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Research on human pose visual recognition algorithm based on model constraints
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Abstract: Aiming at the requirement of transfer service robots for high precision of human pose recognition and the problem of low
recognition accuracy of existing human pose recognition methods under joint occlusion, this paper proposes a model constraint-based
human pose recognition algorithm to solve the precise extraction of human body joint space coordinates of the robot system before the
transfer operation. Firstly, the OpenPose algorithm is used to identify the pixel coordinates of the unoccluded joints in color image.
Through aligning the color image and depth image of the RGB-D camera, the joint pixel coordinates are converted into 3D coordinates.
Then, the spatial coordinates of the occluded joint connected with the unoccluded joint are calculated according to the relevant
parameters of the human model and the unoccluded joint coordinates, which are used to improve the recognition accuracy of the occluded
joints. The experiment results show that the recognition accuracy of the proposed algorithm is 92% when the joint is unoccluded, and
reaches 90% when the joint is occluded. The average time for a single frame calculation is about 190 ms, which meets the real-time
requirements of transfer service robot operation.
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Table 1 Human main dimensions (18~ 60 years old) mm
[EREVA S
P 28

1 5 10 50 90 95 99

55 1 543 1583 1 604 1 678 1 754 1775 1814

K 279 289 294 313 333 338 349

5 A K 206 216 220 237 253 258 268

KPR K 413 428 436 465 496 505 523

INBR 324 338 344 369 396 403 419

) 1 449 1484 1503 1570 1 640 1 659 1 697

K 252 262 267 284 303 308 319

T AERK 185 193 198 213 229 234 242

KR K 387 402 410 438 467 476 494

AN 3N 300 313 319 344 370 376 390
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Table 2 The ratio of joint length to height
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PE5 e

1 5 10 50 90 95 99
FER/ G5 0. 181 0.183 0.183 0. 187 0. 190 0. 190 0.192
e/ 55 0. 134 0. 136 0.137 0. 141 0. 144 0. 145 0. 148
7 KEE K B 0. 268 0.270 0.272 0.277 0. 283 0. 285 0. 288
N/ B 0.210 0.214 0.214 0. 220 0. 226 0.227 0.231
FER/ 55 0.174 0.177 0.178 0. 181 0. 185 0. 186 0. 188
AE K & 0. 128 0. 130 0.132 0. 136 0. 140 0. 141 0. 143
“ KK G5 0.267 0.271 0.273 0.279 0. 285 0.287 0.291
INBR K B 0.207 0.211 0.212 0.219 0. 226 0.227 0.230
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Fig.10  Recognition of occluded joints in standing position
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Table 3 Comparison of joint recognition accuracy in

standing and sitting positions

Ik Kinect SDK SCHRL17] KI5k
B (2 & A7) 0.91 0.93 0.93
I (72 & 47) 0.87 0.90 0.90
Ji5 (72 & 47) 0.87 0.89 0.91
Jois (eSS 0.21 0.35 0.90

F4 BEMETXTIRINEMELRER
Table 4 Comparison of joint recognition accuracy

in prone position

Jrik Kinect SDK k[ 17] AT
JA (&£ 0.91 0.93 0.93
B (72 & A7) 0.71 0.75 0.92
i GERY) 0.22 0.39 0.91
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PRSI R I, AR B RE I W AN o AR S5 i %)
GRIEE PRI (38 IO 1 i G, 0 HC X 8 4 ¢ 4 A Fih
AR B AL T 55 SRR T i

T 00 i 5% B A D0 IR G A S A B0, I
SCHR [ 17 JANAS SCT5 6 4% B 60 45 R X Le, an sl 11 By
7, FEAR SCHR T 17 ] 75 35 A 0% 0K 70 1 50 3 U5 0 A
BRI

(b) AT
(b)The proposed method
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(a)The method in literature [17]
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Fig.11  Comparison of knee joint recognition results
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Fig.12  The distance between the actual and theoretical

coordinates of the unoccluded joint
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Fig.13  The distance between the actual and theoretical

coordinates of the occluded joint
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