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Human Behavior Recognition for Embedded System

Fu Nana, Liu Daming’, Zhang Hengbo, Li Xuandong
College of Physics, Electronics and Electrical Engineering, Ningxia University,
Yinchuan 750021, Ningxia, China

Abstract To achieve real-time effects of the human behavior recognition network on the embedded platform, a human
behavior recognition technique based on the lightweight OpenPose model is proposed. This approach begins with the
viewpoint of 18 human body bone key points and calculates the behavior type based on the spatial position of the bone key
points. First, the lightweight OpenPose model is used to extract the 18 bone key points to coordinate information about the
human body. Then, the key point coding is used to describe the human body behavior. Finally, the classifier is used to
classify the acquired key point coordinates to detect the human body behavior status and transplant it into Jetson Xavier NX
equipment using a monocular camera for testing. Experimental results show that this method can quickly and accurately
identify 11 types of human behaviors, such as walking, waving, and squatting, on the embedded development board
Jetson Xavier NX, with an average recognition accuracy rate of 96. 08% , and detection speed of =11 frame/s. The frame
rate is increased by 177 % compared to the original model.
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Fig. 1 Block diagram of system structure
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Table 1 Adjusted feature extraction network structure

Convolution ~ Convolution . o .
type kernel size Stride  Dilation  Padding
conv 3X 3K 32 2 1 0

convdw 1 3X3X 64 1 1 0
convdw_2 3X3X128 2 1 0
convdw 3 3X3X128 1 1 0
convdw_4 3K 3AK256 2 1 0
convdw_5 3X3X 256 1 1 0
convdw _6 3X3X512 1 1 0]
convdw 7 3X3X512 1 2 2
convdw 8 3X3X512 1 1 0
convdw 9 3X3X512 1 1 0
conv dw_10 3X3X512 1 1 0
convdw_11 3X3X512 1 1 0
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Table 2 Number of samples of various behaviors in dataset

unit: frame

11 types of human behavior data set (17454 )

. Number of Number of
Category Number of . .
samples in samples in
samples o L
training set  validation set
Stand 1644
Squat 1288
Run 1608
Bend 1428
Fall 1008
Operate the PC 2001
13963 3491
Leg press 2060
Walk 1389
Wave 782
Kick 2300
Hug 1946

13963 5k MG AR 1 19 5 05 AR bR, 36 IE4E 0 3491 5K K]
R T B S8 5 AR A, BRI AR 20 esv, SEEG A O S 5K
B W 4R,

# 3 SR Y B 1

Table 3 Software and hardware used in experiment

Software and hardware platform

Parameter

Embedded development board
Operating system

Deep learning framework

NVIDIA Jetson Xavier NX
Ubuntu 18. 04

Tensorflow

CPU 6-core NVIDIA Carmel ARM®vS. 2 64-bit CPU
GPU NVIDIA Volta™ Architecture 384 NVIDIA® CUDA®) cores and 48 Tensor cores
CUDA 10.2
cuDNN 8.0
Programming language Python 3. 6
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Table 4 Experimental parameter description Le=— N Z{Z:ly“ logpic (7)
Parameter name Parameter value P N EEARE i MEEA s AT NS M RAT R
Input _size 224X 224 %%’Jéﬁ(i,y“ﬁﬁ‘ FTRRE(0BE 1), W SRAEA /1) B AT
Epoch 160 RN T Wy, BT, Iy B0 p NAEAS DR T
Batch _size 64 A7 R 25 ¢ ) T I A %
Learning _rate 0. 0001 200 T iainace |
1 i
Loss function Cross entropy loss 1'25 ‘,i - 332:355
Optimizer Adam 150 ] -- val loss
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Fig. 7 Human behavior recognition test device. (a) Test device; (b) Jetson Xavier NX development board
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Table 5 Recognition confusion matrix of 11 types of human behavior unit: %4

Category Stand ~ Squat  Run Bend Fall ~ Operate the PC  Legpress  Walk Wave Kick Hug
Stand .m 0 0 0 0 0 0 0 0 0 0
Squat 0 0 0 0 0 0 0 0 0 0
Run 1.3 o IR o 0 0 0 0 0 0
Bend 0 16.7 0 0 0 0 0 0 0 0
Fall 0 2.5 [ % 0 0 0 0 0 0
Operate the PC 0 0 0 0 0 0 0 0 0 0
Leg press 0 0 0 % 0 0 0 0
Walk 0 0 0 0 0 0 0 0
Wave 0 0 0 0 0 0 0 0 0
Kick 0 0 0 0 0 0 0 0

Hug 0 0 0 0 0 0 0 0 3.3
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14 S 21 1R 550 o B 2R O 96. 08 %6, LI 5 L 45 Sy BLARL
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Table 6 Comparison of different models

Model Feature extraction network ~ File size /MB  Recognition accuracy /% Detection speed /(frame-s™ ")
OpenPose VGG19 200 96. 24 3.98
Lightweight OpenPose MobileNet 7.5 96. 08 11. 04

PR B T 11. 04 frame/s, $& T 7. 06 frame/s, B4 U] BT I AAAE R AT 288 B3 T LA B R A s
HEHTE T 177% . Pk, 5 B9 OpenPose S RUAT AL H B8 %6 2% /A O 28 R0 T LAl S 00 900 of 18 3R 45 31
WM TR B TR, S Pk AN BRI, LA R R, TR A TS
S FE S TR AT R TR 1 B9 S 4R T T R AT R R
P70 K BT T S LA S O AT T R CERTRIRTAR v
£7 MBI L

Table 7 Related research comparison

Method Type of behavior Recognition rate /%
Reference[ 4] clap, walk, dribble, play golf 86. 25
Reference[ 13] walk, jog, go up and down, sit, stand 91. 60
Reference[ 14 ] walk, run, go up and down, stand still, sit-stand, stand-sit, stand-squat, squat-stand 95.05
Reference[ 15] walk, run, jump, go up and down stairs 85.00

Proposed method stand, walk, run, squat, bend, kick, hug, fall, wave, side press, computer the PC 96.08

g ‘ BT RO TR G% OpenPose B A K15
H e UM L e ok 5 4% OpenPose f1 7 HL A
EE XTI A ST G L AT R R4 S B LS ARG A B (L AR5 T 6 A B
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