wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BFZRENETENHABESETTERR
SiRE, KEF

5IAEX

SIRE, KEF ETFSREVIEANARESMHEUTTERARI]. HENRE 2022, 49(11A):
220100057-5.
MA Wan-yi, ZHANG De-ping. Study on Human Pose Estimation Based on Multiscale Dual Attentior{J].
Computer Science, 2022, 49(11A): 220100057-5.

BN EEE (SERXINEE IE JIRNBREENE)
Similar articles recommended (Please use Firefox or IE to view the article)
BEiFD CLAHEF BB BEREM BT TRHEZRT
Fault Diagnosis Based on Channel Splitting CLAHE and Adaptive Threshold Residual NetworkUnder
Variable Operating Conditions

HENRIE, 2022, 49(11A): 211100122-7. https://doi.org/10.11896/jsjkx.211100122

ETHSEFENTF=REENNEGEDS PHIEEENE
Image Super-resolution Reconstruction Network Based on Dynamic Pyramid and Subspace Attention

HENRIE, 2022, 49(11A): 210900202-8. https://doi.org/10.11896/jsjkx.210900202

EFF=EEEEZIMMRISPET/SPECTEIGRS
MRI and PET/SPECT Image Fusion Based on Subspace Feature Mutual Learning
HEHEE, 2022, 49(11A): 211000171-6. https://doi.org/10.11896/jsjkx.211000171

ETOORRHHERIIRER MBS HREE

Face Anti-spoofing Algorithm Based on Texture Feature Enhancement and Light Neural Network

HEHNRIE, 2022, 49(6A): 390-396. https://doi.org/10.11896/jsjkx.210600217

RAERXEBDIHNEGESNIET®

Image Arbitrary Style Transfer via Criss-cross Attention

HEHNRIE, 2022, 49(6A): 345-352. https://doi.org/10.11896/jsjkx.210700236


https://www.jsjkx.com/CN/10.11896/jsjkx.220100057
https://www.jsjkx.com/EN/10.11896/jsjkx.220100057
https://www.jsjkx.com/CN/10.11896/jsjkx.211100122
https://doi.org/10.11896/jsjkx.211100122
https://www.jsjkx.com/CN/10.11896/jsjkx.210900202
https://doi.org/10.11896/jsjkx.210900202
https://www.jsjkx.com/CN/10.11896/jsjkx.211000171
https://doi.org/10.11896/jsjkx.211000171
https://www.jsjkx.com/CN/10.11896/jsjkx.210600217
https://doi.org/10.11896/jsjkx.210600217
https://www.jsjkx.com/CN/10.11896/jsjkx.210700236
https://doi.org/10.11896/jsjkx.210700236

http: /www. jsjkx. com
DOL: 10, 11896/jsjkx. 220100057

= 1*5%-%#4‘?

BT REWEBENNAEESGITHEFR

OiRE KETE
MEMEMRARF T HENAFEEEAREKR X 211000

(wanyi_ma@163. com)

B E HASARLEESRFTPARSERIESERS, AT HRNet RAGAREESGH P EZHEFELEANART LGP,
A ABEE TR EEAING R T —HFARLTF £ REWEZE A (Multiscale Dual Attention, MDA) 85 A 4K 2 & 45+ 7 % MDA-
HRNet, #ZF kM iBE KA T 03K H L, 0 5%t T L4882 & H 19 Ca-Neck, Ca-Block #E 3k Fo 45 & 18] i & /1 #9 Sa-Block

Bk KL BANE G5
BIEFHARE RN E R EE W5 A2 M % K 5 AR 4EFo 3
15, %% & & MPII ;ﬂ%%iUfT 5 36 BiE L 45 R & W) MDA-HRNet 467 s3b 32
KB ARESFEH ;BB EZEN;ZRNEZHN; LEREEZE NS ;o HEML
FEZESES TP391.41

SPHRMBEM T ERNELRBEEREZRILPHAKRRIR, £ Sa-Block 83 F KA 3X3 F= 7X7 #5 5 #R
AR AR AR B m B N AR R R A B AT R
AR EEEIT XY AL EH L,

Study on Human Pose Estimation Based on Multiscale Dual Attention

MA Wan-yi and ZHANG De-ping

School of Computer Science and Technology,Nanjing University of Aeronautics and Astronautics, Nanjing 211000, China
Abstract In view of the problem of low discrimination between human body and background in human posture estimation,and
incomplete utilization of important feature information in human posture estimation based on HRNet,a human posture estimation
method MDA-HRNet based on multiscale dual attention is proposed by using channel and spatial attention mechanism. Conside-
ring both of the channel domain and spatial domain, the Ca-Neck and Ca-Block modules combined with channel attention and Sa-
Block module combined with spatial attention are designed respectively. Then integrating these modules into the high-resolution
network structure,so that the network can pay more attention to the human body area in the image. Moreover,in the Sa-Block
module,3X 3 and 7X7 convolution kernels are adopted to derive two spatial attention maps of different scales, which makes the
ability of the network to comprehensively distinguish human features and background features more remarkable, so as to accu-
rately locate the human body and its key points. The proposed method is tested and verified on MPII data set,and the results

show that MDA-HRNet can improve the accuracy of joint point location of human posture estimation effectively.

Keywords Human pose estimation,Channel attention, Spatial attention, Multiscale attention mapping, High resolution network
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Table 1 Comparison of experimental results on MPII verification

set(PCKh@0, 5)

method Hea. Sho. Elb. Wri. Hip. Kne. Ank. Total
8-stage Hourglass3) 96.5 96.0 90.3 85.4 88.8 85.0 81.9 89.2
CPNL14) 96.5 96.0 90.4 86.0 89.5 85.2 82.3 89.6
PRM(15] 96.8 96.0 90.4 86.0 89.5 85.2 82.3 89.6
DLCMLEL6] 95.6 95.9 90.7 86.5 89.9 86.6 82.5 89.8
DeeperCutl17] 95.6 95.9 90.7 86.5 89.9 86.6 82.5 89.8
SimpleBaselinel18]  97.0 95.9 90.3 85.0 89.2 85.3 81.3 89.6
HRNet 97.1 95.5 89.8 85.4 88.5 85.5 81.9 89.6
MDA-HRNet 97.4 96.2 90.6 86.4 89.3 86.8 83.3 90.5
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Table 2 Comparison of experimental results of attention ablation on MPII verification set

method Ca One-scale Sa Multiscale Sa Hea. Sho. Elb. Wri. Hip. Kne. Ank.  Mean@0.5 Mean@0. 1
HRNet 97.1 95.5 89.8 85.4 88.5 85.5 81.9 89.6 36.4
CA-HRNet N 97.1 95.8 89.9 85.6 88.8 85.9 82.1 90. 0 36.6
MA-HRNet N Nj 97.1 96. 1 90. 4 86. 3 89.2 86. 4 82.8 90. 3 36. 4
MDA-HRNet N J 97.4 96. 2 90. 6 86. 4 89.3 86.8 83.3 90.5 37.9
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Fig.5 Schematic diagram of key point prediction heatmap
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