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Abstract— Recently, sports and ICT technology have been 
combined, enabling quantitative and objective analysis of sports 
and athlete competence. In the case of soccer, quantitative 
analysis of competition and athletes is underway in various 
companies, but due to technical limitations, many data are still 
being generated based on the manual work of experts. In this 
paper, we propose an object motion recognition technique which 
is a basis for further automation of soccer analysis. We first 
classify objects in soccer game and define recognizable motion 
for each object category. After that, we design 3D CNN with 
spatiotemporal characteristics and extract the motion 
information that each object is currently taking from the match 
video. As can be seen from the experimental results, it can be 
confirmed that the proposed technique not only has higher speed 
performance than the existing methods, but also has high 
accuracy. In addition, it can be confirmed that there is a high 
possibility of expanding to areas such as CCTV surveillance. 
 
Keywords— Motion recognition, Deep learning, 3D CNN, Soccer 
analysis, Sports science 

I. INTRODUCTION 
In most sports, the training of the athletes and the running 

of the games has been carried out through the guidance of 
professional coaching staff in the past. However, sports and 
ICT technologies have been combined to enable quantitative 
and objective analysis of the competences of sports and 
athletes recently. As a result, analysts in a number of sports 
fields have emerged, and the market for these sports analytics 
is expected to grow to 125 million dollars in 2014 and 4.7 
billion dollars in 2017, based on a variety of devices and cloud 
services [1]. In the case of soccer, this tendency is followed by 
quantitative analysis of matches and players in international 
companies such as Deltatre, Chyronhego and OPTA. 

In general, the quantitative analysis of soccer match and 
player consists of three stages of multi-object tracking, event 
analysis, and tactical analysis. Among these three stages, 
multi-object tracking can be automatically performed, but 
event analysis and tactical analysis stages still extract data 
depending on the manual operation of the expert group. There 
are many reasons why it is not possible to automate the stages 
after the multi-object tracking stage, but one of the biggest 
reasons is that the motion information of the player or the 
referee is needed to analysis the event. For example, to 

recognize an offside event, we must be able to recognize the 
flag gesture of the assistant referee, the head referee's hand 
gesture to recognize the foul event, and the player's motion to 
recognize the tackle or heading event. To solve this problem, 
this paper introduces a soccer player and referee motion 
recognition technique as a basis for automating the 
quantitative analysis of a soccer match and players. 

II. RELATED WORK 
Motion recognition technique that identifies human 

behavior based on video plays a very important role in video 
based automation such as unmanned surveillance system and 
sports activity record system. 

Until a while ago, motion recognition methods using 
handcrafted features such as Histogram-of-Oriented-Gradient 
(HOG) have been widely used, there has been a disadvantage 
that simultaneous motion recognition is impossible for many 
objects due to low processing speed and capacity [2]–[4]. In 
addition, if different image types with the trained type is 
inputted, it cannot work. Thus, the handcrafted features 
corresponding to the different types of images must be 
redesigned every time, so there is a limit to the range of 
application and accuracy. In order to solve the problems 
related to accuracy, motion recognition methods using 
equipment provided with object depth information have been 
proposed [5], [6]. These methods have cost disadvantages 
because 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. 

Deep learning technology, on the other hand, is a 
representative example of data-driven feature extraction [7]. 
Since data-driven feature extraction requires a large amount of 
computation, actual utilization has not been high. However, in 
recent years, due to the enhancement of computer processing 
ability based on the improvement of semiconductor 
integration technology and the emergence of effective learning 
algorithms of data-driven features such as back propagation, 
the deep learning technique has developed at a high speed and 
it has been applied successfully in various fields such as 
image understanding, speech recognition. 
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Figure 1. System architecture of the proposed method

III. PROPOSED METHOD

In this chapter, we introduce the method of motion 
recognition by inputting tracking result data from soccer video. 
Figure 1 shows the system architecture of the proposed 
method.

First, in order to perform motion recognition, it is necessary 
to classify the motions of the objects in the match. To do this, 
we classify motions and generate learning data based on the 
following principles:

 The object is divided into athlete, head referee and 
assistant referee.

 The motion category is set so that each object can 
include all the motions that it makes on the field.

 Exclude very short duration (less than 1 second) during 
motion.

The motions classified based on the above principle are 
shown in Table 1 below.

TABLE 1. DEFINED MOTION LIST FOR EACH OBJECT

Object 
type Player Head referee Assistant referee

Motion 
list

Kick
Tackle/Lie
Throw in

Stand
Walk
Run

One arm pointing
Card
Walk
Run

Flag up
Flag chest
Flag side

Walk
Run
Sidle

The motion learning data classified in this way is expanded 
through the data augmentation process. In general, a sufficient 
amount of learning data is needed to have generality of 
classifiers in a deep learning-based machine learning. Data 
augmentation is the answer to solve this problem. We 
obtained the robustness to the perspective by diversifying the 
relative size of the objects in the tracking result data through
the scale augmentation. Through the random cropping, the 
classifiers learned about the irregularly cut data of the object 
from the multi-object tracker. The detailed data augmentation 
technique we performed is shown in fig. 2. The data that has 
completed the data augmentation is normalized to a size of 
120×120 pixels for the training / test input data of the motion 
classifier in the next step.

