SR LA E
2. 9 5%
3. A2 AT Al
4. dleTEAl
5. 2 2
1.4 E 2l AEE Zlol RS AlEete AlME
[1-2]8] tistell Flsie] &&s3te] s =
B 7INre] & x= F TlEold Ay of7] A £ ¥= FA A= A A2 Al
(RGB) HE& Zlo|(Depth) 97 HloJE oA &2 74" (Deep Neural Network, DNN) ¢312]59]
E7kte] Wk e HXE HESkaL FAskE HeFA Q] v o= Qlsto] He] Jivtoz® 3
A HolZ o)), o] WMARE Au] glo] A & x=2E FAL F e T 2
Alz=gl k] AR A & ke = Qa1 ITH3].
Holl A ITEHFE A% 2-8(Human Computer SHAINE =2 71 B A= (high-degree
Interface, HCI), 7 2 57434 (VR/AR) 2 of freedom articulation), AZr3t 7} &4
Al27] 912] A]2El (gesture recognition system) (severe self/external occlusion), W2 2] &4
Bolol| o] alalH el Hske sla Q). B3] /M (fast hand movement), S+ 42 F =
o =732 Holo| A= Alds] a0 spak (low input image resolution) % &3t H|o]
& wAYE 7Pl st AR BEE W E]Xl|(insufficient dataset) 57} o] o3| &2
P Q= o T8I Aeltk slofst sh= B WAZE Hol vk

s This work was supported by Institute of Information & communications Technology Planning &
Evaluation(IITP) grant funded by the Korea government(MSIP) (2018-0-00999, Medical Digital Twin
Generation and 3D Simulation Technology for Prediction and Computer Aided Diagnosis of
Musculoskeletal Disease)
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T Al dole el B et @, o 4F AR SAHSONNS s
Q1A F(artificial intelligence), F37E] H]Zl(com-
puter vision) % 7|7 &<5(machine learning)
ofo| A 2] ilZQl WslE 7t 58] Ale

32Z 37 (human pose estimation), %37 =¥

d

[oF

(image classification), E*| 7% (object dete-
ction), &4 ©14] (voice recognition) 2 & <l

2l(action recognition) 7|=ECl de] AREE AL

o W, miAEtow GFae) dele el 9

[}

woltk, ool 37 WA A FF
o copule @n o e A4 duelEsdE YW A4
- - (Convolutional Neural Network, CNN)[7], =3+

21747 (Recurrent Neural Network, RNN)[8],

A5 2150 (Auto-Encoder, AE)[9], 414 2t}

20009t A 9] & ¥= Ao #3 o 21747 (Generative Adversarial Network, GAN)
T Y RS ggap ofF 2 aekd g [10] Sol Atk o3 duesEe 1Akl
Hel & 99 gaolre] & HZE (hand  (high dimensionality) &2 FAE= dlolH 4
detection) B = X3 <Ql%|(hand posture &7} (data configuration space)2 ¥dET I
recognition) F%7F thF-Eo|ATH4].  SkAIRE = ARl ArHA R YFHAU
20100 zlo] AlAe] EF3} tiFste Jlsto] b @A Hal & E= AFeAE 22 4l
W Aate] $AS Ful o] 9 ke 3 AR LaElE R WEES ol 88t 4 20 4
A & 22 54 Q7L BAHR] Ao e} FEDOR)S] wAYS 7HAAL 8l 32 & 2
Atk Zlo] e 3xkl I3 Hx g AlSst 25 F4s7U & vAlE 5] g A
7ol A &5 FET F A E9 dAA So] st e itk
PHEE F4T F e o]l EASTS.6).
Aol = Zlo] gide] 1hAsta Ak 3 & 2.3 HjojEAl
SRR G AEe R S S ES TACD e amezs g Al vw %t
hand pose estimation)o]t} <= WAl &2 (3D

(benchmark) &AL & 1e]&S d<5a17] a4
A o)t} gukd o2 dgo|g Al AFE 17
I 7Es ARgste] 4 s 2ol =
Ae) AN olgste] WEolAh Holg Al A
o] 714 Foe HEE 7ol BHol we} A

Al A3 BolEE A wEo] W Zolt

mesh reconstruction) 177} Ss] 218 Fo]
o} AR HtellE 212 MY daEls
AARI WMo g Ael AAME &&ske A7t

oAl 7] 2 i3]
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ol 4=  =hE(labeling) HE= T4 37HA A FA1S] b A dAlES HoF
(annotation) g}l F-Er} HA7IKA = Alglo] 1 9tk

A o2 HA(marking)E AT, HE

& olE AEslsh= olfrER Al7]EaL 9l 3.1 3%/ IX =X

[11-13].

