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Parameter reconstruction of 3D textured human mesh based on single image

XING Yan', XU Dong', HONG Peilin®, TAN Jieqing'
(1. School of Mathematics, Hefei University of Technology, Hefei 230601, China; 2. School of Medical Information Engineering, Anhui
University of Chinese Medicine, Hefei 230012, China)

Abstract; Aiming at the problem of 3D human reconstruction in computer vision, an end-to-end net-
work framework is proposed to reconstruct accurate 3D human mesh with texture from a single color
image under the hybrid supervision of 3D and 2D. In this paper, four encoders are used to extract
shape and pose features, texture features, illumination parameters and camera parameters respective-
ly. And the features obtained are sent to the 3D regression module to iteratively infer the parameters
of the 3D human model. Texture parameters are fed into the texture decoder network to obtain texture
maps. The learned human model parameters can be transformed into the 3D human mesh. For the set-
ting of loss function, the difference between the predicted human mesh vertex and the ground truth is
used for 3D supervision. The 2D rendering loss is calculated by predicted camera parameters, illumi-
nation parameters and mapped texture. The 2D joint reprojection loss is calculated by projecting the
3D joints to the 2D joints and then comparing with the ground truth. The discriminator of generative
adversarial network (GAN) is used to make the rendered images more realistic. The qualitative and
quantitative experimental results show that the proposed method achieves comparable performance
with some state-of-the-art 3D human reconstruction methods. Moreover, the reconstructed 3D human
mesh possesses the corresponding texture map according to the input human image.

Key words: 3D human reconstruction; deep learning; skinned multi-person linear (SMPL) model;

W#s B EA:2023-02-20; & E HHA : 2023-03-07

HEEWB: HE B RBEI S I H (62172135) s A8 Tll K 2EAL B GE B3 H (KCSZ2022034) 5 %54 H B 245 K 24 2 F 3 5 %%
W3 H (2020x3jy_zd005)

EE®A IR MA77—) L ZHAA NN SR T R B, 1A il
B 977, B LA N s P EZ R 2E YT 38 (5 /E %  E-mail : hongpeilin@ahtem. edu. cn;
REEPA962—) ) ZERYT A 1L S AR Talb R 08 19 A 5 Ui,



- ATET K 5 FARCH AR

%47 %

shape and pose; texture

0 3

SRR SRR B XK HE AU B Sk
ST T N . ARG b TR JF
BN E UG IR A AR BRE T T AT Y
TR 58 SRS AT I )18 L MO R A0 a1k A TE
B Rl e/ MEL 2 BN RE ff ERUE B 22
S, RO MWTSY SRS B T ) U B
IETWRELY N = CTE N S S TR 7 e e
AEXTZR T . BT HRIE 4RI = 4B
AR SCPEFIOC T Bl ) Y 52 2 M o DB — 4E 5]
(LT YNEN T RNE T M S NHE 15

=Y AT AT Lo SR E AR S
fed 2 Fhorik. LGEMAESEUL T — 2
i IO GRS T AH B A5 R Bk ) B Wi R
7o HAS By 2 B\ 52 . SCHERES Al R 2
AHPLI Kinect f& 8485 2545 09 B4 b k52 s =4k
A SCHR L4 JAR A 2 5 Kinect & 84 [m] I 4514
ARAFHOEE 42 ) —Fh L T4 R O E Y =48 A K
AT, IREERIZE M 28 1) 0 — 2 AR
POt TR RS . — RO AR T AR IE . R
SR E ) N B A MR R R M (B TR R TR
ANZY 2 TG S35 AFFA NI 2 1
R G0 B A AT B 19 DG A B bk
A B RSEAG IR . SCHRES T8 P AL T B AR Y
BRI Z R4 i 2ok — R 51 A 1 4 A2 X A8 T
& = AETOUR AR BR AT 0105 5 SCHRL 6 Jd i 7E B 45
R 28 I 2% (10458 5 R 50 Hh 5 | AL R385 90 AR
O3y ER R I = Y R A,

