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Human Abnormal Behavior Detection Method Based on Improved YOLOv3 Network Model

ZHANG Hong-min' , LI Ping-ping' , FANG Xiao-bing' and LTU Hong*

1 College of Electrical and Electronic Engineering, Chongqing University of Technology,Chongqing 400054 ,China
2 Institute of Computing Technology,Chinese Academy of Sciences,Beijing 100080, China

Abstract The data of traditional video surveillance is very large and complex,and cannot detect the abnormal behaviors of human
in a timely and effective manner. In response to these problems,this paper presents an improved YOLOv3 algorithm (YOLOv3-
MSSE) for the detection of human abnormal behavior. This algorithm can improve the detection accuracy of large targets for it is
based on the traditional YOLOv3 network model,and a multi-scale feature extraction network is constructed by the residual mo-
dules. At the same time, by incorporating the attention mechanism into different positions of the network structure,and the im-
portance of the features in each channel of the feature map can be weighted,which effectively improves the detection performance
of the model for abnormal human behavior. Experimental results show that compared with the traditional YOLOv3 algorithm, the
mAP of YOLOv3-MSSE is increased by 20. 8% ,and Fl-scores is increased by 11.3%. The proposed algorithm can not only de-
tect the specific abnormal behavior of the human in the monitoring scene effectively,but also can balance the relationship between
the detection accuracy rate and the recall rate well. In addition, It is more suitable for the detection of human abnormal behavior in
actual monitoring scenarios than similar methods.

Keywords Neural networks, Abnormal behavior, Multiscale, Attention mechanism,Resnet
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Fig. 1

Network structure diagram of YOLOv3-MSSE
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Fig. 2

mechanism model
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MEMCRE LI $e i & G MR HE . 72 A W19 5 % 17 0 £ 3l 4R
1, YOLOvV3-MSSE {# ] 4 4~ REE 12 A4 5, 20 1 9+ 455 X
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TR A Y 5 o B b, O ke U 2R B B AL B
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Ay HIELE N 0.9 10,0005, it B ¥ R 16, F 43 410 40 iX
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Table 1 Test results in Pascal VOC2012 test

CRA 20
Faster . YOLOv3 -

category R-CNN SSD-300  SSD-512  YOLOv3 MSSE
aeroplane 84.9 84.2 84.9 85.3 86.9
bicycle 79.8 76.3 82.6 84.6 84.6
bird 74.3 69.6 74.4 72.2 75.3
boat 53.9 53.2 55.8 68.7 71.5
bottle 49.8 40.8 50.0 67.3 71.1
bus 77.5 78.5 80.3 85.2 88.3
car 75.9 73.6 78.9 83.9 86.2

cat 88.5 88.0 88.8 84.6 86.7
chair 45.6 50.5 53.7 66. 2 68.3
cow 77.1 73.5 76.8 83.9 85.3
diningtable 55.3 61.7 59.4 74.2 74.8
dog 86.9 85.8 87.6 84.8 84.7
horse 81.7 80. 6 83.7 83.9 88.9
motorbike 80.9 81.2 82.6 84.3 86.4
person 79.6 77.5 81.4 82.8 84.1
pottedplant 40.1 44.3 47.2 56.2 59.2
sheep 72.6 73.2 75.5 76.7 78.3
sofa 60.9 66.7 65.6 78.1 78.2
train 81.2 81.1 84.3 84.4 84.8
tvmonitor 61.5 65.8 68.1 76.8 80.3
mAP 70. 4 70.3 73.1 78.2 81.2
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8.1%5 3.0%.

