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Abstract

Most of the existing deep learning-based methods for 3D hand pose estimation from a single depth
map are based on a common framework that takes a 2D depth map and directly regresses the 3D
coordinates of keypoints, such as hand or human body joints, via 2D convolutional neural
networks (CNNs). The first weakness of this approach is the presence of perspective distortion in
the 2D depth map. While the depth map is intrinsically 3D data, many previous methods treat
depth maps as 2D images that can distort the shape of the actual object through projection from
3D to 2D space. This compels the network to perform perspective distortion-invariant estimation.
The second weakness of the conventional approach is that directly regressing 3D coordinates from
a 2D image is a highly nonlinear mapping, which causes difficulty in the learning procedure. To
overcome these weaknesses, we firstly cast the 3D hand and human pose estimation problem from
a single depth map into a voxel-to-voxel prediction that uses a 3D voxelized grid and estimates
the per-voxel likelihood for each keypoint. We design our model as a 3D CNN that provides
accurate estimates while running in real-time.

Keywords: V2V-PoseNet, voxel-to-voxel prediction network, 3d hand pose estimation,
human pose estimation, single depth map

* Corresponding Author: Mohammad.Zare@apadana.ac.ir

Received: 29/January/2023

Accepted: 15/August/2023

ISSN: 2980-8936



. “_)U

VEOV/AN /0 il s

. “)U

Y

ARERVAY-YARY

ISSN: 2980-8936

/ . . . 5 A . H
} l Kad b g 53 g o jia s asldial
o OY—?,O L\i.Y O\:..‘._»Ugi OJLonl ;\ 092
’.’

Nrsc.apadana.ac.ir

LJJ:J [ v g g

e 23 I

el ok - g e

o 8o

3490 3391 9 15 3w 19 31 00kl b Cwd O > yusli b Jhidgi ausmid
SR A0S 3 0ol b (5olbgl cuwd DI o skl § (Simdw Cuxdge
V2V-PoseNet _fus1g—4- |59

Ub.:nl‘u‘)ej‘u,f—U‘J.@JJ;-l}AIJTAKJA')‘}ML{&AW@JMJ'LIALAJKI °:‘j# 2> "\‘:"“'

. s a /,. .
ulﬁl;;1,:,:gl,,;wu&,mhouwdﬁuwjI *@\jw

s S

b oS S e ealinal 5zt Cply G 1S es LB S ) (St Cand S et (61 35z m S e
Seote Snss si IS e el bl L ) S DS o Slatie (giags Gos 425 oS o5 8
Slaosls S13,sba Ges 42k oS Jlo 53 ol (Gdmsd Gas 48 53 53Sw p lwil 3925 5 sy opl Cand sl S
) s sls SIS Wl g0 85 45,8 o a3 53 Sdnss sl Olsieas 1) Gas (Sl I (6ol (8 S50 el (Shnian
s ledar Lol ol 53 pslhe ped planil 4 ) same opl ST Ly i Sebmss 4 Gban L RGP
Sl (a5t o8 sl (6515 48 S (S35 o goT 1 (Sebmptr Dlbs ot O g S5 oS ool ol (w5 S 55 Cineds (3
6 Kl gt DLl s o e Alis 1] claand ol ade (6l 358 o0 6,8 3L Ly 53 (Slsd3 Lo ge &S
SIS A a5l p 5 LS oo o3l (Sbmn (ST 80 S 51T oS o b JuS g STy e 6 415 S s
Sl o 0 o b Gt (5SS e S K Ol 15 35 il Lo i go e 5 ab g e S5 Jla

Ans o ) Bl Olej Sy g |l Il ys 1, b

ot s Voxel-to-Voxel Prediction Network . .S sa fus s &s V2V-PoseNet s}l guds

.,L>-\j s i Ol &L..wj u.:A.>J Cawd (Glmudw CM.oj wAPL.; cJMS)M.JMS)

