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Abstract: In this paper, we propose a table tennis posture classification system using a cooperative
robot to develop a table tennis robot that can be trained like a real game. The most ideal table tennis
robot would be a robot with a high joint driving speed and a high degree of freedom. Therefore, in this
paper, we intend to use a cooperative robot with sufficient degrees of freedom to develop a robot that
can be trained like a real game. However, cooperative robots have the disadvantage of slow joint driving
speed. These shortcomings are expected to be overcome through quick recognition. Therefore, in this
paper, we try to quickly classify the opponent’s posture to overcome the slow joint driving speed. To
this end, learning about dynamic postures was conducted using image data as input, and finally, three
classification models were created and comparative experiments and evaluations were performed on
the designated dynamic postures. In conclusion, comparative experimental data demonstrate the highest
classification accuracy and fastest classification speed in classification models using MLP (Multi-Layer
Perceptron), and thus demonstrate the validity of the proposed algorithm.
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2. System Overview
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Human Action

———+ Human Detection —= Human Tracking |—+
Recognition

Low-level vision Mid-level vision High-level vision

Input Images

[Fig. 1] General framework for action recognition
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[Fig. 2] Overall system algorithm
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[Fig. 3] System block diagram
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[Fig. 4] Evaluation block diagram
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3. Methodology

3.1 Custom Dataset
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3.1.1 Posture for Classification

Stroke ] Y] 7}4] 7] 714 ‘Forehand Counter hit’, ‘Back-
hand Counter hit’, Forehand Push’, ‘Backhand Push’ ©]t}. Forehand
Counter hite= 7Fg 7]¥21?]1 Topspin Stroke AF4©] 3L backhand
Counter hit+= Forehand Counter hit2} f-AFSHA| R 2121 2] S
S 0]8-3k stroke AFA ]t} Forehand Push®} Backhand Pushi=
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Preparation Phase

Backswing Follow-through Forward swing

[Fig. 5] Biomechanical swing phase
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3.1.2 Custom training
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[Table 1] Composition of train set and test set

Action Number

Train Test

Stand 1857 469

Ready 3308 927
Forehand 1354 335
Backhand 1214 308
Middle-cut 1276 311
Backhand-cut 1315 330
Total 10324 2680
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[Fig. 6] OpenPose model
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[Fig. 7] Human body tracking example using openpose
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3.3 Feature Extraction
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[Table 2] Five spatial features of the human body

Skeleton Features
Joint Position Direction Vector
Raw Joint Position (RP) | Upper Body Direction Vector (BV)
Joint Length (JL) Wrist Direction Vector (WV)
Joint Angle (JA)

- Y
ths 13
N
. v . DR
tis t
N
Joint position

Feature Extraction

Jaint position

[Fig. 8] Method of extracting spatial features of the human body

o] Joint Position =¥} Direction Vector % 0 & 3| T
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3.3.1 Joint Position

Joint Position =l = Raw Joint Position (RP), Joint Length
(JL), Joint Angle (JA)7} 3T [Fig. 915 94 Ardh -7
9 57 T2l 8 gl & 919 AlA Fatg B AlA sk
IndexE A&7 A g 1 o|ch Al EA A E 3t Index2] 1.
£ ol-&steo vl 7 9] 54 FE& K elshed] -4 ¥ 9
A AR E o83t EXHEHE FE331T] Raw Joint Position
2 [Fig. 9]¢ Index 5 5ol 4] £50l| 3l|d31+= Index 0, Zell 32
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Index Skeleton

0 Neck

1 Shoulder R
Elbow R

3 Wrist_ R

4 Shoulder L

5 Elbow_L

6 Wrist_L

7 Hip_R

8 Knee R

9 Ankle R

10 HipL

11 Knee 1

12 Ankle_L

[Fig. 9] Joint index after preprocessing

Index Joint Length
10 Shoulder RtoNeck
21 FElbow_ R to Shoulder R

332 Wrist RtoElbow R
420 Shoulder L to Neck
524  Elbow L to Shoulder L
65  Wrist_L o Elbow L

[Fig. 10] Joint length & angle

[Flg 10]-‘4' @‘4

[Fig. 10] 2FA] :Zr%@ % Al -‘J'ui—rﬁ =3 o 4
o] ¢} Zt iz el gk Index 3Eo| Tk B Bo] 21 Qlol| what =}
A7 AR = B2 A 5 Zo EH?’} 7‘4_01 2 A FE519
t}. [Fig. 10]ell 23l 31} o] F oAl 7Fx] 9] 3 Ate] A
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3.3.2 Direction Vector

