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Human pose estimation based on graph structure guidance and

location information enhancement

GUAN Xin,ZHOU Zi-jian, LI Qiang
(School of Microelectronics, Tianjin University, Tianjin 300072, China)

Abstract: The high degree of freedom of human limbs often constitutes complex poses in which the key
points are prone to occluded, and locating the occluded key points is one of the difficulties in human pose
estimation. To this end, this paper proposed a method with a guided graph structure and enhanced key
points location information. The method incorporates a location information enhancement module in the
HRNet, which can improve the representation of the spatial location information of visible key points. A
visual graph neural module is integrated into backbone network to extract relevant features containing key
points and exploit the local and global topological connectivity relationships between key points in pixel

coordinate space to infer the location information of the occluded key points. Finally, a heatmap
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aggregation unit and a semantic graph convolutional network are employed to update the affinity weights

between key points in the semantic space, which can represent the topological dependencies between key

points under the constraints of the skeleton structure and further optimize the estimation of the occluded key

points. The proposed model achieves an average accuracy of 78.1% on the COCO2017 test set, and can

accurately estimate the occluded key points prone to occlusion in complex poses.

Key words: computer vision; human pose estimation; key points; graph convolution
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MK 4E test-dev2017 625 20 000 3Kk Bl % . A2 56
kM train2017 #E 47 I 25 , 78 val2017 b 56 ik 1 3
fEATHY | 125 1 test—dev2017 A3 45

H 5 5 8 55 A1 L (Object keypoint similari-
ty, OKS ) F 1 1t 500 OG5 A5 5 b i L 22 0] 1Y)
AU A 2R

}é‘(v,>0)

2.,0(v.>0)
P e d, R DGR A TIN5 A v B 2 [A] B K
QR B 5 o RUBE A 7, AR R PR 0 A 1 A 1Y
TR sk A G AR — BT
v, €00, 1, 2) M5 i A BT AP WL, Hop o0k
RARIC A CHE B, 1o JC I P BRI DGR AL 2 R
A TP FRIC G AT 5 0 () KB v R A, il R A%
PRI S 1, A 48 A5 bR 7 A G B R

B E B T,, 24 OKS > T, £ /R % B i T #
B FUI 45 R OE 0 . F X985 B2 (Average precision,
AP)YE R COCO2017 B i 4 b 0T 48 b , & 45
16 AR OKS B {8 T.€[0.5:0.05:0.95] F B 15
()7 B {8 5 AP F1 AP 43 5146 T, 0.5 11 0. 75
kX 7 ARG B - APM AP R AR 45 B0 4 RS
A 17 AR5 A2 (35 A , APM T 1 B 327~967,
AP"HI TR =>96%, - H [l # (Average recall,
AR) J A IR bR  THAS AT AP 261
3.2 EWiEE

A SC S Ad B #RAE &R 48N 64 4 Ubuntu
16. 04, Ik 55 %% BC & A1 45 Intel CPU Core 19-9900X
@ 3.5GHz.GPU Nvidia RTX2080Ti(11 GB) X

PCKmean - ( 17)

dZ

OKS = (18)

4, % F PyTorch iR 2% 2 HEZR

S G T A FR Y B DL 40 3 0 T ik E A
R DU AEE | DA B A o K B AR TGS BE AT 6T R
RS e % . MPTI R 48 RO % o 256 X 256,
COCO2017 % ds 4 RT I #  256 X 192 Fi 384 X
288, {EE I 5 b, MPTT SR S5 AU 35 BE WL 42
T | B BILE F5 - 30° 1 B BIL 46 i £ 0. 25 H
COCO2017 5 45 A 45 B ML A2 A7 B L BE L IE 5%
45 FBEALSE ik +0. 35 LB . 3=+ M 4% HRNet
A W32 WA WA A , B AR e Kok HE
SRR GE R . HAU fay 9 OC B R0 R 2 B2 M
WRE A 128, S5 A B KRR B A ) 45090 45 1%
16817, Y2 ad B2 ] Adam f Ak % , B R 1Y
et 2E 2 2R 2R 0,001, 43 S AE 2 170 F1 200 %6 B LA
0. 11y He ol R AR 2% > 6 B — 3Rl 25 230 %% .
3.3 BERSW