Mohammad.Zare@apadana.ac.ir :J s st 5



Yv 6)’\.«&5\3}\ osliiwl b Cwd Q\{j,mb)by SRS ‘&)\}ja:\}ﬂ»

4o ke

9 S seS-0L! ol usbe g5 s L el [aseil 53 cege L Cawd Gmsdn S 333 e
Gos S mrss e b s 45 T 515 anlllans s g lhans (ol edle ol Gnale 3 A ol ool 035 3| Conil
el 55 )5 a5y gn 3o 03 8 Dl 15 4 (0l b b

S N &

3D to 2D

;,i;, AX  Projection
PRI W K

&
3D point cloud 2D depth maps
3D pA \ | ﬁ pose
estimation \ estimation

},j\
Hand keypoints

‘6%356*913.}‘4;)’37&;“36‘:";‘&“3\ JS.J-

55 Sl s @ dnss Goe g g Lol 515 (Smsan Sl L K0S oyl (Sl (sladdai
Goo pshas Ans plowil 52Ky (Sl ST G5y i ol e S (0l 4513 &S 4y i Al
Y =-300 5 (cly o 3D e do Yo o0 X =-300 (slao 3l & (gt (sladbd pl oz 5 L (sdns 3
sy 'Viﬁju")‘}f"‘uéﬁ"" L oplp 1y Z Sldie o3yl 4 (aLJ)J Lgd oo g (YUa ol 5D e da Yoo o
o3zl MSRA o515 &8 gaze 33 )95 a8l (b eyl 5 Ol Cowd  aBly 351051 calin o3l ¢ o ls
R PG

oeble ol Calises (gl g 53 (CNND ia J 5157 wae slaaSid y e Aiad,l8 (6 35le3 (sla iy ol |
ol el ol b diS o Jos 5 g0 (Sla S, ) g bty es 458 K s (Gulmstn o) pra ale ]
e 3 Olomad (Gas p 9lal ol kST 5 o 2Ll Sy s (sl IS 05 g5 L sl s w b s
.xﬂ@@')@,;u

ol has 5l G | s (St S S o S Beas (655 3L 1 st S sla iy e b
Dlatbn s bty 53,8 p (Sl hee p 5l 64 oS Ll 5 e Sl K AL b2 ol ST
St 535555 45 @S o ool Lo el LS (oo g ) s Joolie e (6T LGS (gumas
&)sumﬁalfu&;i\m.4;-‘53Lf.s;.w\6@}3&9}13@):}:&“%6&51#&&@.;)\;5&
6.ww6u°;\;é\j,;wm‘mww,ﬁj\;pwmug}gy\};ﬁgu‘s@Pdwm

R
S8 o B 53 Shnsd paal Do 4 |y e slaatd (Solea (A5 iy STl L
Il ST (ol (G55 2 S (L35 03 OT 3ol b 1y (Gt (gl )3 ¢ 8 &5 by S8 L5 o0
5585 Gl Lo 3 58 o 5L il p Lo (Gla e plowil (6l 5 My oo 1y odldiiy o (gle B (A



VFoY Oliol oF oyled o) 095 cliadipn 1gh 45 p $ Sl ing s aalld

QL&&;&»&M&YI{k;bsj;d)\ajuﬁpbw.ﬁas@ﬁu\ ﬁ)b‘)&@j}éﬂ&ﬁ}ﬂj
owa'uwsa&;ég;du,.css.,J;sm\,dﬁf;g.u}):yg)\,ﬂ;as,,ewbﬂwa\.w\sww
A pp sl 4 5 ph 0n 0215 o g 4 VU (s 18 )3 58 o0 GHLISan 5 O mgel a5 ST LG
B s (8355 3 L (Sdman Slatbe ¢S g5 S

slgzins 15 (V2V-POSENE) s § peasss (g1 JuS 50 S 5 s i 4K Lo a5 guden ol b abilie (g1
LS oo oslizul (63555 Ol et okl JuS 5 &K oSG 5IV2V-PoseNet ¢ s sl sy, i SN 5 =S o
Wl ok 0305 QLS ¥ S 55 a8 5 sbilen 5 o e 1y JuuS s o Jlazsl (ST 3bis a6l 5 5