A FE=3E A 7 9] 54 o] efel] - 7HA| o] Wik e
5702 5531900, BToIA Stroke B4 74 A
79 S Aol atoli= el ) Aol 1
of A FAlol whet All- “ﬂ XWPF
o] 9171 Witk o] $81e] P WEIS B4 0 FE e

z
N
E
T

[Fig. 11] Direction vector extraction

[Fig. 11]= Forehand APAolA 2] =Z#|] H 28 vk
(Direction vector)E WERH o] & F3l 421 el 54
Q1 3, vl 523k Stroke 52 5-2] A S 5771 7RI

3.4 Dimension Reduction
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TollA = A F4-5 $131 LDA (Linear Discriminant Analysis)
2 AT, S8 e oEAel A9 Fo e
PCA (Principal Component Analysis)©]Ch PCA+ H| X &= 12

o= 1 HolE o] Babe] 1 2 5 Fov] e
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A 7149) FeatureS-& 2h7Fe] ARl 7H4m] o] gl a1

Ale) 4AS wA Ak
2 ATl A= LDA 7WE ARE-sto] [Fig. 1213 2ol &
2302h910] I}9) o]l S 5219l 9] AR AATIO 2 E A4
A AL} o= B3 ndll Akl @ o] A9 FEAFA AT
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Raw Joint position
(90-Dimension)

Joint length Stand

(80-Dimension)

Ready

[Fig. 12] Dimension reduction using LDA

(40-Dimension)

Classifier

Upper body Direction Vector
(4-Dimension)

Wrist Direction Vector
{16-Dimension)

| Joint angle |
230 dimension 5 dimension
LDA

Dimension heduction

Backhand
Backhand-cut Stand
Ready”
Forehand
Middle-cut

[Fig. 13] LDA application result
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3.5 Classifier Model

nAle] Y HlolElE S FE T wAMEE

tlolB & A% WEkgho 24 1 HlolE| o} A A A} o
2 23 Holg & H3kskoitt o] 2 Classifiers o83k
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Classifiers AFES &5 Al2BE AlRke}, wabax] MLP
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Classifier 223} B W} &= shrjilol
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3.5.1 MLP Classifier
MLP (Multi-Layer Perceptron)= 1252

22y AR Al vz s ve

ok 7P 71249 Fejo] A3 04

=93 Alolell
eural Network & 5}1}0]
Fzoln, Bhte] 312

7 252 915 whE A 5 A48 A 469

Z(Input layer), 3H} ©]/2] 249 3+(Hidden layers), 3l-12] &
2 Z(Output layer) 0.2 A = o] QIrit),
B =il A [Fig. 1419 o] 249359 5 2702 114
3t 2 AlEE 10708 B2 3519l ) Activation function
& e ] AR AHES H]Hfﬁ ol TR - v
o2 st ARE = s etk wekA] oF
HE o dlojoj= 01‘371] =98 AA4s1] wiol
Neural Network | 4] =8¢+ & 3HS ghr 1 =70l A|+=ReLU
(Rectified Linear Unit) function¥} Sigmoid functionS 295
o] A3} = AR8-8)a1, Z8 5ol Softmax functionS A}

23}F0] 7+ R edlo] Multi-Class Classification 4352 B 218}
t}. [Table 3] 474 7153} Hyperparameter2} Z12}2] 9] 2] ]
4 RS YEh= Folth

B =)A= Step size™ 0.01 % 1243}9] 2™ Threshold
scoret= 0.8 = A4 3}31 31 Validation H] S 4:1 %2 W59}k 1

2] 32 Activation function, Optimizer, Alpha(L274l]), Batch size,

Hiddenlayer 1 Hiddenlayer 2

Output Layer

Input Layer

EEEEE

Soeeeeccee

00000 00eee
5EOOOC

[Fig. 14] Proposed MLP structure

[Table 3] MLP Hyperparameter

Hyperparameter (MLP)
Name Value
Output layer Act func Softmax
Hidden layer Act func Sigmoid / ReLU
Optimizer SGD/ Adam
Alpha 0.001/0.0001
Batch_size 10, 50, 100, 250, 500, 1000, 2000
Step_size 0.01
Epoch 100, 250, 500
Threshold score 0.8
Validation 4:1




