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Human posture semantic description method based on geometric statistics
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Abstract: Accurate and efficient semantic description of human posture is integral to human behavior recognition. It is also a key to
quickly understanding individual states and events. In recent years, human key point detection technology has gained significant
development. However, the research on the semantic description of the human pose has not attracted enough attention. To this end, we
propose a geometric statistics-based semantic description method for human posture. Firstly, the obtained human key points are divided
into several sets. Then, the geometric distribution characteristics of each key point set are calculated to describe the human posture.
Finally, the semantics of the human pose is judged using a hierarchical strategy. This method employs the idea of the set to improve the
robustness of recognizing human posture. The experimental results on multiple real scene datasets show that the proposed method attains
an average accuracy of 90. 8% and 77. 1% for identifying human pose on the IFD and PASCAL datasets for simple and complex single-
person pose, respectively, and 77.2% on the MPII dataset for the complicated multi-person pose, which are better than the performance
of compared approaches. In conclusion, the proposed method can achieve more accurate human pose semantic descriptions despite the
absence of some key points.
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Fig.1 Network structure diagram of human body key points
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Fig.2 Human body key point set division diagram
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Output; Postures

Input the set of key points to calculate the geometric features and
determine the human posture

PostureSemantics ;

if | tanay | € (0.25, + ) or | tanay | € (0.25, + =)
thenPostures <— Lifting Arm

else if | tanas | € (0.25,5) or | tanag | € (0.25,5) then
Postures < Kicking

else if | tana; | € (0.25,4) then Postures < Bending

else if | tanay | € (4, + ) and | tana; | € (4, + o) and |
tana, | € (4, + o ) thenPostures <— Standing

else if | tana; | € [0,0.25] or | tanag | € [0,0.25] then
Postures <— Sitting

else if | tanay | € [0,0.25] and | tana; | € [0,0.25] and |
tana, | € [0,0.25] thenPostures < Lying

end if

end PostureSemantics

3 X g

X R T U G AR 3518 A IR 7 7
INRIA Person Dataset'™ . Freiburg Datasets > . MPII
Human Pose' ™ I PASCAL VOC 2010 F i 47 ] i,
INRIA Person Dataset =% F i A& B2 &3,
Freiburg Datasets %2 F T AR EEAL 238 O Tt
NMRZEAS T SRR T XA [R) N2 1R PR B, DA
INRIA Person Dataset F1 Freiburg Datasets H Bl 1L £ 1% H
150 5K R, ST 300 sk A T IFD $dlife, b T
E— G PF M A 2 35 1 SO IR T ik PR RE, VTR T
410 Fh A 2835 309 MPII Human Pose 035 5 FEHL Pk ik
200 5KIE FrF AL T MPTT %245 4E . PASCAL VOC 2010 &
BTN AT 5T A BRI AR Nz EURE
S Pk ik 250 TR & A4 d PASCAL #4845 TFD Aidis
B2 \MPIL EUHE 42 F1 PASCAL $odia 4 v it 38 43 M I 1
NN 3 R,

(a) MPIIECHE 4
(a) MPII dataset

(b) IFD¥ i 4
(b) IFD dataset

(c) PASCAL¥t# 45
(c) PASCAL dataset

K3 o A

Fig.3  Some test images from different datasets
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Fig.4 Some results using the proposed method on IFD dataset
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Table 1 The experimental results of different human

posture semantic description methods on IFD dataset

VikrS Total Error Precision Recall Accuracy
ST 300 28 90. 1% 98.2% 89. 8%
AL 300 25 91.7%  98.2% 90. 8%

{E53 50 97. 3% 1 96. 1% , A S5 WA T ST vk, %t
TR i T — S P F v R DK o 0k 1 A
T ) M RE TS AT B, WP 7 3 BT Y Accuracy B 43
1K 89. 0% 87. 1%, LY W, X T 15 37 Fl i A
IR AT ELT STk,
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Fig.5 Some results using the proposed method on MPII dataset
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Table 2 The experimental results of different human

posture semantic description methods on MPII dataset

WiR/S Total Error Precision Recall Accuracy
SI 200 68 66. 0% 92.9% 63.7%
80. 5% 92.9% 77.2%

AL 200 39

1T

(b) SIT7 ¥
(b) The results of the SI method

A (a)lli)‘éfig o
(a) The results of our method
6 OCHERBRRIEHL N AR SR 7 7345

Fig. 6 Some results of human posture semantic

T

description in the cases of missing key points
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Table 3 The experimental results on PASCAL dataset
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