SRR TGy AN 1 ARLE ] i 24
BRIk AMATEAR b WL AR S E R Al
e 4> JE A LS AN 11 (smart classifier and
pose estimator, SCAPE) #& BIV F152 fz & A 261
(skinned multi-person linear, SMPL) £ #15)  <¢
BRLO I ] SMPL Z: 0l NARARBY , 75 9 25 e i
FHAET PR B 37 10 A 451 2 R B P SR 43 2 Al
=Y RS R AR s SCHRL10 48 sy —Fl R H]
SMPL HEHY {1 22 24+ M) 1 1 5 B 28 1 45 B
A= AEE RN SCERC LT LA i — (e EHR
A TR 280058 2% L 1 /O T 56 3 i 22
AR R PRSI B = A AR 5 SCHER 12 15k FHTR
22 R 25 A S G i  SMIPL AR RUAR Ay i 2%
P ) 2Nk B G AR SR 152 22 vh I A N1

T

SCHRL1-2 2R FH 22 B Be i iR A2 = 4 A4
1 B e Al YRS AL E SR AR X S S A
T =GB SR, R o3 B B ) 7 38 AN
DERY A SCHE s — w2 i Y Aok 0y 58 B
PNCIALESIPNEN e S GRS

SCHRE13 48 Y A= X 4t B 48 (generative ad-
versarial network, GAN), GAN fEE 2. H 31
O M P PR A A TR S T4 AHE B R R
A9 SCRRL 14 s P 00 i 26 ) A o 1) T % PR 1
FLS A BMG B A EEFR AR AR XG 5 SOk
C15 I A B g FI W AT R NGRS RS S
FLAEARE] A =2 AR, X BB AR 2 AR A
HE TR R . ASSCRAH GAN S50 254 2 55 W
B AT RS S ok B B S A BRE 2 TE G R
AT el B S ) SO B RS

A FEETAEWT

D &l —um B AEZ . 5 Z B B s
[v] s P B DA Bk — A PR AT = 2 N A R A%

2) KRGy =4 NARE i 45 R 2 TCBCHEY »
A SO 7 1 =4 R R TEAR LA I N
4k RGB G2 ) RSO

3 Wil = 4E ik . qr R Yk
Ui R AR B BT 2R A AP e B T =4k
AT IR0 2 25 B RS B O A R B &L
A,

1 7 &

A SCUA SR A A I Bty b A i e D)
Z4110H SMPL 00 S5 ) GAN o %4 T 1
SO =G N AR R A%

L1 REELE

AR SEFHESR N 1 o . DAY
HAE RGB B SEIBURAAE SR HIAHAL SO OB IR
PLEIE AR i a4 ORI AL S0 SOAFAIE DG RS
BAERAFIE . T2 R Gt 5 R FH U 25 Res-
Net-501" 5% BRI T2 55 » 75 21 1) BHRFRF 1 3%
A =Yg RIEAB HEWT = 4E A& SMPL B8 2
B0 T SMPL 5280 H 4t = 28 A\ AR 4%, AHAL.
JERE SO gL g A T 4R AR O A
JE VAR AR JZ W 50 AT B B M2 8. H
H, USRI E A SO B 4 I 45, 19 3] 2L
UL



AR LR T RALE 6 ST = AR M A SR E 349

[ R—

Gihh s A A

S S T = S
8 ZIEN HBUR UK EAEN

1 MK EEHIHESE

RSO A = AE L AR G BT = e
P YR L GAN A 4R A fd FH OCTTY A
FERZIUR G TE YR . s S 2 5 45 14
R s AR ST PR 2 85 A6y ] LJON o T 4 o e S0 R =
P NIRTEARFN LA . DU o A SCHE A A T30 Fn )|
SRl B N 2B S A AL S RO B R
AT AR RGB B b [1H A HLS B 26
SR XA A SO e S iz .
1.2 BE4Hmins