[Table 4] ]/\1 = 891—54 Activation function©_= Sigmoid
S AF&-31] Optimizer 2 SGD 9} Adam-2- 27} ¥ 1 3}3] T, A1
3 A 29359 &3} 571 Sigmoid functiond 735,
Optimizer = SGDE AH&-31& u] Adam=S AHE- S WK T} &
WHY o &2 Adzo] H{olylt) SFA] Tk Activation function=Sigmoid,
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[Table 4] Classification result of the MLP-Sigmoid under parameters tuning

Sigmoid
SGD Adam

Batch Epoch=100 Epoch=250 Epoch=500 Epoch=100 Epoch=250 Epoch=500
size | @=0.001 |a=0.0001| =0.001 |a=0.0001| =0.001 |a=0.0001| a=0.001 |a=0.0001| a=0.001 |a=0.0001| a=0.001 |a=0.0001
10 93.21 93.51 94.09 93.70 93.99 93.51 91.76 90.99 90.41 92.93 90.99 93.02
50 93.90 93.80 93.99 93.80 93.81 93.99 92.93 94.09 92.83 91.18 92.93 91.76
100 93.80 93.99 93.51 93.90 94.09 94.08 93.80 92.93 93.02 92.05 94.09 91.96
250 93.90 94.09 93.80 93.02 93.41 94.09 93.79 93.02 93.22 93.12 92.64 93.70
500 94.09 93.99 93.70 94.09 93.99 94.19 93.31 93.21 93.60 93.41 92.50 93.70
1000 93.60 93.70 93.90 93.90 93.70 93.90 93.51 93.90 93.60 92.34 93.31 94.28
2000 93.60 93.51 93.79 93.60 93.51 93.31 92.83 93.31 93.12 93.70 93.60 93.41

[Table 5] Classification result of the MLP-ReLU under parameters tuning

ReLU
SGD Adam

Batch Epoch=100 Epoch=250 Epoch=500 Epoch=100 Epoch=250 Epoch=500
size a=0.001 [@=0.0001| =0.001 |=0.0001| o=0.001 | a=0.0001| a=0.001 |a=0.0001| a=0.001 |a=0.0001| o=0.001 |a=0.0001
10 88.28 87.02 87.21 86.05 86.72 85.47 88.57 90.02 89.92 89.53 88.27 89.15
50 91.28 92.25 92.15 92.04 92.44 92.93 89.63 90.50 91.76 92.15 90.79 90.60
100 92.33 91.47 91.18 91.96 91.76 91.57 90.70 92.04 91.00 91.96 90.89 92.83
250 92.24 91.76 91.28 92.25 92.73 91.66 90.41 92.05 92.44 92.73 91.28 91.67
500 93.12 93.02 92.83 93.22 93.02 91.57 92.05 91.67 91.38 92.25 91.47 91.18
1000 93.80 93.60 92.34 93.02 93.12 93.31 90.02 91.28 90.60 90.12 91.76 91.57
2000 93.70 94.01 93.21 93.51 92.83 93.31 91.38 91.08 92.64 91.57 93.22 92.83
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3.5.3 KNN Classifier

KNN (K-Nearest Neighbor)- Al 2-2- 912 w|o|Eof] tjsl] 7}
G Ahe oIl S FH 02 A2 S HlolEls] £FE Fala
= 7P A8 Q) o)), 22 9] 452 [Table 8]3} 2t}

[Table 8] WA E 72 o} fr2te) = Aele 717k Hg

3lod Kol w2 A =& vl uskedth KNNol&= A Al 7}
| &2 uk2lo] EA) ) Brute Force W22 & Z1o 2 H]o]

HAL U A5 0] 1= Ao ArlE A 2 Alksl= slolH, 2}
& dlolg Al A= A = 2ol Ak M E o

7l wheh S7F Sl s sho] AXHA E&Ado]
o)) Al Fr} K-D Tree 2] ©] 2] ¢} Brute Force 2] H] @&
FAdst7] f18l vbEolxl Ao = Hloly A&

