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Abstract

The most natural way to increase immersion and provide free interaction in a virtual environment is to provide a gesture

interface using the user’s hand. However, most studies about hand gesture recognition require specialized sensors or

equipment, or show low recognition rates. This paper proposes a three-dimensional DenseNet Convolutional Neural Network
that enables recognition of hand gestures with no sensors or equipment other than an RGB camera for hand gesture input
and introduces a virtual reality game based on it. Experimental results on 4 static hand gestures and 6 dynamic hand
gestures showed that they could be used as real-time user interfaces for virtual reality games with an average recognition

rate of 94.2% at 50ms. Results of this research can be used as a hand gesture interface not only for games but also for

education, medicine, and shopping.

2~

4
g

719E: & A2 A4, deld, 45 A%, DenseNet, 7HF@4A, AY

Keywords: Hand Gesture Recognition, Deep Learning, Convolutional Neural Network, DenseNet, Virtual Reality, Game

ThE e A Alolo] AEAgo] A Y Ao
1. /{_]% uﬂo};]_‘: 1;].140] 011;}

ARGAF Al 71 Al e QIEjH|o] A Algho] A}

A e 7)%o] WA T Tkt 7750 nEE oA AlgslE & ALAHE TPFERE Hell A AT

o Wb AFEAS] BAS ZEAE AR BElze) Ao ohs ZIth el B & AlzA el hiw
g a7 2k k. Al rEa sdss gy o 1SET AR el gue olew & A
B OHE P2 ol AEZHE A1) uie] ARt} o]zl ek AF[1-6]7F AJAAN E3td gu] =
AA7E Fasta 2ol Aol e FH S Aok

*corresponding author: Tae—Young Kim/Seokyeong University(tykim @skuniv,ac kr)

o rlo o r2 Iy o

Received : 2018,11.29./ Review completed : 1st 2018 11,

DOI : 10.15701/kegs.2018.24.5.41
ISSN : 1975-7883(Print)/2383—529X (Online)

-41 -

30. / Accepted : 2018.11.30.



W=t o] dith ZZ X838 GoogLeNef[11]% 8% AZ  FZ(Dense
Hrol= 2 9FRe] "oy MEE -3l Zo] 8oldl  Connectivity)S AF8-3F DenseNet I2}H|E +E —Eﬂlﬂﬂo

A3l GPUZ 383 wA% @Trao] Bzt we gy 2 gAAZRozAM deuE AFS sk vRe AlLE

J(Deep Learmng) 7)es o] &dte] & A=AE 1A FHAAIZATH

sk dATgrEe] olFAL vt o¢} HHG VE AR &

Hg e H L_il‘i—Ei T3k Zlo] el Al FRE o]83te] 2.1 DenseNet

AES & &3 FEE EAA A28k A7), Zeol

Fhlete d2 d ARE ShEste] dAskE AT (8] DenseNet> 7} A5 3w AAF 39 F8S& 1 o]F
2ol e gt o] S Adstel 3a W A o nE 2o ddsts TUE 94 TRE AL A7

ﬁf”‘(Convolutlonal Neural Network) &2 8F538t0] QA= wre] Zojh42 27] A2 AR oolna]i= LA 3

AF[9] **O] Tk AR 919 A A 54 AVIY Asigin w8 vest 338 sihlon A% Alo]2 A

AXE oz AL, v AdXES Eo]*’ wAEE A g ResNet[12]2] §HHSummation) 2] thal o] AF2]

1/]J_ = WS AgE 7 ARE fH5H AT Alols AZEs)

et olﬂ He A4 gle] Jed 7ledd 4w AAEs T
8 AFeate] & AAAZ AA7ro® olAE= 3D 71AE

AR, WA A} EL AL 48
2L g Ho| ~E 2A}shal u} ;Lzﬂ 0}5 %
Aslo) A A
1 e A
& Aol 417
Belaln Ao shajm
DenseNet[10]S 3x1 0.2 ZQXC}B‘]— R
ste] 2, v, Ao & X A

%

Adel A% 1074 4 % 5

A AYE &

tlo

e _>\i’ oE.
i o oft
4

N o Ay

ol M
2

I

I

p‘L

AN
b
o
ro
3
i
a
2
oo mu T po o rr

o
88 AT A4 TR iH@W sl & A2 %
3 % dole] A= A B & ﬂ*ﬂ RIE S E

=
=
A 7P 17]el A RGB @49 T oA (Concatenation) 415 A|<ta}3lct.

Figure 29} #Fo] shite] o
%= F-9(Dense Block)ol 2}

Figure 1: Dense Connectivity

)

N Ao Fgn= HoE
dtar 7 9} Ateld] olg 7

Z(Transition Layer)oll Al 3t €S F3ste] 547 2
&

%2700},

N v te 2 gleinE 5 Fol7] 918 7]E e H]F
2. T AAY FAE ATAA ARgshE AEe 201% FHaoA7]5L
. on oo NIN(Network In Network)[13]€] 1x1 35 S A&
3k W 7%]3(Bottleneck Layer)¥ Y% 715-(Compression
T G AR ARG E AFEHAA NFEAE Layen e Folelolh BE AZe adE 7o U AT
wAl ege]  ZoRl Held daels T SUE G A A=o) o) wAlA Ex]uu,] Zol2 AT, ¢ 7
At 57 1A EFelA Hojd Aed Btk $E Al 2o wmn polo] 2oy o)d 741%_0_; dolzhs 539
B 715 ek A ARl 3w A AY E o 71012 2" sle] gelulE] 3712 Zold)h
S Frketel dlolge] g3k ARE fFAsHA Q14 dlol
Helo] E4S aiior FEet) 2.2 Aekel= AT
FHoll= A 27 B HeHar gojzdel w
B Biee] BN vl AW RS AHSERE A o o aamy 2K £ w9127} WeA
of 24& wra vt dlaEASl o2 14 M(Inception) T ob= A Aol Akl wha 9 x|7F WE =A A

-42 -



Input
Image Lol L
20x224x224x3 Dense Block 1 Dense Block 2

20x28x28x48

20x56x56x64

Convolution

Max Pooling

Transition

Global Average Pooling
I SoftMax

JEv

Dense Block 4

) v

i Dense Block 3

20x14x14x44

H

Ix1x1x1024

20x7x7x43

Figure 3: 3D DenseNet Structure
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Table 7: Average Processing Time for

Hand Gesture Recognition
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