W IERT Y FIREN H 98 W R Gk
ABEULOS, D Fom =4 NERIKE . S= (0, K
TR JE M Hoh € R*:Fil pE R 43 B TR 5
BB RS E. SO8EME TE R 2R 7 B
FH HXW UV E, C=(a,e.d) HHEHLELE,
Hr ae [0°,360° ], e [—90°,90°].d € [0,
Foo [ RIF R A AR B S HRE
PELER" fBRiE sRECEBL, B — A AR A 55
FRIERTAHELH R £ S BRI o6 5 R B 45k

ASCETL 4 A A A b S T & 1 AHAL
it 2s E. 0 1A Ca,vay e dD AR 4 ZE 17
s, o e A d 4y F R AHAIL B AP A RN EE B S
Bia, floa, R ITAMBERIKELIR, a =
atan2(a, .a,) . FHRXF 7 Xt5 07 60 M 240 )
DAdiE S A I [0°, 360° ] Hb iy BN i 2 1 [m] 1
]/, H ResNet-50 1E IR g5 4% E. 19 K
26 AT I EURFRHIE B 26 A =4k AR, kA
Wt =2 A& SMPL BiRIZ 5 0 R FIBE R,
HAPK=23 /5. X FLgmisss E 48 3C
AT 38 AT A i T 25 A TR L e e 1R B UV AL
SRS — A 4R SR 5 N A 1) AR 4 A B
QM UV E T, XFHEENE. FRises E H
it —A> 1 H ) AR BRI pR AR R AL

WARG LER Y i=1,2,- N, Hf N

FVNGRFEA BB . =2 AR R 2 I 2
4% E, » DCERLIE R T = 4t AR &

A, = (C,.L..S,.T,)) = E,(I)) (D
Hrp g RIS TINESEGE, 4 DT
1.3 WRES

B = EmE A= (C,L,S. D), fEAHHLI K
CHOGCHABEL T, =48 ARMHE OGS, T) Al LI
PRy "4 . A NRITE Yl B AT R8O -

I, = R(A) = R(C,L,S,T) (2)
Horpro I % B TE G R s R D T RE e s AN
WEARTAIIGRSEL.
1.4 [EV3H SMPL #E S %)

SMPL 5 R1E—Fh S50 AR Y, o] LA
THEE M RS IK s, SMPL R &
— A R, 3 3 2 5T AR B TR R A i
PEATIRAE A AR B AR EE L SR L DA N =
REPEC T ETE ., RS e R HIBAR
) BT o A s LR 10 A REC . %S
B OC R i K =23 A2 LUSAf R B AR X =
Al .. SMPL 5 N=6 980 4~T0 & i
=Rk M0, € RN R 8L 7250 B0,
FRAE I Tie % A B 0 347 1R iz sl 2@ P4 . 1 TR
PEIR G 58 B Ml T A T AR T AR A
1.5 %

AR R L ARG ek Lo,
SHEBIR Lo A BOSPIIRR L3 ASEB5 B

L =xLxp+2ALsp +A13Lg;1n €))
;H\:EP ’Al \AZ \AS %*X{E%’%&o
1.5.1 =—4%Hm%

THERUR Lo S ELBCEIUR LI HITE Y
U Lig e 2 A B

Lop = g 5™ + g Lipere 4
SHERTT N X0, € RCEBR A YESLTT
2 =I(X@.p) &)

Horpr 1T oABIE 5
O TSR FE B R 22 B/ N MR 2
B, BEE T ORWE SR H

K
g = 2D lutx =200 (6

Hrbx e RS AMHEH R R0 €
(0. 1) FoR B EERE KA S il DA 5 m]
B 1, A0 0.,

AR A B G 14 PSR A 8 RGO 4l



30 ATET K 5 FARCH AR

%47 %

MY DRI S S 2 e g 2k
N
L = VI RCEAD =L (D

Horp L N5 RIEMEG E, 8 ECEVECRTE, 1Y
A RC O AT E et BR8] S
=HER PR A RGEA
1.5.2 =Z4Hk

B RG22 2% i — > = 4k N
AR S (O B s R T AR 2 B AR B
) = AEW IR SURAT A SR A RT RE A E B R
/b PIEAR SO A = 4EK -

7lN 7A
Im—NZH% Vil (8)