) elsl ity ol Wl g on Lo 800 (63555 Ol sioty Sbmam oS5 IS & (Smig3 Goo sl J L
1o b S o $SGST A w0 (sadS b a STy a i e nimad iy 55 (SLowll Dk
Lo 5,80 sl 1y 535 g0 I (i on Cradnd (65955 ) bogiioms |y (Sohmaitr Sluatbue &7 ot & (6,15 pais |
St Sy Cpads )3 s 5 9 (6335 Wi sz hslad )8 05150l (6l 5 1) melr iale3T
(0 JuS 5 850 5 (Sl 33 G 428 (9355 S 5 Hlgr 3, Ses L es o plawil oy as 4085 &S5 5l
.a,_f@j}wl.&u)}s(‘_}mf)ﬁ‘)u:}‘jLg.bgmaha:.&u)@jﬁ-j

el L s 8 was e O L gy 4 b S s STy it S A e 0L LT il
Chmrtn w5 8313 4o gomen S g Cawd (Shmsdur S 8315 de gazen 4w (Jle)] 50 4) 5o 315 (slads gazme
b oo ol (A8l Oles Doy geo 4 S b 53 A @115 g g0 o s 3l e 63, Shes (Sl

O b Cas gl Lls Lol sl 4 " Giman Curd s pass” Q)L:pfr:f@ o2 b caalsl s
sl (gdmsdn sL2d s DL

:sfwwﬂjcfigo\j@bbgugfjm

oS o b S s Sy b w1 ety Res A8 S ) St ) e Al |l —
V2V S o b Shass Gas e S Lo |y (Sibmpin Slaties 87 S (sla oy ity 95
o e ol S 5 S (65955 &K 51y S5 a Jlazl e g5lgei PoseNet

2959 85 2 3 Ses dwlis L) (s 5 5 G2055 o Slaled (el ) (la 2 5l kil b Lo —
Jlaz>| 5 uman Slass (Jia0l o) (35§55 5 (b JuS s 805 5 Srsd Gor gl (Sl 50 4)
oS o b (JoSs o

plril 3 g g0 (Sebain Con§ paid 3315 (Slade goren alos L5 5 eslizal U (sles 28 (gla_tslejT Lo —
Ol L Cwl GLl (gdasaw o B3ls e pomen ESU 5 Lo (Gulmdu S 3303 &MMJALZSV:AJ@
Solgdn o) et S (o A5 2 s Bl s 4 S (6750 sl B olgiiy Aa) & o e
=55 55 J,0 a5, ,sHANDS 2017 2 Bl s bt a3 3557 Al s

oRIF Kz

GoE 2 S S (G S eSS

Joe &S5 g sl s o387 o (o5 5 5 (181l gn s s 4 015 0 1) s S e Sl 2
Ceolze ($2555 Gas 3@l b5 OT Gladws &30 wl 5 05 S 4S5 03,5 enlial s SiC 5
S il 55 4,5 (Sharp et al., 2015) (PSO) iy plosl (s 3lutingr 25 S o



