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The Video Recognition of Abnormal Behavior of Granary Workers
Based on Skeleton Sequence Multi-algorithm Fusion
HOU Xiao-long', YANG Wei-dong™><, LI Lei*,YU Jun-wei?, XU Qi-keng®
(1. College of Information Science and Engineering, Henan University of Technology, Zhengzhou, Henan
450001, China; 2. School of Artificial intelligence and Big Data, Henan University of Technology,

Zhengzhou, Henan 450001, China; 3. College of civil engineering and architecture, Henan University of
Technology, Zhengzhou, Henan 450001, China)

Abstract: Granary is an important facility to ensure the safety of grain storage. The granary is alarge closed
space with dim lighting and poor air circulation. Operations such as fumigation and air conditioning increase
personnel safety risks. The identification and analysis of abnormal behaviors of workers through security
videos in the granary has become a key safe operations for workers as an important technical guarantee. This
paper proposed a video recognition algorithm for abnormal behavior of workers in a granary based on a
skeleton sequence multi-algorithm. First, the Y OLOv3tiny model was used to quickly detect the human body,
combined with Sort to track the motion trajectories of multiple targets, and the human skeleton coordinate
sequence and weight information were extracted through the AlphaPose model. Then, based on the real
spacial graph (RSG) composed of natural connection nodes of the human skeleton and virtual spacia graph
(VSG) constructed by interconnecting the center of gravity of the virtual human body with the head, hands,
and feet, the bin was extracted based on the balance of the interaction between the center of gravity of the
human body dynamics and the hands and feet. Spatial characteristics of abnormal behavior of internal
workers and spatiotemporal characteristics of concatenated temporal convolution (TC). Finaly, a virtual-real
combining spatial temporal graph convolution network (VR-STGCN) video recognition algorithm for
abnormal behavior of granary workers was proposed. At the same time, a hybrid dataset was built, and
comparative experiments and analysis were conducted between VR-STGCN and four algorithms such as
SSD, PCANet, Two-StreamCNN, and STGCN. The results showed that al indicators of VR-STGCN were
better than those of the other four algorithms. VR-STGCN can accurately identify abnormal behaviors such
as falling, crawling, and lying down of people in the granary in complex environments such as insufficient
light, multiple targets, and long distances. The recognition accuracy reached 97.7%, and the processing speed
was 18.67fps, which can analyze the abnormal behavior of workersin real time. The research results could
provide a new and efficient technology for the safety of granary workersin complex environments.

K ey words:. spatial-temporal graph convolution; identification of abnormal behavior; action estimation; grain
storehouse operation safety
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Tablel Mixed dataset confusion matrix
TR A B AR VR VA HE I
SR E 3N A | i AT e ety
pRYA 0.973 0.009 0.000 0.000 0.000 0.000 0.018 0.000
B 0.008 0.977 0.000 0.000 0.003 0.006 0.006 0.000
A 0.000 0.011 0.987 0.000 0.000 0.002 0.000 0.000
o] 0.000 0.000 0.000 0.971 0.007 0.000 0.021 0.000
D 0.000 0.016 0.005 0.000 0.969 0.002 0.008 0.000
AR 0.008 0.008 0.030 0.000 0.004 0.951 0.000 0.000
ERE 0.000 0.000 0.000 0.005 0.000 0.000 0.984 0.010
Tets 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.998
W SRR AT, MG A EERE BUNER DR R A AR IGRE O, ALk
FE I A AR LA B AT N BRI RE.
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Table2 Performanceindicatorsof skeleton sequencefusion algorithm
R PEBEFR AR

bR K0 1% A 1% F1{
ST 98.41 97.32 97.86
A3l 95.75 97.75 96.74
A 96.55 98.72 97.62
U] 99.47 97.14 98.29
i 98.57 96.93 97.74
AT 99.02 95.06 97
7RE] 94.89 98.44 96.63
ety 98.97 99.8 99.48

K0 E=97.7%, 3[12%=097.67%, F1{=97.68, F-3Jifi%k . 0.1524,

WEWIR . 97.7%
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Table3 Comparison of detection results

using different algorithms

N T B A 35 5

ik K0 BE 1% A [ 5/% F1 {4
SSDh 89.5 87.00 90.00
PCANet 91.8 90.00 91.00
Two-Stream CNN 94.2 92.00 94.00
STGCN 97.0 95.00 96.10
VR-STGCN 97.7 97.67 97.68

BRI GRS H AT I 2SR, X kfE | e
11 AR W AT O IR BIERR R 97.7%, AL B
JEiAF] 18.67 fps, REAEHH & MNAIRALA G 5717
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TR N IR TR AL B 1% R
fET —Fh e Prm AR
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(a) Fall Down posture detection of workersin granary

eai= 17:03 11“‘ L by
= 2 550

s

AN

EXTENER
X

& 1A ST AT
LELESET

L

(b) AR A B A G
(b) Sitting posture detection of workersin granary
E1l eCHRETARINTEFERTE

Fig.11 Display diagram of abnormal behavior
detection platform in granary
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