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Abstract: To solve the problem of ignoring the interrelation between key points in the existing human pose
estimation models, a new algorithm based on correlation matrix to establish implicit key point
interconnection was proposed. The algorithm adopts a two—stage network structure. In the first stage, the
existing model was used to obtain the accuracy of key points. In the second stage, the correlation coefficient
matrix was calculated to build a key point corrector to achieve implicit key point interconnection. By
selecting some key points with good effect as guidance, the other key points with poor effect were
optimized. The pseudo—thermal map information was reorganized into two matrices, the guide region and
the region to be indexed. The guide matrix was divided into three regions according to the accuracy rate,
and was multiplied by the transposed matrix to be indexed to obtain the correlation matrix, and different
influence factors were added to different correlation matrices. The total correlation matrix was obtained by
formula, and the index region was obtained by multiplying the matrix to be indexed. Finally, the reverse
information was reconstructed to the original dimension, and the pseudo—thermal map was added pixel by
pixel to obtain the final predicted thermal map, which automatically establishes the relationship between
key points and corrects the relationship between key points ignored by the existing model. The
experimental results on COCO2017 data set show that the key point recognition accuracy of the human
pose estimation correction algorithm is 70.5% , an average increase of 0.4% compared with the existing
model SimpleBasel.ine. In some parts that are easily obscured, such as ankles and wrists, they are small in
size and at the end of limbs, and the probability of occlusion is high. The number of adjacent key points is
less, and the surface information features are less. The human posture estimation corrector strengthens the
connection between the key points at the extremities and other key points in the whole body, and
establishes more feature connections. The experiments demonstrate that the recognition accuracy of ankles
and wrists has improved by 1.5%, with a significant increase compared to other existing models, proving
the effectiveness of the implicit keypoint-interconnected human pose estimation correction algorithm.
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Fig. 1 Detailed diagram of the network structure in this paper
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SBL 7.671 70.1 91.3 76.9
SBL-KPC 7.862 70.5(40.4) 91.5(40.2) 77.1( 4 0.2)
HRNeT 1.533 73.5 92.2 80.3
HRNeT-KPC 1.721 73.6(40.1) 92.2 80.6(40.3)
UDP 9.432 71.2 91.3 78.2
UDP-KPC 9.622 71.4(40.2) 91.2( v 0.1) 78.3( 4 0.1)
DarkPose 9.452 71.3 90.9 78.4

DarkPose-KPC ~ 9.638 71.4( 4 0.1) 91.2( 4 0.3) 78.5( 4 0.1)
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oy R 3 ILAN 2R, 5128 T COCO 2017 %L
i 48 b LA 2 P05 4 i B0 A A R O ik, A0 3
CPN.SBL .HourGlass LA &2 HRNET, 7E i 4 [
EAT 22 K N 56 K A B M 25 D SR FE R 3
A FE R TR0 08 003 9 Sk A ST 9 O 9k 0 AT
AR g Rl SR E R 3P SRR H
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Table 3 Estimation results of different methods at

various key points %

- Head Sho. Elb. Wri. Hip Knee Ank OK

k) OUr) OF) (B &) () (BR) S

CPN 90.1 86.2 85.1 83.5 86.1 84.3 80.2 75.2
CPN-KPC 90.2 86.4 85.3 85.2 87.1 85.2 83.1 78.4
SBL 92.2 91.1 89.2 87.8 90.1 87.2 86.3 90.3
SBL-KPC 92.4 91.5 89.5 88.1 90.5 88.3 89.1 914
HourGlass 91.8 90.3 88.7 87.3 90.3 88.2 85.3 91.3

HourGlass—KPC 91.8 90.5 89.1 87.6 91.2 89.3 88.2 92.5
HRNeT 924 92.1 90.3 89.2 90.4 89.3 86.2 91.8
HRNeT-KPC 924 92.2 90.5 91.1 90.8 89.9 89.8 93.2
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Fig.3 Final predicted heat map results
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Fig. 4 Annotation results of some key points in the test set
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Fig. 5 Effect of traditional network detection and the effect of additional orthotics detection
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