fa 3o S5 ) 03Ul b s O o i b Hd 3 awis g5 5 0313 0

&)y Jgens Lgur;i,jisl 5 Qian et al., 2014) woT 5”5 5 (Tagliasacchi et al., 2015) (ICP)
ﬁ}..ajj.sl)c,.u;JwLi»mi;MQquCy,»L;Lau':,).M@:wjd&%)a%@wo:)ﬂcw:q
ol b s oo 111 (A5 5 e > Shes (3l Ko re Gla by S e adeie (35,5 e
SIS ae (s e | Gl gy L diS e eslizel Jlecws gla Sy 3 LOT Jl-
G (V) 08 5 0 ol i s g0 ke i, 50 5L LS5 55 5 sboas |y e (sla S 55 43,56 <" (CNIN)
CBaaE s Joabe a6l 5 s S eslizal 2858 e Sl I Cas ST blE (g 5le o
S I G mae a6yl e U1y pay ol (TV9) T0LKan 5 & .05 aeds gimss Sl
03Uzl b 503,87 Jood (Slmaw p b 4115 (62555 Gbnigs Gas 428 (Y41Y) OLKes 5 & sl b 28 L
oo 14 O 5 & s aid ) Sebmtn Slaties Lo (St 5 517 e laaSCs
GlS” LIS (clman Slates meds o 5385 sl (Region Ensemble Network) (glaib:s o L
S 58l il 34 1S sba S e 3 g b 1y 4K ol (VoY) "L 5 o 5 i S slgiiy S
sosls Jialil S gl 3l eslizal U |, (Oberweger et al., 2015) s L3 I8 (YY) "ol Kes

15 3 g 1y Caws Ayl (g5l e

To Coordinates To Voxel
7 Do M e T
From 1 L F i F -
Pixel 1 'I e N N
l I vV oV
g ——— - N e e e e e -
(a) Pixel-to-Coordinates (b) Pixel-to-Voxel

(Most of the previous works)

_______ N
{ (-0.8,0.1,0.3)
From F F (0.1,07,0.2) I 8 g
Voxel b o1& (0.1:0.2,08) | 0 o
I\ (07,05.0.1) | v v
_______ 7/
(c) Voxel-to-Coordinates (d) Voxel-to-Voxel (Proposed)

Ay e el G | Ghmde S B Gl oA 5 6000 Al lacS 5T IS

) S s (g Slaminn 5 4,8 o (635,55 Olgiess 1y (Sbmss Gas s &S5 S sa)lS 2y
bﬁfkjﬁ‘s:})}g')‘}l&@|)°M&5}6@Mwé§idb%w‘w&4{.ﬂij((a))JQ-LULo
G 5l @ 5 ) S w5 e e ) S Al g ldST BB e (gl |y STy e Jlaal
ol 0 Ml 3 SIS (g jleme K L ST Wl |SCis s ) 1S
e e &S5 (YY) Pl 5 55 ls 3558 (63,550 Al oSG Sl ealizal b 1y 3131 5 W
_54.;Jab;ob\.d.':.w‘64&@&)[...42»“.:2.1“6w.pu"65@‘)J#P‘)Q}&b;%ﬁ‘)odﬁu&ﬁﬁ
Oy 53,5 e3litl 31 jealds D153 Gl (6 5luiingy 02 S 5 (LS ar 5 Sla sl 51 (Y19) 701,10

1. Tompson et al.
2.Geetal.

3. Chenetal.

4. Oberweger et al.
5. Zhou et al.

6. Yeetal.



VY Ol oF o)yledi ¢V 095 ciadi g2 g 35 o 95 b jid 950 dolilad &

gy Sl o pmednd (Sl 0dins el 55 gaT 5 S 2ie Olg (sLa3 b Gras U ge Jke 53 31 (Y4 V) "0, 18K
L5 S eslazl

e 2 W

3D heatmap (H)

3D voxelized

depth map (V) Volumetric Volumetric Volumetric Branch Voxel-wise
Basic Residual Downsampling . Split Addlition
Block Block Block

V2V-PoseNet IS g;lere ¥ IS5

Gy S5 o Jlaast (LS 50y 5 5108 505 5l eslimal b 5 5,8 o |y ok JuS 5 (635,5 V2V-PoseNet

le.&i&:lajﬁ‘db}ﬁ)ZJ}MQ}u\;bf};)Mﬁtﬂj@LSJLAOJLAC.,.P-&)@w@'éwmjh

J;Lz;6.@,@_;,\?m,;&,ﬁ.ﬁlog;,;;é:ﬁo&);!)dwbwrmé.ww@,\f
s o OLis iS5l Oles 3 1y (ST

