed, there is a limitation in terms
of application range and accuracy since the homogeneous
features corresponding to the types of motion videos must be
redesigned every time. In order to solve the problems related
to accuracy, motion recognition methods using equipment
provided with object depth information have been proposed.
These methods have cost disadvantages in that they require
additional special equipment such as Kinect. Therefore, there
is a need for a motion recognition method that shows high
accuracy and fast processing speed without special equipment.

In this paper, we propose a faster and more accurate motion
recognition method than the conventional method by using
feature information extracted by using deep learning
technology to solve the above problems.

II. THE PROPOSED METHOD

A. Motion classification

It is necessary to predefine and classify the motions in the
football game. For this purpose, we classify and define the
motions for each player and referee.

TABLE 1. MOTION CLASSIFICAITON FOR OJECTS
Player(except goalkeeper)/Referee/Assistant
object Motion type
Walk
Run
Corner kick
Player Free kick
Kick with swinging arms
Throwing
Lying down
Walk without any instructions
Run without any instructions
Referee Polaiag someutiere
Yellow card
Red card
Walk without lifting a flag
Assistant referee Run without lifting a flag
Walk like as crab without lifting a flag
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Lifting the flag over the head

Lifting the flag to the chest

Lifting the flag and pointing left or right

B. Motion recognition flow

Figure 1 shows the flow of motion recognition for multiple
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Figure 1. The flow of motion recognition process

First, N motion video clips to be subjected to motion
recognition are loaded. Then, N input motion video clips are
input to the input end of the feature information extractor for
Deep Learning based specific information extraction. Feature
information to be used for motion recognition is extracted
from each input motion video clip by a feature information
extractor. Finally, using the feature information extracted from
each motion video clip, motion with the highest correlation
with the given motion video clips is determined.

C. The structure of motion recognizer

Figure 2 shows the structure of a motion recognizer based
on Deep Learning. Feature extraction and motion recognition
are performed from input video clips.
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Figure 2. The structure of motion recognizer

Figure 3 shows the process of batch-process by receiving
multiple video clips as inputs. This method increases the
average efficiency of the CPU and the GPU and improves the
processing speed by simultaneously processing multiple input
video clips and inputting them in parallel to the input of the
deep learning classifier.
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Figure 3. The structure of batch process

Table 2 shows the relationship between processing speed

and batch size.

TABLE 2. THE RELATIONSHIP BETWEEN PROCESSING SPEED
AND BATCH SIZE

s [ sty |
1 (No batch) 3.72 368
2 2.68 373
4 1.81 552
8 1.29 775
16 1.11 901
32 0.98 1020
64 0.95 1053
*25 1.03 971

III. EXPERIMENTAL RESULTS

Experiments for motion recognition were performed based
on Table 1 for acquired motion data (total 108,000 frames).
The given motion data is classified by random selection of 3:
1 ratio of learning and test data based on football videos.

And as shown in Fig. 4, we have developed 16 different
models for motion recognition, consisting of 4 cameras and 4
objects (assistant refereel, assistant referee2, main referee,

Figure 4. The model for objects’ motion learning and recognition

Figure 5 shows the motion recognition of the player, referee,
and assistant referee based on the learned motion through the
motion recognition system.
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Figure 5. Motion recognition of objects

And from the experiment, we could confirm the average
accuracy of each motion recognition of players, referee, and
assistant referees as following table 3, 4 and 5 respectively.

TABLE 3. AVERAGE ACCURACY RATE FOR PLAYERS
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TABLE 5. AVERAGE ACCURACY RATE FOR ASSISTANT REFEREES

Confusion matrix for motion recognition of assistant referee

Motion
W R CwW LH LC LP
wo| 153 | 27 3 0
R 6 99 0
Resul
oW 0 0 129 3
classific LH 0 0 63 0 0
ation
Lc 0 0 0 213 0
Lp 0 0 0 21 0 234
Average
accuracy rate for | 96.2% | 78.6% 100% 72.4% 100% 98.7%
each motion
Total average
accuracy rate 93.7%

Confusion matrix for motion recognition of players

Motion
w R CK FK KB T
534 120 0 0 0 27
R 57 360 0 129 21 12
Result | CK 0 0 273 0 90 0 21
claziiﬁ FK| 0 0 0 0 0 0
cation | KB 36 15 0 75 243 0 45
0 0 0 0 36 174 3
0 18 0 21 9 261
Average
a“f‘(‘; agc;a“” 852% | 70.2% | 100% | 0% | 59.1% | 78.4% | 79.1%
motion
o 71.5%

*(W: Walk, R: Run, CK: Corner kick, FK: Free kick, KB:
Kick the Ball, T: Throwing, L: Lying down)

TABLE 4. AVERAGE ACCURACY RATE FOR MAIN REFEREE

Confusion matrix for motion recognition of main referee

Motion
Walk Run Pointing | Card
Walk 549 69 0 0
Result of Run 111 597 51 54
classification | Pointing 0 0 288 93
Card 0 0 0 0
Average accuracy rate 832% | 89.6% 85.0% 0%
for each motion ’ ’ ’
Total average accuracy 79 1%
rate e
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*(W: Walk, R: Run, C: Crab walking, LH: Lifting flag over
the head, LC: Lifting the flag to the chest, LP: Lifting the flag
and pointing left or right)

IV.CONCLUSION

In this paper, we proposed a method to recognize the
motion of the object from the football game video. By
learning the motion using the deep learning technique and
simultaneously recognizing the various motions, it was
possible to determine in real time what motion the object was
doing by attaching only the tracker for the object to the front
of the motion recognition through the input of the actual
football game video. In addition, this paper have made us
equip the base technology for event recognition in the game
by enabling motion recognition for many objects in real time.
And if we improve the accuracy of motion recognition in the
future, we expect that it is useful for event extraction and
tactical analysis based on this technology.
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