Horr . Ve RN S A GO0 LAY = 48 AR R
SETH A s VE RN Ry I (14 = 26 R RS T4,
1.5.3 Atk
A S AR OSBRI R DI s A vp 4 A1
P02 i T A 1Y = 2 AR T e T O 30 g AT
8o ASSOBERLR HE BONHT R g SR -
L,.=Ls+Lp €©))
L
Lo =Ep [ (1—D(R(E,(D)))*] (10)
Ly = Ep [ D(R(E,(D))* [+
Ep, [(1—D(D)*] (1D
/EQEF':G( ¢ >$Ei%§;D( * )%ﬁﬂJ%'J%%;Pdasz ﬁ’
Ry LA O3 A AN A R 3 T
2

T B

M

2.1 HIREMITfhiEHR
2.1.1 #¥EHE

A3 A UP-3D £da 46 F1 THuman %4
VAT B A R S R S
7E UP-3D #dfa . il 17 8 000 2% 1t
AL E 1 5K RGB G XF B 1) 5615 RS2
SMPL 2%, THuman EtHEEERAAE 7 000 4L
Il BB 7 2 NEHE, I ghrb il i 1 e
4 000 E I, K294 3+ 1 43I ZRER A
.
2.1.2 HAERAR

T2 5 VE Al B {3 T0 1R 22 - ¥ A
(mean per vertex error, mPVEM/E RN —TEM 5
i = =R [ b W = el 219 B R
#f1 (Chamfer) Fi g 11 0 55 — PP s of  FH R )
T RS AR TN B S AT (P, Po) [A] AR AL 3 X
mr:

d(‘hamfer(Pl ’PZ) - # Z min || P —

a ‘ Pl |‘{,]ep1 p,EP,
pelletppy 2 min el
(12>

I Ah . = 4E AR R B AL 48 Ar FID
(fréchet inception distance) ") ¥ 4l V& Yt [ 14,
FID 55 30 52 1) i A PSR A= i i) T e MR AE
FEAE 2 (] Y R 2, FID i 881K = 0k 35 1R ) Jo
R . A SO 07 ~360° 4 307 — A [H] F i HL
A FID 19 F B {EH . X 3 4> PFEAh 48 pr S E
BN TR 25 RO

TN SCHRCT9 TR R o 1 Y 8 B AN A 58 4 S ke
JUAey B A ) S o, G ST ) B N 2
AR SR L e B3O R AR B2
2.2 XWFE

AR ) 2% S fdE ] Pytorch S2BLAY . JEAR T
P 2% 114 T 45 i B 45 f FH 7 TmageNet ™ | Tl 25
) ResNet-50 #8Y , 7RIk h . NIE AR BIA% A
N=6 980 ~Th 15 F1 13 776 i » iy A R 19 73
BNy 128128, AL B =0. 5.8 =0. 999
(1) Adam L%, AL FE R /N E N 16,4 2] 3
BIRAE R 1X1071, 2 > SR 2R g i ] 4 52 0B
K, AN Gt #— 3k 500 4> epoch,
20 > epoch AT — UM, A SC 28 HE ZE i)
—HHBHE N1 =1, =1,1,=0. 000 1,
m=1.m=0.1,
2.3 EWERRILE
2.3.1 mE4R

A SCE B A R DL 1 s, AU ]
mPVE Hl Chamfer 1f 4 B f AR . 45 1 R 4% [0l 15
(convolutional mesh regression, CMR) J5 P 1
AR A LA R R Y . 5 CMR 1%k
PR BT s B S AN % B 4 Chuman mesh
recovery, HMR) 77 30 f1 SMPLify-X"Y ; i J5
2 MR8 AR T Chierarchical mesh deformation,
HMD) J5 %, CMR ) 32 S 807 . e A
FHEGB T A TS T2 TE 8 45 R AN S
BRI — 2 B TR AR TR A AR R T A O
T AT BB 2 H AT S A SSCRAS R IR . 1T
i ] SMPL BRI Z B0 T AEATAT 1% 00 B 4
S 1A VAR T B NAR LT 2548 . o B4 Rk
B AT AT HMR, SMPLify-X, HMD 3 Ff
SRAITER . XFEORY 4 FRFIT 45 R A T CHk
[5,15,21-22],