R TS UE AR SC R A RUME L AR AE AN TR L
GRS BURTEN S v TR a8 R Y= A
ARSI 28 55 AR S A Ak T 28l 32 3 T 4% R A T X
Fb , f5e Je XAk 4t SR AT T R Ak
3.3.1 MM

AR T Ak — R B TH Rl S0 6 AR S ) 2% A AR Y
A PE BT IR . LA HRNetW 32 A Jy JE fil 455
#I Baseline # 17 52 % 43 7 o BT 42 4 59 LIEM .
VGNM ,SGCN Fl HAU R K 5] A FEfili A5 AL, 4351
TE MPITFI COCO2017 £ 4l £ 71 X oA [m] 19 2% i
BRI IEAE R X g R gk 1SR 2 i

16 MPTLEUHE 4 7 DL PCK SE S A 9 BF 45
bro M FE 10 G0, 7F Baseline 19 3 fif | 5] A
LIEM, #5875 3K 5 i 5% R 30 O St o i) 19 0 45
SA FTHRE T, B ARG B m A R B A, At O B A
K B2 R B ADRS B2 S E 47 7E 90. 300, X 3R
HH A b Bl 7 1o ik ST G 5 SR Ak T KT S AR G AT 1Y
FEALRE ST, {EASUAE A b Al 5 1) iR Ak OGS SRR AIE 19
FAEKE B, T8N 2 DA K AR iy 458 8 1Y) A R G
L. A, MPITECHE 5 AF A & 8/, filt A
LIEM J5 BB /NI B ERCR A B . i —
HHI A VGNM G, T A B sURS BE B A [a] i 52
Tt H e R R i 4 T Y S A AR -
BIEHETE 2 90. 496, 3¢ B 2 [ 2 FE 40 40 45 1) 2% >
AT DA 2 KT 30 i S 0 0 P ) S B A 7 D Sl
L R MLP X 9 45 4t 18 2 JA 2R A7 4 3 o
3t 51 A SGCN, K B 7 2 B 35 %) 90. 5%, Horp
S T 8 RIS SR 0 T RG B A5 B 4 T A A A5
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F1 FEMPHKIEEL E PCKhFE{ER 0.5HAEMEREEH LIRS R
Table 1 Experimental results for different network configurations with a PCKh threshold of 0.5

on MPII validation set %

Baseline  LIEM ~ VGNM  SGCN  HAUSGCN ki JH#  JH8 mds B Bs BB F¥E
N, 97.1  95.9 90.3 86.4  89.1 87.1 83.3 90.3
N, N, 97.3  96.0 90.3 86.4 89.3 87.1 83.2 90.3
N, N, N/ 97.4  96.1 90.7 86.5 89.4 87.4 83.4 90.4
N, N, N, N, 97.6  96.1 90.8 86.5 89.4 87.4 83.5 90.5
N, N, N, N 97.6  96.3 90.8 86.7 89.5 87.4 83.6 90.6

#2 ECOCO2017TWIEE L AREMFEEMNIWHE R
Table 2 Experimental results for different network configurations on COCO02017 validation set

Baseline LIEM  VGNM SGCN HAUE  SHE ai i AP/ % APTAPTE AP AR AR
SGCN /M /G /% /% /% /% /%
N/ 28.5 7.1 744 905 81.9 708 810 798
N/ NG 28.7 7.2 74.9 91.1 82.0 716 814 799
N/ NG J 29.4 7.5 75.6 91.8 82.3 722 81.8  80.2
N/ NG N NG 30.1 7.8 76.2 92.5 82.7 724 820  80.6
N/ NG N NG 30.3 7.9 76.5 92.7 82.8 725 823  80.8

SR AL T I s [ R OB s RN e R, HE—
$ 51 A 454 HAU B SGCN (HAUR.SGCN) i ,
OB ARG B T A 35 2 90. 6 %0, Hoh R L i
A AR ORD B ER A B 4R A o X R W] HAU A LLfR
B I ey AR 1 25 T 3 A 28 4 A Tl O e ) 1) 4
MR &, R 25 A SGON 781 328 0] 24 2 R T 24
T B G NGOG R — D AE S ]
DAL T 3K T 328 S iy 45 308 4 11 O B A