339 £ 2 24 go| wi= de o

A 7|k &= X = A golEAEe A B 4] Ae] o34
A5} Aol ek 2 274 Bl welx 1 FE A WA S A (finger
gtk dlolE] deEjel &9 Arstolr) Hlo|E joints)E-2] 32+ 9XE-S FAB= Aolt) o]
= 71 2o] A 4 (synthetic image) = AF38] AEA AT FAOIANE, HF 22
3} 2 35 92(real captured image) 2 L= AT (DNN) hate]s Sl de] oA 3
T AR, o] AR AT el wEl & A T2 ARE FAT 5 7l Axe
& ok & 2EA Y & AereoF sy om olfpslE L Tk
otk F5 4ol BEOE AEET Qi & Zo] g 7Iuke] 3349l L= 34 AT 2D
= glolel o] tld] AAlE] AmEEE st Z1o] Wi(depth map)[14-19], ¥JE ZF}¢-=

(point cloud)[20-21] =+ 3D 4 E3(voxel
representation)[22-23]3 22 SAHES 7|Wte
2 ookt 218 AAES d8shE W Ee] 9
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th 72w Zlo] el A 3xk 914 A

od

OJAL SF= 7]H]—94 4 L= iﬂoﬂ )5} _%]/\]
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2 =23 4 97l 339 AHAHE 3|9
- el o = i FEE T &l
AT FAEE (1) 340 £= 54, @ =24 - 7 7 -
(regression) = g §lo] AHZ Sl 22 A7
9 AEAE Ao 349 & Ex 4 1 C o
ol F2=0 Ex o] ;L= E =G 2= o)X= R}
() 39 & WA R Fow wR e o oo oo VHLEAE T A A
o] o) ..E_;{q@_fﬂ o) /\ES 7Lﬂ5]_ T‘:_-&L
o]l‘:_ QT—_L 4%_2_]' (20171& N 2020%—)9] 7{1‘%“3 = ] ME]' =70 OEH‘/] H R HU E]' H
_ _ ) A ARCNN)S 7oz 3 thekdt Wd
HIZ, 714 8k B 7P 4ad Eoklld 24
arg]EEo] AFE AT

9] AlZ(Top-tier) 0.2 H7}¥= 3] E(CVPR,
ICCV, WACV, SIGGRAPH, BMVC)°ll 3%

. 1
=R 972 A0 ackgd a9 1e gz O
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WA et Gos
X

=-(recon-

struction)3FAL E @@ (modeling) d}3A} &4
AEo] & Folth %ﬂZ]E lE—Xl[47]o]ur 7

4. HlOJEA

[e]
(quantity) 2} Z(quality)ell weh &= 2= F4 4
I} Aso] AAELE Ao & X=E A sk

e A 3'}% « v 3
S FAsl] vAS BseE i) wlel Ei@l_(dateset)’éf A A o]E](real-world
o 7)E 3249 & 290l MANO[45]9] e 3 data) o} §Ht|o]El(synthetic data)®] 27}4] el
Com o e e 2 U 7 vk AdolEs A4 &8 A
sk SVI AR EEH ARWILE BT o) anse olesel a9a gason:
SHA KSHE SHEE B ARE M S o 109 ade vag e 28
Arnel AR, o7 B8 WEE A o) Adeleter wsa gelel ¢ wae 44
wASE AEel WA sFestel FAN AT g0 g0 agsen. Adee A8
@& MR A S S A R B ) Sbsam 29 24 amotation)
Kol Frh
(E 1) CHEAPl & ZX FH H|o[EAl
A HEY | olE{Al el AlE 2 (WxH) 2 5
ICVL[52] Real 3rd 320 x 240 6
NYU[53] Real 3rd 640 x 480 36
MSRA[54] Real 3rd 320 x 240 21
#0| (Depth)
HandNet[55] Real 3rd 320 x 240 6
BigHand2 2M[56] Real 3rd/Ego 640 x 480 21
SynHand5M[57] Synthetic 3rd 320 x 240 22
FreiHAND[58] Real 3rd 224 x 224 21
Z2{ (RGB)
InterHand2 2M[59] Real 3rd 512 x 334 21
Dexter1[60] Real 3rd 320 x 240 6
Dexter+Object[61] Real 3rd 640 x 320
RHD[24] Synthetic 3rd 320 x 320 21
STB[62] Real 3rd 640 x 480 21
2424+2/0| EgoDexter[63] Real Ego 640 x 480 5
(RGB+Depth) SynthHands[63] Synthetic Ego 640 x 480 21
FPHA[12] Real Ego 1228223%;’) o1
HO3D[13] Real 3rd 640x480(c,d) 15
ContactPose[64] Real 3rd 1212822?1%; ) 21
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