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[Abstract]

Technological advancement is being advanced in sports such as electronic protection of tackwondo
competition and VAR of soccer. However, a person judges and guides the posture by looking at the
posture, so sometimes a judgment dispute occurs at the site of the competition in Tackwondo Poomsae.
This study proposes an artificial intelligence model that can more accurately judge and evaluate
Tackwondo movements using artificial intelligence. In this study, after pre-processing the photographed
and collected data, it is separated into train, test, and validation sets. The separated data is trained by
applying each model and conditions, and then compared to present the best-performing model. The
models under each condition compared the values of loss, accuracy, learning time, and top-n error, and
as a result, the performance of the model trained under the conditions using ResNet50 and Adam was
found to be the best. It is expected that the model presented in this study can be utilized in various

fields such as education sites and competitions.

» Key words: Pose Estimation, Machine Learning, Deep Learning, Convolutional Neural Network,
Deep Convolutional Neural Network
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II. Related Works

1. Pose Classification with Sensor
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2. Pose Classification into Less Classes
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III. Taekwondo Image Classification
Using Vgg16_BN And ResNet50
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1. System Architecture
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Fig. 1. System Architecture
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2. Data Preprocessing
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Fig. 2. Data Preprocessing
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2.2 Image Capture
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2.3 Crop Image with YOLOv4 and Resolution

Normalization
IGA] U T djo]E 2] Y& ou]x] siAfE 1920 X
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Table 1. Pseudo Code of Image Capture

Input: DL is a list of video data
S is a flag to successful reading of video
C is the sequence number of the saved image
VC is a reading one image
IM is reading the video
Output: captured images
begin:
1: DL < [ video data list ]
2: for dl; in DL do
3: S < true
4: C <1
5: VC < read dl;
6: while S do
7: S, IM < read VC
8: if S = false do
9: break
10: end if
11: if frame of VC % 5 = 0 do
12: save IM
13: C<—C+1
14: end if
15: end while
16: release VC
17:  end for
end

= 1080 X 1920(h X wpolc}. Y2 o]n|x:= E2HL 9lAls}
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S 224 X 224(h X w)&2 A38}sH= Pseudo Codeo]t},

Table 2. Pseudo Code of Crop Image with YOLOv4

R is detecting a person
S is target size of image change
IL is a list of image data
IM is a reading one image
IMR is a crop of image
resized and croped image

Input:

Output:
begin:
S < (224, 224)
IL < [ image data list ]
for il; in IL do
IM < read il;
R < detecting person in IM with YOLOv4
IMR < crop IM with R
resize IMR with S
save IMR
end for
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Fig. 3. Preprocessed Result Image

2.4 Split Data
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Table 3. Pseudo Code of Data Split

DS is a dataset

DS_S is a length of DS

TR_S is a size of train set
VL_S is a size of validation set
TS_S is a size of test set
dataset of randomly shuffled

Input:

Output:
begin:
DS < dataloader to data

DS_S < length of DS

TR_S < integer of DS_S * 0.8

VL_S < integer of DS_S * 0.1

TS_S <~ DS_S - TR_S - VL_S

random split and save with TR_S, VL_S, TS_S
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3. Model Selection and Summary
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3.2 ResNet50
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IV. Experiment
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Table 4. Training Conditions

cond. vs | va RS RA
epoch 100

early stop 5

batch size 128

model vggl16_bn resnet50
optimizer SGD | Adam SGD | Adam

1. Training Time
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}.
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Table 5. Training Time

VS VA RS RA
time(h) 6.52 5.73 1.84 1.95
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2. Comparison of VS, VA, RS and RA
ool Ms =7l A2 Accuracy, Precision,
Recall, F1-Score, Top-N ErrorS AREsH} Accuracy
+ ZA blol8] FofA ZHo] SutEA| o535t tlo]E 9
H]-&-2 UERAC} Precision &= @dlo] Trueg 9&

3t clole] & AIR|2 Trueql tlolele] u]8-S et
Recall2 AA] AEo| True?l 71 £of &5 wdo] True
2 o &3t glo]e]Q] H|-go|t}. F1-Scores JHwet A

29| z&tEHolct. Fl-Score:= AU w9}l Al@go] 3
S ol 0 = %S 7KL} Top-N Errore @dlo] st
3t o] &2 5K st Aol N7jel 24 & shitof o
%9 y3lelx ] 235t u| 8-S L}E}LHD} Top-1 Errorg &

go] =0 ZajAe}l AA| o]
L,}E}Lﬂni] Top-5 Errore= &2

59| 2L 5 2A 2ols

2] Qe ¢ g

smi0] 419} 57 &

m\l

o] EIYA] U2 HeZS
Precision, Recall, F1-Score+=
B7}st1, Top-N Errors o] IS4 2 20 pdz I
7Fetd. Accuracy, Precision, Recall, F1-Scoreg <Lt

= A (123)4)2 2ok

UERATE  Accuracy,

71-0] A2 FO EG‘E

Accuracy = TP+ TN (1)
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TP
Recall = W (3)
FlL— Score — 2 X precision X recall (4)
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Fig. 4. Train Accuracy
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Fig. 5. Validation Accuracy
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2.2 Precision, Recall, F1-Score

Table 6. Precision, Recall, F1-Score

VS VA RS RA
precision 0.7754 0.9200 0.7835 0.9050
recall 0.7354 0.9169 0.7435 0.9051
f1-score 0.7418 0.9181 0.7485 0.9041
T 62 7t 7oA &AgH Precision, Recall,

- LIS
F1-Score Zfo]tt. RS, VSHT} RAQH VA ZRZ1o)|A ATl
Ao 2 =9 Precision, Recall, F1-Score 3f< 71XItt.
ol & T RAQ} VA RHA True 59 A2} =
o, AR Trueg A ZAIGck & 4 ok

2.3 Top-N Error

Table 7. Top-N Error

Top-1 Error Top-5 Error
VS 22.3892 2.5336
VA 6.8641 0.5096
RS 21.3977 2.3362
RA 8.1930 0.6175

B 72 7 &7 &7 Top-N Error 3folth.
Top-1 Error?t Top-5 Error & T VA—>RA—-RS—VS
%02 Top-N Error7} Y& 718 & 4 Qi) wdlo] 1
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3. Performance Comparison

279 s W7t A|EO] 2SS HlLsHH T 8

1 2t
Table 8. Performance Comparison

VS VA RS RA
time(h) 6.52 5.73 1.84 1.95
accuracy 72.61 91.10 71.49 89.94
precision 0.7754 0.9200 0.7835 0.9050
recall 0.7354 0.9169 0.7435 0.9051
f1-score 0.7418 0.9181 0.7485 0.9041
top-1 err 22.39 6.86 21.40 8.19
top-5 err 2.53 0.51 2.34 0.62
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28 W

V. Conclusions
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