Next, we trained deep learning based motion classifiers. 
Here, we have found that motion is meaningful when 

considering consecutive frames in space-time axes. To take 
advantage of this feature, we used a motion classifier based on 
the 3D Convolutional Neural Network (CNN), a deep-running 
architecture that allows us to understand the correlation 
between adjacent frames [9], [10]. 3D CNN has a structure 
suitable to learn spatiotemporal tendency data unlike 2D CNN
as shown in fig. 3, and it is easier to design parameters than
Recurrent Neural Network (RNN). We trained the motion 
classifier with a series of continuous frame-based learning 
data predefined for each object class and then minimized the 
motion recognition time by conducting batch processing 
according to classification of each object when testing. Then, 
it is configured to provide the reliability of the output motion 
through the softmax function for the finally derived motion 
output. Here, the softmax function is a generalization of the 
logistic function that "squashes" a K-dimensional vector z of 
arbitrary real values to a K-dimensional vector σ(z) of real 
values in the range [0, 1] that add up to 1. The function is 
given by

            (1)

Figure 2. Data augmentation process

Figure 3. Difference between 2D convolution and 3D convolution
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IV. EXPERIMENTAL RESULTS

In order to verify the performance of the proposed motion 
classifier, we selected 170 games of K-league classic matches 
from 2016 to 2017, taken at 4K size, and obtained 170,000 
initial learning data. Through the data augmentation technique, 
we made a total of 600,000 learning data. An example of the 
captured video and extracted data is shown in fig. 4 and fig. 5.

Figure 4. A sample screenshot of test video clip

Figure 5. An example of extracted data in each object

The constructed learning data was used for training 3D 
CNN designed through tensorflow [11]. In order to provide 
spatiotemporal information to the motion classifier, 4
consecutive frames for the player and 6 consecutive frames for 
the head / assistant referee were grouped together in a single 
motion. Because the player motion occurs in a shorter time on 
the time axis than the head / assistant referee motion, the 
number of training frames of the player and the head / 
assistant referee are set differently to reflect this. The 
specification of the system used for motion recognition was 
intel i7 6770, 64GB memory and we performed experiments 
on three different GPUs. Table 2 shows the performance 
variations of motion test for each GPU.

TABLE 2. PERPORMANCE VARIATIONS OF MOTION TEST FOR EACH GPU

GPU series Performance
NVIDIA GTX 1070 (Pascal arch.) 800 fps

NVIDIA TITAN X (Maxwell arch.) 930 fps
NVIDIA TITAN X (Pascal arch.) 1200 fps

In the table, 22 players recognize motion once every 4 
frames, and every 3 head / assistant referees recognize motion 
once every 6 frames. Therefore, we can obtain the above 

result when we refer to one frame. Using video frame based 
speed representation, the system shows a speed performance 
of about 45 fps on a TITAN X (pascal arch.) GPU when only 
motion recognition is performed. That is, the proposed 
technique has real-time motion recognition capability.

The finally obtained confusion matrix of each motion 
classifier is shown in Table 3-5, and the output example of the
motion classifier is shown in fig. 6.

TABLE 3. CONFUSION MATRIX OF PLAYER MOTION CLASSIFIER

Out\GT Kick Tackle Throw 
in Stand Walk Run

Kick 1,440 1,147 648 569 694 702
Tackle 207 768 357 70 1 0

Throw in 308 35 989 9 254 37
Stand 1 0 0 1,779 0 0
Walk 261 6 0 58 325 1158
Run 4 0 0 0 0 0

Accuracy 0.648 0.393 0.496 0.716 0.255 0

TABLE 4. CONFUSION MATRIX OF HEAD REFEREE MOTION CLASSIFIER

Out\GT Pointing Card Walk Run
Pointing 8,254 143 395 499

Card 402 546 388 295
Walk 376 17 11,244 202
Run 446 132 1,210 10,579

Accuracy 0.871 0.652 0.850 0.914

TABLE 5. CONFUSION MATRIX OF ASSISTANT REFEREE  MOTION 
CLASSIFIER

Out\
GT

Flag 
up

Flag 
chest

Flag 
side Walk Run Sidle

Flag 
up 9,033 869 621 0 4 0

Flag 
chest 1,153 16,030 442 0 3 2

Flag 
side 1,616 1,317 11,724 18 5 46

Walk 374 723 1,369 12,564 107 116

Run 216 430 342 159 11,887 51

Sidle 491 962 1,279 131 126 12,610

Accu
racy 0.701 0.788 0.743 0.976 0.980 0.983

As can be seen from the experimental results, the accuracy 
of the head / assistant referee is high, but the accuracy of the 
player is quite low. In the case of the head / assistant referee, 
the number of motion to be recognized is small and the motion 
itself is stereotyped, so that it is easy to distinguish. In the case 
of the player, the number of motions to be classified is 
relatively large and the temporal clue is only 66% of that of 
the head / assistant referee, and the similarity between 
different motions is high. This is thought to have affected the 
accuracy.
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Figure 6. Output examples of each motion classifier

V. CONCLUSIONS

In this paper, we propose a method of automatically 
learning and extracting optimal feature information needed for 
motion recognition using 3D CNN, one of the deep learning 
technologies, and performing faster and more accurate motion 
recognition than conventional methods by applying a parallel 
processing algorithm Respectively. As shown in the 
experimental results of the proposed technique, it guarantees 
real-time performance under given system specification and 
has high classification accuracy in the head / assistant referee 
motion classifiers. However, the player motion classifier has a 
somewhat low accuracy because of innate characteristics of 
player motions.

However, the proposed technique has advantages of fast 
motion recognition performance compared to existing 
technologies, and it is very useful in the field of image 
understanding applications where the market size is rapidly 
growing, such as multi-target unmanned surveillance system 
and sports player activity recording system.

In the future, we will reduce the categories of motions that 
need to be recognized by eliminating motions that are not 
directly relevant to the event recognition in the motion 
classification list, and we will expand the size of the learning 
data.
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