% 3 7R

M, R T EALE 0 S = e AR A AR E 351

x1 SRBAENEELER

ViR mPVE Chamfer ffi 55
HMD 0. 349 0. 336
SMPLify-X 0. 269 0.178
HMR 0. 242 0.211
CMR 0.173 0. 155
A3 0.179 0. 167

2.3.2 MR

BUHISARANRE S 42 S W EE g o i [N Oy — 28
HAT RIFEUEAR b B A5 RAE 0 EIFAS A
T T LATE 55 HA 7 3k PR AN E 2 AR
BE A R i H20E B RO . (e UP-
3D Bl fe b A SOy i A Y = A AR R
B 287 18 2a 18 2b w2 1 5RO E A BN
55 2 337 BUG LA I 2 10 i ) =2 A
#3253 B R HAL A A WA B Y T A 1) = 4 A
PRIHS 5 57 4 5 Fomal SO =4 N AT 2
LA S ASOTEAMUBE N RGB ER E i =4
NARBTEAR AN L 11 HLRER P AR RGB 1%
et NN LN (ofeet oy DR N Ly e 1)
(RPN NIV S INE 2 Clap PR DN Y )
TUE AOGH I SE R o

B2 AXFENTRULER

HMR J57% . CMR J5i% . CMR SEf 2 5fk
TIERARTOT 2 0 VE LB 18] 3 s, ol LA
MBE L EWE =4 AR AR 22 5. |3
WA TAT A EIG 5 2.58 3 472 HMR J5
TEE A ROAR N A A B A A A5 2R 5 450 5 47
J& CMR ik Bt =45 0 58 6.5 7 1742
CMR SEAR SR TR T R 1) =445 5 5 8~
55 10 A7 A ST 5 A A = 4SS RO — eSO
JErs. mE 3 M5 1.5 2 5] LA . CMR JE
ST — A Bl RIS A7 B G0 o H
AR/ L CMR J v o A ) 45 51 T RE i BE A A
FRERBEA s BAR HMR J5 %A CMR ZE iy 2
WA 7 i n] AT = 4R AR (SN IE 8 s T AR

SO AT B TE 6 = 4 AR R S 2 8
] AMRGCRE, K 3 RS 3 BT LIE LA
ORI RS & B AR T R Hofth 3 Fh
5 1 T A A I I 23 A RS TE A o LAt AL £ A 7T A
ik, & 355 4 1 HMR Jrik i A RBRF A
G APVGARRESS XLk, MR 3 55 5,26 6 4
CMR J7 7 i) LA A A P A N AAR TR 38 T 2% 38
ESEOTT B 5 — A il o5 B EE A B RO 2 AR
e .

SRR, BAR CMR HEZ 8016 07 ¥ 10 50l
ZERTAT ARMSE SR B A RE AR, HiX )y
A E s AR SO R E /NS A =M 2
AR AP HA 545 T), ILAME 45 A
RIS

B3 AXS5HEMAERHEELER

2.4 HEAXI®

AT AT Rl S5 T R AN [ 45 2R T (4
Yo = Ly | RS BRI | 4
2 Lip 1 GAN $25% Lyo) TEAS SC IR 25 2540 v 1) T
BV, JHAENSEIR AR E WL 2 Ty, 3R 2 R
TEVREAR IR E IR A« " RNz Ak
R B AT, AR R 2 BRI, 7RI



- ATET K 5 FARCH AR

%47 %

£ EAF# KA E K mPVE, Chamfer 5 F1
FID B45 R 0L35 3 gl . THmlse g iy n) Ak 45
TNE 4 frzs B 4 e 1 A7 Jo8 S Y A K]
55 2~55 TATRIN R 2 Fik 3 the & 1~ A
6 AN A G BT AL A R

