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Fig. 1 Framework of HRNet
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Fig. 3 Structure of recursively gated convolutional
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()Y PR RN R 1, 7R AR R IR A B A8 3 5t b e R
R InAR e AT SRR B

CBAM E # iy il i ¥ & 77 B Bt (Channel
Attention Module, CAM) 1 %% [8] 1 & J1 # Bt (Spatial
Attention Module, SAM) 2H i . CAM #& Bt i 4 )5
ST S8t A N 4 R B A AR SRR AT BT 7 38 SRR 1)
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Peo B 0 R AR 1] i Mo(X) FERT AL B ) 1R
FROE L X A5 3 X058 URFE B 76 8 18 4E 52 F i)
bR o SR, W X A B 25 8] v E B A
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Fig. 4 Structure of CAM
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COCO2017 A 4345 Ak 11 5 5% 4, COCO2017 £ 7
200 000 5K 1%, #3551 250 000 > AARFEA . R4S
AR S5 8 F B 2 I A 1 17 AN SR,
F& 5 A THFBFRE A 12 A SRS . R S HE AR
A x.y AbR AR W MR . AR SCERALEE COCO2017
LT L 15 W SO B L W 2 2 (N o 1 7 s D
COCO E J5 42 f£ f) OKS(Object keypoint similarity) ,
= (10) s .

OKS, = - L (10)

D6, >0)

Horr, PARRIER PR ID; P USRI SCHE A ID;

d, ARG 5 B SE 2 (R A R G B S2 1R K.
AT E R 02 R IH— AL T 6 FoR SN bR
%, Bt R 08k 1.

COCO %4 45 £ — i £ & F ¥ UE 1 £ (Average
Precision, AP) FI°F-# A [9] % (Average Recall, AR) %
ANEE B bR, A3 I R DG S S L S
SR IPETS B AP I ARFEFR . EHE AT,
AP I AP™ 433l 7R B {H A 0.50 F 0.75 Hif f) HE 4
R, AP 1§ OKS %5 F 0.50, 0.55, +=+. 0.90, 0.95 H}
SR EE s APM S rp A5 RUBE H ARG B2 APE SRR R
B HARAORE R . [RI3E, AR W A AR A e
22 KIGINEFSH

AL SEEfd ] Ubuntu 20.04 RS4E HiBf T A,
KR 2 > HESR Pytorch Y28, AR IE S 18
4 Python H. i i GPU # 17 i # , GPU # 5 N
NVIDIA GeForce RTX 3090, 5774 24G.

RN L i o R EAT TAh 3, 1 i A\ R1Z
K/ANH 256x192, BRI ZHG AL Adam, Yl ZRdtt ik
K/NR 160 PIZEYIZRIL 210 4~ A, 22 5] IR K
B 0.001, A TZAR KR 2E 2] R BT, T
F] 0.00001 AP ).

23 ZWEEE

1E MS COCO2017 4l 4 b #EATARE AR Z 3

flitt S gn %k, LL OKS 7R AR ZE MSCOCO02017 %X

n2pY(OKS, > ¢
N

BTG X EL S H AR - T 25 5 e 1 434
“U VERTHECR T, TRl —d s i (s |
Fr m, FU 5 p) BEXTE R, OKS €[0,1] A —1Fr
i, OKS>r F/RHE#f, S ZTRER, () SR Tl HEf
PR W R 2L, ¢y OKS B, il i 5L 90 Ge 115 B EA
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[l OKS A T H I BIKE B . MS COCO2017 %4k £
OKS Xt H LB 25 R an s 1 s .

i 26 1 A[ 400, 78 MS COCO2017 %4 g sc v,
AHEE T H ALY, A SCHRE S AR RN B2 2 3 o L
A3 F HRNet, 785 A RS R 256x192 B LT,
WWHEREIRE LT T 57.7%, M W4T RE D5 1, AP L
J+T 1.2%; ¥H% F HRFormer, {51158 8 2 % A =
FHHE LT, APML AP Bl 42 T 0.3%. 1.0%;
XJ e VITPose #8115 4 2% BEFEAR T 51.2%, [A] A

BT 3 A A7 1 PERE, AP HFRAR T 0.2%; X Lk
Stage Hourglass i %Y | CPN #% % | Simple Baselines
R, TokenPose FA, AP 435l 4£ 71 T 10.1%. 7.0%.
1.9%. 0.9%, TEPRFFITHHE A BE A BORAR TH 1 L
T A EA B AR, Hoh 3k 1 b Backbone( 31
P2 ) SRR AL O IR 2. GFLOPs 3R B
AU FEAT— KA 745 4% (Forward Pass) T 75 B B IF A58
VL, IR R W], MUK R BB TE AR E A
YL R TNV RE DT T T A A OG5

F 1 MS COCO2017 Hfli e I OKS X HbSe 42
Table 1 Experimental results of OKS comparison on MS COCO2017 datasets