1E COCO2017 %4 4 f LA AP O B4 48
bro HER20TH, A SCRERLE COCO2017 i 4
FRERFE B E . 51 A LIEM G A R R R
JE A BT T R AP (AR T 0. 5%, M AE AR
) J8% 2 W R i s T AT L G B A B R ORG E R
fiE, A A5 7 A5 D AT LLOR B, TR i s Ak 1 IR B4R
WioE RS . E I IERE B34 VGNM J5 , #58
SRAG T AEAS[R] 3 B8 23 6] °F 4 455 AR 25 4 A G
FRAOE B BE 7, 76 0 0 25 [) 52 80X AN AT 0L 56 B e 1Y
w128 o, AP #E— B 42T 1 0. 7% . SRHIMLP
X 52 G AR AT 4 BE B 40T 51 A SGCN J5 , AP
EHETF 0. 6%, 2 B A L 4] 25 7 o 28 i) 3 AR 2
S G B R Z MR O R o R JEEIA
HAURQ.SGCN, BRI () AP {H T 0. 3%, & ik
) 76.5% ME BB . X RG] A HAU A DL
AFZ I A IR AE 22 18] 9 40 F0 o0 A £ B 2 ()
B A B AR B FRIE S — 2 45 A SGCN 7R 1 X
25 (] Hh i A IR T 45 1 24 TR DG B A TR] ) MR

Eo RS W NI R &/ E R e e 1 /T
ASCH B LIEM . VGNM ., SGCN Fl HAU # #%
35 E HL AT RCPE Rz Ao M AR A TR i 4 5k 1 i P
Wi tr E¥A —E BRI RS R E
COCO2017 F a4 b RCR Ty i 2 BRI e T
A B HE ) S A T 55
3.3.2 XfHAE

i COCO2017 ik 4E I i XF b 45 53 (L 3% 3)
AL, Y5 A R R ST Ry 256 X192 B, AR SC AR Al
WA WA (W32 F1 W48) (1) AP AE 439l 35 5] 76. 5%
77,25 6T HoAh B A AR R g AR T 1 28 g
410 Hourglass . CPN, Simple Baseline Pl &z HR-
Former-B, RAM-GPRNet(W48) 5 A S Hi 6
AW 32 MUA (1 AP {E 2435 31 76. 526 , {H A SO A
1) 250 o H 43, 3%, 8 5 5 H 50% , BE g
Jon s Rk, 58 4 S A T 55 5 5 AMHRNet X i
B T A WRAS A LG, AR SCBE R AP (B 43 5l 32 5 0. 4%
MO0.8%, Hiz A M H e W fEe B
B AT BN B R A SCHR Hh AR A W 32 Ji AR
At EMF-HRNet I TokenPose-1./D24, AP {4
SR TET 0.9% F10.7% ;5 SCC-Net 4 [t , #
R WASSIHL 3. 8 [ 43 S AP AR T . M4 A &
15 RSHP K h 384 X 288 i}, 7 SC 2 H i B B AP
(B2 5 2 78. 0% A1 78. 4% , At T HAT AH R 4 A
RST80T 50 AW A, 55 T 5, AR SCREAY Y Ak
IR T 28 M ESfa s i Lif
AH P 3%, BE 0% 1m0 ORS o 58 BB AN THT 55 o
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Table 3 Comparison results with different pose estimation networks on COCO0O2017 validation set
ik WARST Z¥dm/M E@®E/G AP/%  APY/%  AP'T/% APY/Y% APY/% AR/ %