R2 OHMXBRE

44 Lyttt Lpe Lip L™ L
1 N
2 N NG
3 Vv NG
4 N NG
5 NG N/ i
6 N J N N

R3 TRBMKIEEGHHBMAR

PRA A mPVE Chamfer if & FID
1 0.190 0. 233 161. 8
2 0.199 0. 237 56.9
3 0. 766 0.113 137.0
4 0.476 0. 279 86. 4
5 0.181 0.184 55.9
6 0.179 0.167 54.3
TEIRRL L B e 05 18 =R B, TR

DRI 2-JERE A0 % ok B 3 I = 44 5/
HIE G RAR AR (ILER 3 R H G D) s M RCR
W 4 565 2 47 FUR =4 B . SO IR  AH AL
AW BA PAEFAETT . HE N b T —4EE et

p

e
~am.

<

Oy ==

AR
LR A
I

TG
. O ~wp P ~ah.
my
= T, 3T, S, S

E3]

3 # i

AR E ol 381) i ) O 245 AEE L L 7 — 445

e W YL R 1) FID 84 A B &R . (2 &
SYEFT R IR ZE MM R (LR 3 A 2); K 4
o 3 AT UL AR I A IR ) = 4B PR
DM, TR 29550 Chamfer BE 25 7E
SHEBRTIRCR K 3 A 3 4R E
27580 i, Chamfer #5 2, Chamfer [ 25 2 48 &
A B R L S R R T A T A i T A ) X
lia] B 25 () 2 (E, X B Chamfer B 25 B 5 AR,
1 mPVE F1 FID #8144 56 4 17
AR I Sk 5B 0 2 Hh AR 15 O, 35 2 R
TERFAE 1035 A0 19 5 T TR A 05 3 4R 1Y) IX 3,
Chamfer B B§7E Rt 25 2 7318 SR 5 2% Je /M 3
NTEARFNGE A . 25 8 = 4E B Y
T 00 O 4T G4 2R A — A A O T 2k
b= RN i 17 A 7 7 1 751 S < T N
M 2 AR 22 (R 3 4G s BN 4 55 5 47
WAl LUE g g R kD NI IG SO0, R4S
I~HG 4 G 2 g dabnidit, A SR
ZORPE T YER 4IRS B R O R O H =4
PR 2508k, (Hl TIRAARMZEE S5 A
BR8] 4 55 147) I 24— 30 22 lm B =
e ERGEAR (IR 3 A5 5 T AT br#p
dE— DU . S IS AR O BT 2K L I A AR AR
KB (L3 3 A 6) . ISRt A ik 3
(LK 426 717

g -

—

e, g
o
0
e
=

S
—mj.

=D

Ay =R

-

=T —40-
k-

—a-

-

=¥

: =qiDo
e

=g
WP B e

7-‘;‘-0
C 2 U

BEETRRAHHMARERNATRLER

K THEE PR CAER T EBOE R A GAN
BRI S W T A 4 A7 W48 R R By
FAHLS RO B R B 1 00 T » n] DL it fy



34 FR

B AT RALE 6 W ST = AR M A SR E

353

SUMUE R RS HE =4 RS . AR )R 2 T AR,
BRRIEWRA 4B 00 A H
AR S UER 1) = HE AR KA

[1]

(2]

(3]

(4]

(5]

(6]

7]

(8]

(9]

[10]

[11]

[12]