C P (& P C D D =08
(0] 0 o] (0] 0 F R E R F = 0.1
N © N O N C 0 Cc 0o cC y=u.
v 'L V L V P P z= 03
Offset to the
2D depth map correct ref point

J@&L&Q&n;fcuk;l:ﬁca-}nz.]aja)‘b5%%@T}Jﬁ@‘)¢))f&j&ﬁﬁ‘®d|
M’@Lf"ﬁfgf";‘ﬁ

B:X3
u.q}_orjéﬂb.bL;.lz.gjjéa.oﬁ)l.,a.?bac|~\.'b'|)b.QM»‘L;J:KLLEJ(-L«SL;JQMQLMMLAJMJM
P35 (S5 S 5 5l gy (5LD (5l 5 (Sihmran (LS 55 BE OUSL L oS o fS (sbaan
3,8 o 83555 Olsiear |y Gumaw s S 5 (slaosls oS on 03l V2V-POSENEL 51 b (st 53 Gae
lels S AbE o (gl p Sl o VL b b e S oo (et 1) ST o laisl (ST b 2 g1
V2V-PoseNet S g lens ¥ Ko .l o Jbo o lgh domei 47 5 55 o0 U3 e Olgr o285 iliaties 45 5 0l
©olgitn e (63955 5 AT 3 (o o 3 (Silo oo 35 651l canlsl H3 das oo O 1y (oolgity

e A eolgiy 5,555 b ks e filus 51 > 5 V2V-PoseNet

1. Wan et al.



gs)'\.wJ-..f\j 3 esldiel b Cuwd Q\{j, geeid b ld g asl c&)\} PRI

Laadl

-

ICVL 5315 e azme (sl V2V-POSENEL 25587 0o 03 S gy 2 1) s3lgtin 255 (Flslos S o Lo
o5 HANDS 2017 2l 5315 e gomes (53 celo MSRA 12 s NYU (slaosls de game (sl 5oy 55
¥ loyssos,8 sl Jde Ve eslital Sl s s Ol el ool 4w ITOP 5515 e games (515 5 595
S oslizal okl das oo OLE oS b Sl a5t 53 0 3Y0 b L5 s GPU i Lases )3 Ll el 46 55 o 5
Wi 2V Jols 4 ol (63555 M5 5 20l Flboe o o Sl 55,500 slaaali 53 (s5lgtiy s
Jﬂ&jb&f)}bdbjd%)“@dk@U&Y*%ﬁ@‘.@\d&&&djb&f)}@f
A8 1 (s dman Slabes ol Sl g a4t s 1.0 5 AEST oo Jsb 4l o O (a8 Uil (gbm Al po 553 o0
Slaesls de sazmn )3 (glo 93 &8 gazma Sl o3lial Osl b ko 48 sl S5 4 3 L5 0 Ol (Sl S >~
4 e 6 i 3 Ses (s GPU e 5l aslizal b il 0l S 55 5 ITOP s MSRA (NYU (CVL

Ll LS syl

SRS 5 S
3ty W G 488 S0 ) S (bt S e 512 V2VPOSENEL b 4 s 55 5 bt 805 S Lo
B Gt JuSTs (0l &K 4 ) Gings Ges 408 L (b3 GlalST glacussdon p ade gl s S
st i G Sl s 3, 31255 i ONN Ul 31 aslisal L1y 6T 5 o 5
) de s Shee b 93 o2l o35 s 1) JuST5 n Jlaio) @S 25 gl b (s lS LS (guman
Sl 0515 de gazen 4 53 A3 Lo IS 4 S (g5lgiiny V2V-POSENEL wi Eoly 50515 55 g 55 JoB ) sba
Al bl 6 g 3 Shes Dludl Gdmn S pedel 1 p 0313 A0 samn ESG 5 Cows (St o) s
SRt O e S 4 o Gt o (et Al 53 ol 5 Lo e gy ol S ealial L oo
214 gl b Olowtal g5 Goe 485 S5 51 Cows (Sibmatr s a3 Sk sl 8l JuS 5 JuS

..,\.M43\)‘1)L;‘-C_,...»:M:ﬂwaﬁjéwm@j&}awé\ﬁ.\i.\?@ﬁjﬂf

Lo
&

Chen, X., Wang, G., Guo, H., & Zhang, C. (2020). Pose guided structured region ensemble network
for cascaded hand pose estimation. Neurocomputing, 395, 138-149.

