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Abstract: [Purpose]In order to solve the problems of target smoke misdetection and low detection accuracy in
complex scenes.[ Method ] Improve and optimize the YOLOv7 algorithm which was on the current best perform-
ing object detector, replaces the PAFPN structure in the Neck part of the original model with the asymptotic fea-
ture pyramid structure AFPN and uses ECIoU as the objective regression loss function, and verifies it on the self-
constructed dataset SM-datase and Pycharm platform. [ Result] Experimental results show that the accuracy of
the improved algorithm was increased by 1.3% to 68.6% compared with the original YOLOvV7 model, the aver-
age accuracy mAP is increased by 1.8% to 64.6% compared with the original YOLOv7 model, and the computa-
tional complexity of the improved algorithm is only 82.5 GFLOPs, which was 27.4% lower than that of the origi-
nal YOLOv7 model. [Conclusion]Based on the improved YOLOV7 algorithm, the algorithm proposed in this
paper can not only reduce the computational complexity of the network but also improve the detection accuracy
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in complex scenes, which provides a new idea for the follow-up research of smoke detection in complex scenes.
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Tab.l Parameters of experimental platform

Lab environment Platform parameters

System 64-bit Windows system
RAM 16 GB
CPU model i7-10700
Graphics card RTX1660 Ti-6 GB
Weight decay 0.0001
Initial learning rate 0.001
Image size 640*640

PER, T I EEAER R 2 2PE . PEO FiRbm HAA A 5K
wmr

__ 1P
P=Tp i Fp (8)
AP= [/ Pd, (9)
1w
mAP—ﬁ;AP,. (10)

33 XWEREHM

A SRR LR G Y OLOVT 28 A5
S B R INRCR , RS R I S g5, B8 Tl
SIS WA YOLOVT #5 BU rh f) £ MSHGZE A 31 7

x2

N2 B S I0 45 3 5 E 0 Baseline [ YOLOv7
R IEA 7% B, ACHH AR 7R f14) 51 o 2 56 45 SR Gn 5% 2 i
e MFE2TTLIEH YOLOVT FlLG T AFPN 4545 ,
ZH 5 RABE LR RE T 32.2%, AR N T
21.5%, f#i13 YOLOV7 AU T B IR AR AR 2 2%
PSR RIIR A 4 B ) Al A8 JEA [ ) 4 2
PRI 0 A Efficient-CloU #15% pREL , Gk 145 2% R
254 T CloU M1 EloU i 25 pREL B AR i, 7 I AT 1
INEEGE AN E R TS T 5 Baseline # H , 1ERfR
PHETE T 0.4% ,mAPSOHAE T T 1.2% ; FEA SCHE
YRR AFPN 4544 A4 2% s AL E-CloU [w] ik
TR B, IR 45 SRR, 5 YOLOVT A L, it
HBE T Az 0 VR B R P AR T T 1.3% , mAPSO $2 T T
1.8% , 28 TR T 32.2% , MBI T T
21.5% ASCHEEH I PR AR LG RS T
ACHAS Y B G AR ARG P RE R AER A IR 2 B 2,
PG FTE PEREXT HL A 8 Fi R o

R T k2 R AR SO A R AR SCHE
SM M 55 B Ha 4 15 53 A LRSI 5 vk 1647 T %)

HRASEIS

Tab.2 Ablation experiments

Case AFPN  E-CloU Pl% mAP50/% Parameter quantity Calculation quantity/GFLOPs
YOLOV7 x X 67.3 62.8 74.8 105.1
Experiment A V X 67.5 63.4 50.7 82.5
Experiment B x VvV 67.7 64.0 50.7 82.5
Experiment C V V 68.6 64.6 50.7 82.5

(b) After improvement

(a) Before improvement
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Fig. 8 Comparison examples of smoke detection
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LR 3 PR o
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Tab.3 Performance comparison with other methods

Way mAP50/%
Faster-RCNN 54.4
RetinaNet 57.5
SM-YOLO 63.9
Ours 64.6
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