(& % X Wkl

BOGO F, KANAZAWA A, LASSNER C, et al. Keep it
SMPL: automatic estimation of 3D human pose and shape
from a single image[ C//European Conference on Comput-
er Vision. Switzerland: Springer, 2016:561-578.
LASSNER C, ROMERO ], KIEFEL M, et al. Unite the
people: closing the loop between 3D and 2D human repre-
sentations[ C|//IEEE Conference on Computer Vision and
Pattern Recognition. Boston: IEEE, 2017.:4704-4713.
JRIEE VAT, B 4. (A Kineet Pjg d =4 LT ],
AU B BB 2724, 2013, 25(6) : 873-879.
INE 5 BUK R BR 4. SR T 2 R EHE BRI A
& RGB-D $ifls =i gt [J 1. 7H3 MU B it 5 BB 22 2%
#2.2019,31(9) :1467-1476.
KOLOTOUROS N,PAVLAKOS G, DANIILIDIS K. Conv-
olutional mesh regression for single-image human shape re-
construction| C]//IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition. Long Beach: IEEE, 2019.
4496-4505.
LIN K,WANG L,JIN Y,et al. Learning nonparametric hu-
man mesh reconstruction from a single image without
ground truth meshes[ C]//IEEE International Conference
on Image Processing. Anchorage: IEEE, 2021 ;964-968.
ANGUELOV D, SRINIVASAN P, KOLLER D, et al
SCAPE: shape completion and animation of people[ ] ]. ACM
Transactions on Graphics, 2005,24(3) :408-416.
LOPER M, MAHMOOD N, ROMERO ], et al. SMPL: a
skinned multi-person linear model[ ] ]. ACM Transactions
on Graphic,2015,34(6) ;248.
JIANG W, KOLOTOUROS N, PAVLAKOS G, et al. Co-
herent reconstruction of multiple humans from a single im-
age[ C]//IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Seattle: IEEE,2020.5578-5587.
BEEALET IR, R 2P+ MEAG BN 2 (1 7] B
SHEEE AR E AL ] R YL B 5 ETE A2
2022,34(12):1899-1910.
VFSERI, ZE 640 , [ . B LeNet-5 MBAGK 25 34 G F
SR LT W0 K 2 2 4R (D2 R0 » 2021, 55 (1)
153-161.
MADADI M. BERTICHE H, ESCALERA S. SMPLR: deep

learning based SMPL reverse for 3D human pose and shape re-

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

covery[ ] . Pattern Recognition; The Journal of the Pattern
Recognition Society,2020(106) ; 106.

GOODFELLOW I, POUGET-ABADIE J, MIRZA M, et al.
Generative adversarial nets| C]//27th International Conference
on Neural Information Processing Systems. Cambridge: ACM,
2014.:2672-2680.

HU T,WANG L, XU X, et al. Self-supervised 3D mesh re-
construction from single images[ C|//IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition. Nash-
ville: IEEE, 2021:5998-6007.

KANAZAWA A,BLACK M,JACOBS D, et al. End-to-end
recovery of human shape and pose[ C]//IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition. Salt
Lake City:IEEE,2018.7122-7131.

HE K,ZHANG X,REN S, et al. Deep residual learning for
image recognition] C]//IEEE Conference on Computer Vi-
sion and Pattern Recognition. Las Vegas: IEEE, 2016.
770-778.

ZHENG Z,TAO Y,WEI Y, et al. DeepHuman: 3D human
reconstruction from a single image[ C]//IEEE/CVF Inter-
national Conference on Computer Vision. Seoul: IEEE,
2019.7738-7748.

HEUSEL M,RAMSAUER H,UNTERTHINER T,et al.
GAN:Ss trained by a two time-scale update rule converge to
a local Nash equilibrium[ C]//31st International Confer-
ence on Neural Information Processing Systems. New
York: ACM, 2017 6629-6640.

WANG N,ZHANG Y, LI Z, et al. Pixel2Mesh: 3D mesh
model generation via image guided deformation[ ] ]. IEEE
Transactions on Pattern Analysis and Machine Intelli-
gence,2020,43:3600-3613.

JIA D,WEI D,SOCHER R, et al. ImageNet: a large-scale
hierarchical image database [ C]//IEEE Conference on
Computer Vision and Pattern Recognition. Miami: IEEE,
2009.248-255.

PAVLAKOS G,CHOUTAS V,GHORBANI N, et al. Ex-
pressive body capture: 3D hands, face, and body from a
single image [ C]//IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Long Beach: IEEE, 2019.
10967-10977.

ZHU H, ZUO X, WANG S, et al. Detailed human shape
estimation from a single image by hierarchical mesh de-
formation[ C]//IEEE Conference on Computer Vision and
Pattern Recognition. Long Beach:IEEE, 2019 .4491-4500.

(BHfEamE R



