WAz 1 2/ M Fx % W Vol. 43 No. 11
2022 4E 11 H Chinese Journal of Scientific Instrument Nov. 2022

DOLI: 10. 19650/j. cnki. ¢jsi. J2210027

BT R A S e B A A

Bl KB F R E S ERT
(tPEHERATRENE TR %R U 310018)

T8 AP ESM Ok 2 B Y S TG, B — P A T T R I AR = e A S AN T O 1, FE ST A R
PERF AR 5 AR = 4R 2 MBS R, BT T —FB 31 T -8 A BN 2 R 5, K9 =X 7 4% I A 7 B
g TR VR Al 370 4G R P I [ 38 S 0L R OB B AL 8 B A [R] 2B DE T, SR OB D8 U8 T Bk T 07 IR I SR A M 7 5 AR &
OpenPose L5 = A1 525 T B H R8BSR T3 19 A =4 0CHE S N IR R S THE B 1R BEHLEE B F R e/ IME
PR PR T B AL = 2 S5 T A bR R 3D S i aalk— 254 i 3D e B E R, Bt — 1R T 2RS4
PR 264 1) e -4 0 5 S g 2 S AR | DA T S () 2 U ) UG A S RSB A A% = A DG A A s R L {5 8 I 3D S Ailiit
SERAEN W TR T YIS, SRR I L ) B9 SRR Ml B A SR ) 4345 R BB RS HERR PO A A & 19 S IR
AT = AR S IR A IR, 19 A SGH S R 22 9.7 em,

K8 : OpenPose ; A8 4 (531 20 S AL IR B AL 22 X 2%

RE 43S, TP391 TH701 XEFRRE A ERREZRSERE: 520.60

Human 3D sitting pose estimation based on contact interaction perception

Zhou Jiayu, Cai Jinhui,Zhang Le,Li Lixin,Li Xiaoyu
( College of Metrology & Measurement Engineering, China Jiliang University ,Hangzhou 310018, China)

Abstract: Aiming at the interference of the visual pose estimation method, such as cover and occlusion, a method of estimating human
three-dimensional sitting posture based on the seat surface pressure image is proposed. The cross-domain relationship between seat
surface pressure distribution and human three-dimensional posture is established. A posture training system based on pressure and vision
is designed. The array pressure sensor is embedded in the seat surface to perceive the posture, and the time stamp is used to realize the
synchronization of the visual image matching with the binocular camera. Bilateral filtering is used to eliminate the peak noise of pressure
images. Nineteen 3D keypoints are extracted from binocular vision images by OpenPose estimation and triangulation. To improve the
accuracy of attitude estimation, a stochastic gradient descent method to minimize the loss function is proposed to optimize the coordinates
of 3D keypoints. The 3D confidence graph of keypoints is further generated by 3D Gaussian filter. A multi-layer convolutional neural
network pressure-vision cross-domain deep learning model is formulated. Continuous multi-frame pressure images are used as input of the
model, and 3D pose estimation results of 3D key point coordinates and their confidence graphs are used as supervision. Based on the
pressure distribution of the array sensor on the chair surface, the algorithm can accurately estimate the 3D sitting posture including 19
human key points. The average error of 19 key points is 9. 7 ¢cm on the verification set.
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Fig. 1 The overall flow chart
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Fig.2 Visual image processing process
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Fig.3  System architecture of the pressure-vision

synchronous acquisition system
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Fig.4 Acquisition system based on the array pressure sensor
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Fig.5 The processing effect of different filtering algorithms

on the original sitting pressure image
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Fig. 6 Calibration images of left and right cameras
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Fig.7 World coordinate system based on the array

pressure sensor
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Fig. 8 OpenPose network architecture
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Fig. 9 Human body keypoints identification map
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Fig. 12 3D human pose estimation model
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Table 2 The structure of each layer of the 3D human

pose estimation model
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Fig. 13 Estimation error at different keypoints
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Fig. 14 Estimation results of 3D sitting posture with a time step of 10 frames
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