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Abstract

Human pose estimation is an important research area in computer vision. It remains a big challenge
to perform 3D human pose estimation with high accuracy and robustness under the interference of
such factors as complex background, lighting changes and occlusion. The paper proposed a deep
learning-based 3D human pose estimation algorithm featuring a graph attention temporal convolu-
tional network, which is constructed utilizing the connectivity and symmetry of human skeletal
nodes. The network is capable to make full use of spatiotemporal information in monocular videos to
interpret changes in human pose over time. Experiments show that the proposed algorithm improves
prediction accuracy by about 14.9% compared to traditional methods on the Human3.6M dataset.
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1. 51§

2D ARl TE E FIVE AR ST /E 4P LA BERELL LR, 1M 3D MRS TR TE =
Y% B R E NI AR . HAT 2D AR TSI 7t D m e, H AR B2 A
RS RTIAERE B PE . ST RIS etk EEA B m K HE. M 3D NARZEASAS T I 5
Z kAR, S EUGAU R =R I 435, B S BZIREEE . AT 1 g548H T 2D
LTI 3D AT 55 AFLE BT e R[] R

(1) A& € o] @ (111-Posed Problem), RI—AN 4EZ 25 T] BEXS RLAS A I = 4E 234

(2) Y7 A @(111-Conditioned Problem), R 7 & Aol i sk, — NS R 19 4B I iAo K Re ) —
S A ERA 5
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HNRSEAT R AR A TR0, DR AT 3 I R AR R A A R A SIS A N R AR, X AR F|
SLAE PN Bz AP RE

N T FERANE SE 08, AR SCGI Y 5K 5 S AR HCR I G I 5 B o 35k 7 5 AR DU 5
2D BAERMEE L. IHE., . RIS HHRE, e RAE B MBI ERE /), I e
b N il 5 N I A

N T RIS AR, AR SCBETE T AN RN I FE R BRG] R R B2 1 B A AR 5 ML BSR4 45 % ]
EE o BRI A B B U (R R RO IR OC R AR b, BN 40l R S G 8, 4%
BT SRR R G BT R A, JERIR ST g 2 [ X KT B fEE, DI in AR (S
B iRz B

BT UL RPN, ARSCHIEE T P TR 5 1) =4 AR ST R BRI B RN
£8(GA-TCN), ZFVERIGHEE S TR 258, MM T 265 E It aER I

2. ExIE

H AT =4 NARZAS AT TH 220 5007 A P

(1) ETEEN=FNBREMTT

Newell [2]$2H T — ML 458), RN “Stacked Hourglass Networks” o 1% %% HH % 4> hourglass
PEHRL R, &4 hourglass B Z NG E A E S B AR, DA R REERIRHME. thah, %077
AE 7 — M B S (R S, R LA AR 22 R 4 A5 F O AU AZ I 0] . Chen [3]55 AR T — Ak
TR RN E G T7 . 207K o ARG S A RO RS, AN LAl )
R — FR A R A [ ]
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Gt E. AT 2D BEHE, BTFEkrES. SalM AR ARSR RN WM, 220/ 3D %
BWESEHAR, HBRGE AR 4] N TARMANBESMEE, HEEETENBG IR H
Mo BN NRESMBE SR K, MiZ I EEZRRHE T NS 87—k @ (RS MELS, Hi
TEHTIMAEE Fo] SRR IAEE

(2) ETF 2D-to-3D I BINEES:

T H T 2D NS ER IR =, M 2D AL H R HERT 3D AALZS By —FiiiT i
3D AREEM RIS R B, (EHIEN 2D ARESMTHEEADRAN T 2D B#H. RETES
“HrBUE 2D F 3D 2713548 3D K&

BEAh, Chen [5155 NIRH T —Fh M BT LG, iR THRTF - B - TR a i R
PERRFHREE, BA U E SRk . AEEWRE — NS IRABEIN =452, S pELei s
B Ia, 19300 4B A T A S 4R AW ATIE I N o ANV A8 DAAS [|] 10 #f B2 305 = 4 i 5845
B LA, S EHIRTE 0 =4 E B ROZR AR o X R] AE A bR e B B L T B
Y NS AT IR