Model Backbone Input Parameter GFLOPs AP/% AP /% AP”/% APM/% APY/%
CPN ResNet 256x192 27x10° 6.2 68.6 — - - -
Simple Baseline ResNet 256x192 60x10° 8.9 73.7 91.9 81.1 70.3 80.0
TokenPose HRNet 256%192 14x10° 5.7 74.7 89.8 81.4 71.3 81.4
Stage Hourglass StageHourglass 256x192 25x10° 14.3 65.5 86.8 72.3 60.6 72.6
VITPose VIT 256x192 86x10° 17.1 75.8 90.5 83.0 - -
HRFormer HRFormer 256%192 43x10° 12.2 75.6 93.6 83.6 73.2 80.1
HRNet HRNet 256%192 29x10° 7.1 74.4 90.5 81.9 70.8 81.0
Ours HRNet 256x192 30x10° 11.7 75.6 93.5 84.6 73.5 81.1

24 HELSCIO

R T B AE T 4R AR AR A 2 A A R, AR
SCHETE T — ZR S fl 52 35 2 PPAk AN [ A5 B o) f5e 24
REAY S, HARSCIR 25 e 2 PR .

2 ALY
Table 2 Ablation studies

Model Parameter GFLOPs AP/%

HRNet 28.5x10° 7.1 74.4
GnBlock+HRNet 29.5%10° 10.5 75.5
GnBlock+CBAM+HRNet 29.8x10° 11.7 75.6

7E COCO % ¥i 4 I, 5 HRNet M L5, A% 303l
1% GnBlock il A 2] HRNetZ24g 4, AP 427+ T 1.1%.
TCUESE T Sk i AL T LA SR T R PR R . Y Rl
A CBAM J&, 34T ¥ 26 Xof 5 2 119 3 16 41l 52 RRAIE F1 25
(] o7 B SRR %) ST, DA T AR 4540 55 B0 A R0 15 B Y
B RURRAE, 75 AP 42T T 0.1%, FRI = 1L
il A 0
2.5 EImF/R

SRR SCHE 1 07 YR A AR S AN T O T HUASR
T, AN — 2 BRIk R . T,

B X6 52 2 3 5 o () R AR TP AR AE — 5 1 )R R
P o 38 VA 25 0 T BEAE ) F 5 s A5 b AN
— AR TR — P T R AE R, XTSI
BFA) A2 2% B o RRAS B R) 25 B T S AU B4 B A
i, T BRI HE ML T A BN S5, AN ] A
HE], XETTHERITEIA T HIMY S B, (115
BT 1 S 5000 0 0 2 3G, DT 3 T A7 6 A oA
T

FOWR, BERN TR 2 FE PN AR RN FE A S . AL
SRARSCHE HRNet (936 R1 b A7 7 oek, I 5l A
GnConv Fll CBAM BLHAR T T B M R, (Hix L pl it
Wk TAAM TR AR T4 . AR T HAb L 5t
B S AR TR AL, A SCRE R A 3T 5 5 B 5 N A7 7
SR, TESC BRI, R B R A2 B A i A 2k
H o A BN AE b, Qi e] 76 O A5 R RS FE Y [ B e AT A
YT R, AT — I iR AR A DR (1 [

BCAI, YIZRECHE (1) 22 R R 5 31 FB1 ) 55 70
REMSZ AR . AU COCO2017 AR & T
KPR HE, (X S B R AR B | SRR 4
BE T WA A — 2 W R B . il an, B 4R b i s gy
FERB TG s D, 5 B0 AL 7 X S
Tz ALBE 555 . UL, Gnfar b g o Jin 4 1 AN 2
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CBAM ¥ 5k T X% 85 ZLRRE (9SG 73 8, $2 T T W28 X
NPT AR E R S PR RE T . SEIR g5 R R,
AR S H A RLAE COCO2017 B gk b i £ g &
e TAE G )5 vk, W] T 5 B 25 18] 58 BRI 2= 1 HLI
TEFR T A TS B SRR D7 T A R . AR
TAEH, AT LA — DA AR R Z5 4, SRR Z Rl & A
[FERRAE Y 7 X, DAE— 2D PR TR 8 i ERe . 78
VLBLI =P/ 75 = (1iie 1 PN A S 713775 = o0 N [ )AN; 3%
HALAA BT, AT LR FH G An 25 45 52 0 G PR R 22 N 2%
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Pose Estimation Network Based on High-Order Spatial Interactions

HUANG Xiaoyu, CHEN Jiayi, WU Yiwei, WU Shengxi, WANG Xuewu
(Key Laboratory of Smart Manufacturing in Energy Chemical Process, Ministry of Education, East China University of
Science and Technology, Shanghai 200237, China)

Abstract: Human pose estimation is a crucial research area in computer vision. With the advancement of deep
learning technologies, existing pose estimation models have achieved remarkable success in predicting human
keypoints. However, when dealing with complex scenes such as severe occlusion, complex backgrounds, extreme
poses, multi-scale variations, and lighting changes, these models still face challenges and their accuracy is often
affected. To address this issue, this paper proposes an improved human pose estimation method based on HRNet, which
significantly improves the performance of the model in complex scenes by introducing high-order spatial interaction
and attention mechanisms. It employs recursive gated convolution and convolutional attention modules to enhance the
model's ability to extract high-order spatial features. The experimental results show that the proposed method
outperforms existing mainstream approaches on the COC0O2017 dataset and achieves higher pose estimation accuracy.

Key words: pose estimation; high-resolution network; high-order spatial interaction; CBAM attention

mechanism; feature extraction
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