Ge, L., Liang, H., Yuan, J., & Thalmann, D. (2016). Robust 3d hand pose estimation in single depth
images: from single-view cnn to multi-view cnns. In Proceedings of the IEEE conference on
computer vision and pattern recognition (pp. 3593-3601).

Ge, L., Liang, H., Yuan, J., & Thalmann, D. (2017). 3d convolutional neural networks for efficient
and robust hand pose estimation from single depth images. In Proceedings of the IEEE
conference on computer vision and pattern recognition (pp. 1991-2000).

Oberweger, M., & Lepetit, V. (2017). Deepprior++: Improving fast and accurate 3d hand pose
estimation. In Proceedings of the IEEE international conference on computer vision
Workshops (pp. 585-594).

Oberweger, M., Wohlhart, P., & Lepetit, V. (2015). Hands deep in deep learning for hand pose
estimation. arXiv preprint arXiv:1502.06807.

Qian, C., Sun, X., Wei, Y., Tang, X., & Sun, J. (2014). Realtime and robust hand tracking from
depth. In Proceedings of the IEEE conference on computer vision and pattern
recognition (pp. 1106-1113).

Sharp, T., Keskin, C., Robertson, D., Taylor, J., Shotton, J., Kim, D., ... & lzadi, S. (2015, April).
Accurate, robust, and flexible real-time hand tracking. In Proceedings of the 33rd annual
ACM conference on human factors in computing systems (pp. 3633-3642).



VEoY Oliol oF oyled o) 090 cliadign g 45 p $ Sl ing s aollad

Tagliasacchi, A., Schrdder, M., Tkach, A., Bouaziz, S., Botsch, M., & Pauly, M. (2015, August).
Robust articulated-icp for real-time hand tracking. In Computer graphics forum (Vol. 34, No.
5, pp. 101-114).

Tompson, J., Stein, M., Lecun, Y., & Perlin, K. (2014). Real-time continuous pose recovery of
human hands using convolutional networks. ACM Transactions on Graphics (ToG), 33(5), 1-
10.

Wan, C., Probst, T., Van Gool, L., & Yao, A. (2017). Crossing nets: Combining gans and vaes with
a shared latent space for hand pose estimation. In Proceedings of the IEEE conference on
computer vision and pattern recognition (pp. 680-689).

Ye, Q., Yuan, S., & Kim, T. K. (2016). Spatial attention deep net with partial pso for hierarchical
hybrid hand pose estimation. In Computer Vision—-ECCV 2016: 14th European Conference,
Amsterdam, The Netherlands, October 11-14, 2016, Proceedings, Part VIII 14 (pp. 346-361).
Springer International Publishing.

Zhou, X., Wan, Q., Zhang, W., Xue, X., & Wei, Y. (2016). Model-based deep hand pose
estimation. arXiv preprint arXiv:1606.06854.

G585 é)}TJ.: :6}\»&5‘5 Sleslazwl b Cws C;lf}’- B Lo,k g B (VFY) cdeses ‘&)U} (seoeadas 03] 0 Ao Q-l' 4 Sl
3 oy sla ing y aolilas N2V-POSENEL JuSTg-am JuSTy i i A0 5l osliel b (o)l 5 Cawd SIS = [adedd 5 (glbidu Cund g
BY=FO «(F)N colins s gt

®
@ﬁ New Researches in The Smart City is licensed under a Creative Commons Attribution-
NonCommercial 4.0 International License.