BE4 741 )75 (RNNL LSTM. Transformer 55)#F 7T, A0 7038 S5l AASIUT 51k 1l 3D %
A . Hossain 1 Little [6]42 H 1 —Fh s F B A PREEESE K5 BIHCIZ(LSTM) ST R IR s 2 i 2%, LA
N T B S TR S AT 7 VR R 7 B0 21 7 00 X 28 R )t 25 A SR T ek ] — 207D 3D 845
B2 Z BT TAEEH 20 1 28 8] 20 ORI () M SC M 2 1B (0 AN, 36T B Pavllo [7]5 A2 T —Ffm]
ookt L, T AGELER 2D AT 2D SesE A B 3D B4

BT NREATT LR R — A, H e 2 m, B, EIGBHNL(GCNs) [8] T H T
2D~3D ZAGETF A, HEN H RAFIITERE . Ci [9)55 et T —Fi = #8318 9 2% (Local Connected Network,
LCN), ‘EHMHAEEM 2 GCN Skgwmht fm & 4RI B 1 5¢ &2 . LCN A LLoe Ik GCN AUE L7 %
XS AT B RN B ST BRI, DA S S R Bt = S HE 1 SOV RUR I RGP . Zhao [10]558 A7
R7 GCN BT 15 1A AR R o8 F L RO B ) SR BRI o DR T IETE B B G &R, 48 H 7 —FiiE L
GCN Hi%, & X EHEF(SemGConv)#AE M T % J A H@ENE . HT SemGConv FIE R HRE & X
(19, AT DA SR A I 53R R R A R R R .
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Figure 1. Framework for 3D pose recognition algorithm
1. 3D E7SIRH BIEHESE

DOI: 10.12677/airr.2023.122017 145 PNER ST IR YN


https://doi.org/10.12677/airr.2023.122017

ARSI 3D LA EERL S ARHES WA 1 Fos, B Rk T BER R s R R et TR
PR, B 1 L LR, BRI FUE R AT 2D LT, SRS AAR R Ak
WRFFIER T35 3D LA TR AWl 1 RAE TR, SR ARSI I R R 85K
I FPE AR 2% (GA-TCN)R 2D L3552 08 3D L4, fnth AMA=ZEfas s br . NGB, Wik 14
EITRR, B AR =Y AR B T AR, R AR SR SE . GA-TCN M4 (2401 2k
GA-TCN 2% (KRR A5 A AT ER IR 453
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XA 2(a) s 4B ARG, BIUnEHRE Z, RAE GG A0 4 I 28 it o6k H A7 R AE g B 5 35
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Figure 2. Periodical 2D grids and non-periodical 3D grids
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Figure 3. (a) Representation of the adjacency matrix 4 as a heatmap; (b) Representation of the

symmetric matrix 4 as a heatmap
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KRB ebRic, mTCMRIE 207G B B 5, 087 Rl 0UH — 268800, e — R EERUE
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PRI G SCBIN AR S RAR DRI, N T 1 N A B X R 4 4 1) B A R AR R R A,

X RBUM 2D TSN, AR OR 408 SN RR NSRBI T, 1 —4
Tl EER R R, P RTRT A, R ZRREERE . AR SCHT Zhao [10]52 H ) SemGCN #4i& 4
SE BT AR B R UE SR, KB B 2D RS TE SN graphG =(V, E), b V& N AN SR E S50 1)
Bl WX = x, 0, x| 3 e RO RS CAMBER S8 s, EAH C=2, B4
F O 4B R (K AR (o, ) e BRI SEATT LA — B 4R RS A e RYY FOR1T )5 Z IR AR 1L I 42,
FABRAL IR | o8 HiEHE, A =(A+1) FOREARBIERE PR IN A ERAE . 40858 1R M AURHE, 8
LAN GRS 215 222 1 AR AR U R s

X = p(Moa)xw (1)

Hrpw e RO R — AN [ A6 782 ST ARG, F T il , M e RMY R —ANr] % ST (i
Fe, O RILEIFBH, p &> Softmax IELNEFAH AL MG U IVRHE I — AL 20 1] oA B AR
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Figure 4. Graph attention mechanism module
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2t AR IS N P B B — B AT AR B S, SN TN R B AE B AR FRAE
Ja Bt DA g T TN PP AR AR (R 482 .