8-stage Hourglass "’ 256X 192 25.1 14.3 66.9 — — — — —
CPN50'"! 256X 192 27.0 6.2 68.6 — — — — —
CPN50+OHKM'™ 256X 192 27.0 6.2 69.4 — — — — —
Simple Baseline152'® 256X 192 68.6 15.7 72.0 89.3 79.8 68.7 78.9 77.8
HRNetw 32" 256X 192 28.5 7.1 74.4 90.5 81.9 70.8 81.0 79.8
HRNetw48'™! 256X 192 63.6 14.6 75.1 90.6 82.2 71.5 81.8 80.4
TokenPose-L /D24 256X 192 27.5 11.0 75.8 90.3 82.5 72.3 82.7 80.9
HRFormer-B™*! 256X 192 43.2 12.2 75.6 90.8 82.8 71.7 82.6 80.8
RAM-GPRNet(W32)")  256x192 31.4 7.7 76.0 — — — — —
RAM-GPRNet(W48)™)  256x 192 70.0 15.8 76.5 — — — — —
EMF-HRNet *" 256192 28.8 9.5 75.6 90.4 82.6 72.0 82.4 80.8
AMHRNet(W32)" 256X 192 36.4 — 76.1 91.0 82.7 71.5 82.9 81.2
AMHRNet(W48)"! 256X 192 71.8 — 76.4 91.1 83.1 72.2 83.3 81.4
SCC-Net'®! 256192 58.9 10.5 73.4 92.6 81.5 70.4 77.5 76.2
Ours(W32) 256X 192 30.3 7.9 76.5 92.7 82.8 72.5 82.3 80.8
Ours(W48) 256X 192 66.2 17.6 77.2 93.0 83.3 72.9 82.7 81.3
CPN50'" 384 % 288 — 13.9 70.6 — — — — —
CPN50+OHKM'™ 384 288 — 13.9 71.6 — — — — —
Simple Baseline152"* 384288 68.6 35.6 74.3 89.6 81.1 70.5 79.7 79.7
HRNetw 32 384 %X 288 28.5 16.0 75.8 90.6 82.7 71.9 82.8 81.0
HRNetw 48! 384 % 288 63.6 32.9 76.3 90.8 82.9 72.3 83.4 81.2
HRFormer-B'* 384288  43.2 26.8 77.2 91.0 83.6 73.2 84.2 82.0
RAM-GPRNet(W32)") 384288 31.4 17.2 77.3 — — — — —
RAM-GPRNet(W48)%) 384288 70.0 35.6 77.7 — — — — —
EMF-HRNet *" 384 % 288 28.8 — 76.5 90.7 83.1 72.7 83.6 81.5
Ours(W32) 384 % 288 30.3 18.6 78.0 93.1 83.5 73.1 82.9 81.4
Ours(W48) 384 % 288 66.2 37.4 78.4 93.3 83.6 73.4 83.7 81.7

£ COCO2017 M AR I i %F b 45 5 an 3 4 Jir
TRo SRR A SRR BEAS = AL B AR T
AR AP ik 8] 78. 1%, S8R Mlis B &7
T A — e, e A T HoAth e
R JF H 5 COCO2017 B UF £ | it 45 5 9 —

BUME . ZRAT 7R SOREBY RE RS 1 w5 R I R AL £
BAR B R I 45 A TR AR A R A M g A
PRES R R RL i 7 SC B AR 2 I RO FR A B HE G R, 58
JIOHS I i A 2 S AT 55

R4 5EHEMESEITHEBECOCO2017 ik &E FRIXTELE R

Table 4 Comparison results with different pose estimation networks on COCO2017 dataset

F ok BMARSE  BHE/M BERE/G AP/% APY/% APYT/% APM/% APY/%  AR/%
CPN50! 384 % 288 — — 72.6 86.1 69.7 78.3 64.1 —
Simple Baseline152'" 384 % 288 68.6 35.6 73.7 91.9 81.1 70.3 80.0 79.0
HRNet(W32)!® 384 % 288 28.5 16.0 74.9 92.5 82.8 71.3 80.9 80.1
HRNet(W48)'" 384 % 288 63.6 32.9 75.5 92.5 83.3 71.9 81.5 80.5
TokenPose-1./D24" ' 384 % 288 29.8 22.1 75.9 92.3 83.4 72.2 82.1 80.8
HRFormer-B'**/ 384 % 288 43.2 26.8 76.2 92.7 83.8 72.5 82.3 81.2
RAM-GPRNet(W32)" 384 288 31.4 17.2 76.5 — — — — —
RAM-GPRNet(W48) = 384X 288 70.0 35.6 77.0 — — — — —
Ours(W32) 384 % 288 30.3 18.6 77.6 92.9 83.4 72.8 82.5 81.2
Ours(W48) 384X 288 66.2 37.4 78.1 93.0 83.6 73.2 83.1 81.5
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Fig.7 Comparison of visualization results between baseline model and proposed method
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Fig.8 Comparison of skeleton visualization results between baseline model and proposed method
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