3.3 HARETARMRLERSH

AT HAE YOLOv3-MSSE 76 A M 5 8 47 0 46 0 o A9 A
Btk oK S 2 YOLOvS DA KAEBE R ip A3 I T 3 2 1 HL
il B 97 2 (R FR 9 YOLOv3-SE) 347 K6 I 45 58 % e 4y #r . 5
5 R FH A B0 SR R VR T A JF I M A . B R B AR SRR AT
0 R S K 2 S B R AT N AT N 3 R
AT SO AR SR AT R 8 P45 I 2 2 i u g A R EA T
AL T G35 1] 7 BOHE B P AR G 9 LA AR SC T PR
LA KbR 5 b S T BOHE AR 2 oy S B S B fall AN
climb; 38 A~ %95 4 b JL AR 2 2 546 3k B 1R B4% . Bl HL % B
2000 TR AE R PIZR B0 4 0 T i/ g dE . T
FE YRR 46 L 78 VI 5 A A S R FE 5000 348 3 5 e RIDHE 901 2 (]
15 58— 45 /N3 JE R ST 9 U 43 2 — J5 PR RE AL EE B 4 3K B R 4331
BT A BT TR, 5ok S A 1Y & R [ AR S B
RUYIN 5 0 B8 45 L IFKe oA A B ) 45 5 AL rh R A7 1 5

(1)3 A 45 LA I 51 LOSS bR 45 1& X L

S0 e S A W EE LOSS BRECEL Y TR B e 34 ok i 4 A58 70 2
B, It R A ARGE LOSS {1 2 A7 B 455 1 U 25, 3l I 4% 4 44
YR LOSS Xf et | an & 3 pizn . A LOSS s & v &
HH S S IR A T WL AR B R A A T 2 I R 2 R i A R
LU I R4S YOLOv3-MSSE Hy T M 4% J2 5 3% 1 15 4
T UG 450 2 (8 B K A HL 2 5k 3 oo R A I R TR s 0 T 5
YOLOv3, YOLOv3-SE i 4B iy 22 BE . 24 8 5 43 51 U1 2R 5] 50
A~ epoch B, 3 il 10 26 Z0 44 (14 I 4458 2 (6 R TT 4R 248 T B, I
T BN USSR R AR 25 TG L B RE R A e SR 4R (L 0. 06 224

175 ——YOLOv3
— YOLOV3SE
150 — YOLOv3-MSSE
125
2 “1
S 100 3 N‘,‘
g 21 "™
g 75 1 v '\\‘.\.n,n
&=
50 0
20 40
25
0

0 20 40 60 80
Epoch

100 120 140

B3 3 i 0 45 R M U 5 LOSS X EE i 22 )

Fig. 3 Loss comparison curve of three network architectures
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(c)mAP curves of the three YOLO models
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(b)Recall curves of the three YOLO models
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(d)Recall curves of the three YOLO models
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Fig.4 Curves of various indexes of three network architectures
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Table 2 Test confidence comparison

Confidence YOLOv3 YOLOv3-SE YOLOv3-MSSE
picture(a) 0. 40 0. 40 0.70
picture(h) 0.75 0.84 0.90

F3HIH T 3 B0 L4 AL R S AR LR, AT LR
s BBV 0 T i 2 ) AL R AT A 2 Y YOLOv3-MSSE
I 265 B G 55 AL I T R IS YOLOv3-SE W 48 844 7
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Mt JE 9 YOLOV3-SE #l YOLOv3-MSSE # %I 76 R 46 45 I
SR T T 5. 4% 1 19, 1%, 7 mAP b5 L BT T
6. 4% 20. 8% . fF Fl-scores & Fr L MR T+ T 3. 2%
11. 3%, W YOLOv3-MSSE 7F — % 72 & I G 0% A JR = 4
TR (3 A 00 P R L O B 5 L S A LA RS A % 5 A [l R 22 )
KR,

3 3l 2% A B ARG DU 8 AR X L
Table 3 Comparison of detection indexes of three network
architectures
Network structure P R mAP/%  Fl-scores
YOLOv3 0.920 0.603 57.3 0.728
YOLOv3-SE 0.908 0.657 63.7 0. 760
YOLOv3-MSSE 0. 899 0.794 78.1 0. 841

L5RIE  YOLOv3-MSSE J7 {238 iz 3 e i A5 5 %) 4 AiF
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SR RS BE . TR L% 5 MR FE YOLOV3 B AR K6 0 9 2% 45 4
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L, PR 2 R I AR AL e A 4 A g e b
5 A B R A R AE I X DG AR AT A E ARSI AT £ S
B £ PF T SE LT R AG IME RE 1Y K iR R B T S IR SR
AT A G W0 Ak B A 2 B A

B2 A 1A YOLOv3-MSSE 5454 UL F AR 2
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