4.2. KB FFER

NS, AL HIRE— S A — I ZI AT RETCEAE IR L, Blngaiss, Hi
FER — I ZIESS AT REVH 2% o HA)TRUL,  HE— DR RSN R (I TR G, wT DA 2008 I A M8 254 1
MIHERATEAT S BEE . LA LTI T — A58 2 i B N B A R 22 (3 5K I e B AR 4%, e DA
RSP LB S 2D L3RI, A EEE 3D NMELEFH. ¥ ik P ERM BaTFE
PLri, BIBATT BLSE A RNN [7]JC3E A (8] EBEAT HAT ALACER A SRt F-dn HL et AN N 2 R PR E B 42
HARBEREE, AZFPIIKEERN, 7T LA R R0 RNN [T AR L 8, [t
X T IR OB B ), IXAE 3D LA THE S T AR A AL

Figure 5. Graph Attention Mechanism Module
5. 3 KBS PR B R 48 i D EE A

PRI P AR R DA AL 5 FoR. IRAEH AP RIMSIER KRR, HE MR IRNKANTAH
M 4ERHERSNT ) X' e R, DLECERE, BRUSH F @ Xk

F=(xx, )= f ()%, 4 3)

Hof d 2P KT, kBB, s — di Fonid LK RIT 1 §5KEVER 2 TSR N E G E 2
Ko Hd=10, FiKREPRUAFIER. (R RIY KRS TUZ 10 e AQ3R RV B AR,
MITTAT B g™ Fe 2 AU (BT, A7 T B ECSE AR 1] ] P B T AR G

5. KRERS D
5.1. BUEKEESITHIERR

AL R A H R 2 B E N AL S EHE S Human3.6M [12]. 28RS K 4 DAFER
RN 11 BEE 6 5 5 OESNHHTI 17 TUSsh(Emm . A, FTHE), s 360 /14
3D A%, DR BT hRic 7l MoCap R Gufii 3k 3D MU SEALIERE, WT[RIERT 3REX 24 A G507
I Szid = 4EAlbn . ASCEFILH S1. S5, S6 At S7 ARG REAT IR, fiH SO A1 S11 HE&3E47
SEEGRT GA-TCN By o {3 s TSR 5K I PP B o3 Sl gk 4T 7 VMRS Se,  YIgRid #2418 H PyTorch
HEZRSEELAE ST VR IR AT IR 500 %FF Human3.6M, {# FHLE A/ b = 128 1) Amsgrad #4711
b, FEYIZR 50 > epoch. 2% 2] 2 M 0.001 FF46, S8 J5 TEBEA™ epoch H B HH % 2 Wi 4 Rl o = 0.95 . 54> dropout
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E¥ R E R 0.05,
AR R P27 mALE 1R % [13] (Mean Per Joint Position Error, MPIPE)FIbR{EAL P12 T A B iR %
[14] (Normalized Mean Per Joint Position Error, NMPJPE)/E 5 T i PN 8 bR KR L AUR . Hish MPIPE
TS A T
1 N
MPJPE = —
N

i

-] @
Arf N FRRAMIEL, JRFFAE, Xij RomE AR A ST RS S AR, X, R
IR A SR AN ST TN = 4R AR

NMPJPE id v 5 I 5 5 7 B 5 1S 975 r B2 1] 1) DR PR 2 o i B S0k i ERA M, x4 Rk
AT ARAEAL L FEAS [F) N AR (R A AN g e . BAR TS A T

NMPJPE = NZ Z”X’J X, j| )

Horp S 2 MRERR T, EF RS IRATHRK B BN N0 M 2K
5.2. SKERSTE
FE S5 P AR SOR AR Y 2 AR AF A S G L 0 il i 1 AN 2 s o

Table 1. Hardware equipment configuration

* 1. EHRERE

TR 22 24
bisdiE Intel(R) Core(TM) i7-6700K CPU @ 4.00 GHz
WA= 16 GB
BAERG Windows 10 £ILAR 64 47
GPU NVIDIA GeForce RTX 1060
TAF 6 GB