@'?_]_ H}IAl S

o132
[Table 6] Classification result of the SVM-RBF under parameters tuning
RBF
y
‘ 107 10° 10° 10% 10° 102 10" 1
0.1 21.51 21.51 21.51 55.97 91.97 92.34 90.89 53.19
1 21.51 21.51 50.10 91.18 92.44 92.54 88.66 59.59
10' 21.51 50.10 91.18 92.44 92.83 92.34 87.02 59.40
10 50.10 91.18 92.44 92.83 92.83 91.96 86.05 59.40
10° 91.18 92.44 92.83 92.93 92.93 89.73 87.40 59.40
10* 92.44 92.83 92.93 93.12 92.25 87.89 86.63 59.40
10° 92.83 92.93 92.83 92.83 91.28 88.57 86.72 59.40
[Table 7] Classification result of the SVM-Poly under parameters tuning
Poly
Degree
‘ 1° 2° 3° 4° 5° 6° 7° 8° 9° 10°
0.1 92.83 84.01 89.34 80.81 86.72 78.29 85.85 78.20 85.37 78.01
1 92.93 83.33 87.60 79.46 85.66 78.59 86.53 78.29 85.47 78.49
10! 93.08 83.24 87.01 79.44 86.43 78.49 85.76 78.20 85.17 78.44
107 93.04 83.19 87.15 79.40 86.41 78.43 85.77 78.17 85.11 78.45
10° 93.01 82.66 87.13 79.41 86.43 78.49 85.72 78.18 85.13 78.42
10* 92.93 82.50 87.18 79.36 86.62 78.51 85.70 78.17 85.09 78.41
10° 92.83 82.36 87.20 79.34 86.52 78.50 85.70 78.17 85.05 78.36
[Table 8] Classification result of the KNN-Distance under parameters tuning
Distance
K Manhattan distance Euclidean distance
Ball Tree K-D Tree Brute Force Ball Tree K-D Tree Brute Force
5 92.24 92.24 92.24 92.15 92.15 92.15
15 92.73 92.73 92.73 93.02 93.02 93.02
25 92.63 92.63 92.63 92.82 92.82 92.82
35 92.63 92.63 92.63 92.15 92.15 92.15
45 92.53 92.53 92.53 92.24 90.69 90.69
55 92.53 92.53 92.53 92.24 92.24 92.24
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4. Evaluation

4.1 Classification Performance of The Model

A= Bdle] A5 H7HE 28] Confusion MatrixE A}
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[Fig. 15] Confusion matrix structure
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[Table 9] Confusion matrix by MLP classifier

Precision Recall F1-score
stand 0.90 1.00 0.95
ready 1.00 1.00 1.00
forehand 0.95 0.93 0.94
backhand 0.90 0.92 0.91
middle-cut 0.99 0.76 0.86
backhand-cut 0.92 0.95 0.94
Average 0.94 0.93 0.93
backhandeut - - - 483 - 95.17
middlecut 18.75 0.78 4.69 - 75.78
2 bt - ; : 92.42 : 7.58
g
= forehand 0.69 - 93.10 4.14 0.69 138
ready B 99.62 0.38

stand 100

stand ready forehand backhand middlecut backhandcut

Predicted label

[Fig. 16] MLP confusion matrix visualization



[Table 10] Confusion matrix by SVM classifier

Precision Recall F1-score
stand 0.97 1.00 0.98
ready 1.00 0.95 0.98
forehand 0.80 0.94 0.86
backhand 0.87 0.95 0.91
middle-cut 0.96 0.75 0.84
backhand-cut 0.96 0.92 0.94
Average 0.93 091 0.91
backhandeut 8.28 91.72
‘middlecut 4.69 2031 75.00
:g backhand 0.76 95.45 3.79
g
= forehand 93.79 483 0.69 0.60
ready 95.38 3.46 115

stand

[Fig. 17] SVM confusion matrix visualization
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[Table 11] Confusion matrix by KNN classifier

backhandeut

Precision Recall Fl1-score
stand 0.93 1.00 0.96
ready 1.00 0.98 0.99
forehand 0.87 0.89 0.88
backhand 0.81 0.96 0.88
middle-cut 0.99 0.75 0.85
backhand-cut 0.96 0.89 0.92
Average 0.92 091 0.91
backhandcut 11.03 88.97
middlecut 12.50 12.50 75.00
:g backhand 0.76 96.21 3.03
g
N forchand 0.69 88.97 8.97 0.69 0.69
ready 98.46 1.54

stand

[Fig. 18] KNN confusion matrix visualization
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4.2 Classification Speed of The Model
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[Fig. 19] Recognition time of forehand stroke
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[Fig. 20] Recognition time of backhand stroke
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[Fig. 21] Recognition time of middle-cut stroke
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[Fig. 22] Recognition time of backhand-cut stroke

5. Conclusion
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