Table 2. Software equipment configuration

=2 RHRERE

LK BAFRRA
Python Python 3.7.13

Anaconda Conda 22.9.0
CUDA V11.4.100
Pytorch 1.12.0

SO U T RS PO BT BOR . AESEIRIE Al th A SC L VideoPose3D 2 i Tl 5
RUONHENR, RN 1 AR R AT, R e B AR o g — e 27 it MR AR I Rt 72
IS IESRARZ WA 4 Fron, OB R SN EER U SR, B LB BRI
HEIRER . A& 4 Ara] DAWTE A AR SN TR B 1 Ja R ORI 3R T
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Figure 6. (top) Changes in loss during the training process; (middle) comparison of MPJPE; (bottom) comparison
of NMPJPE
6. (L) INZiZF2F#HskTL; (F) MPIPE ¥ftt; (T) NMPIPE Xjtt

Kl 6 Ui B AR SCHE H BORBE A 23 A I PP OB SR G N A L, Bk ek il 2 I B T R . AERT
AP RN T8 N3, 3, 3, 3] T, P MPIPE N 25.11 mm, Mt T =28 B F1[3, 3, 3] 28.30
mm KT 12.7%, HETPET RBE T3, 3]/ 36.46 mm FE{K T 31.1%. XIEBESBR S KA LA
b IIRE SRR B R S e A A R R R PR RE
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Figure 7. The decreasing curve of the loss function on the training set, validation set, and test set under
different expansion factors

7 NEW REFTUZE. IIESFNIR EAVIRK R T L

K 7 3k —P g W T gl NEEE IV R R RAE & E BRI ZERI(E S GA-TCN, T =27, without
GA AT A GBI NEREZ I, WUy 27 MRS, i 5 2 84T 5 NEEE L], (H0E
AF). MFE 3l LLEH, AL 3D LA LG AT 10 17), ASCIR H IR S FhaifE LR
R ZEVIH BT N %

Table 3. Comparison of MPJPE among different models on various action validation sets

3. FRBAEREFNERIESEHHI MPIPE 3fEE

B 2 O K S R T (=1 4/ - 6 < - N 1 I B o S

Pavlakos et al. CVPR’17 66.7  69.1 72 71 683 837 965 717 658 591 719
Tekin et al. ICCV’17 602 612 794 783 8l.6 70.1 107 693 703 51.8 69.7
Martinez et al. ICCV’17 58.1 59 69.5 784 58.1 74 94.6 623 59.1 495 629
Sun et al. [CCV’17 542 543 618 672 536 71.7 867 615 534 471 59.1
Fang et al. AAAT’18 57 571 66.6 733 557 728 88.6 603 577 475 604
Pavlakos et al. CVPR’18 544 52 594 653 529 658 T71.1 56.6 529 447 56.2
Yang et al CVPR’18 50.4 57 62.1 654 527 692 8.2 574 584 60.1 58.6
Luvizon et al. CVPR’18 476 505 518 603 51.7 615 709 537 489 444 532
Hossain & Little ECCV’18 572 552 63.1 72,6 517 66.1 809 59 573 46.6 583
Lee etal. ECCV’18 478 526 50.1 75 43 558 739 541 556 433 528
GA —TCN, T =27, without GA 49 51.8 53.6 614 474 593 674 524 495 395 527
GA -TCN, T=27,CPN 45 475 507 569 45 583 653 49.1 458 36.1 49.6

GA -TCN, T=91,CPN 432 461 492 565 438 567 648 478 445 334 482
GA —TCN, T =105, CPN 429 461 483 573 446 567 655 474 449 335 483
GA —TCN, T =125, CPN 432 455 492 567 435 564 654 473 441 334 481

GA -TCN, T=125,GT 343 396 38,6 447 394 44 46.8 38.7 427 389 41.1

DOI: 10.12677/airr.2023.122017 151 PNER ST IR YN


https://doi.org/10.12677/airr.2023.122017

I SEG A5 BT LTI AR I, fESINBER YR Z JG, BRI R iR ZE N
49.6 mm, AT 5.8%. YRR TFEE N = Z MR, BN SR DIE, SRR
2w T B Fodr(s, 5, STAA[3, 5, 7] 4 il 125 WA 105 i, AHLEGT[3, 3, 311 27 WA H K
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RV AR P35 R 22 PRI 11.5% 30 0F 1 BV R IHLH A 80 o SEB0 IR BH A SR 2 A N A = 4 254k
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Figure 8. Model detection results
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