275240 Vol.27 No.2
200442 11 BT SOFTWARE ENGINEERING i

X E RS :2096-1472(2024)02-0049-06 DOI:10.19644/j.cnki.issn2096-1472.2024.002.010

£F B3 YOLOVS BIZE MR R T B % 50
B SUUE . PR R

(LB T RFHMIAZFR, LiFE 200093)
D4 cyx1873891950@ 163.com; sh_jf@ 163.com; zlv@ usst.edu.cn

B A SIRRSIFEARNE, Sl TR KRR G R IR E BRI RS B2 BRIEE N BRI
BIRK . T RTINS B AL 4R T — A T YOLOVS BYARBR K RAGI S A, A
HIFE Neck 3 |- 2K AL By B v 59 Upsample 45 #) J5 1 DL M &4~ C2F #H J5 1 % Il CBAM ( Convolutional Block
Attention Module) i3 5 JJ AL o 388 10 X AR AF 300 18 1 24 1] (9 2% 2, 31 1 A5 280 ) R iF £ JBUBE L 90 DR K U 0 AR 55 R 45 4
RN SZ AN 3 PR 2 52 0 3 B0 R R AR A [ R, 2 B B 1 T T Kk B ‘i"‘ SRLE N AT R W3
B, 5 BRAR TR L , 28 Ok A SR AT R 1 A R R0 [T 2R 43 AR = T 6. 500 Fll g8, QRN mAP @0. 5 427 T
4.8%, THEAIREY »E&ﬁfﬁE‘Jﬁ%ﬁ’ﬂﬁ‘é@?ifﬂﬁﬁ%kﬁ(ﬂ@S‘QHHLHQ‘UWJ'Q

KR : YOLOvS ; CBAM V7 S AL 5 Bk K TAG I
HhE 4K S TP391 XEAAREAD A
Y 4

Research on Forest Fire Detection Algorithifi Based on Improved YOLOVS

Yl
CHEN Yixiao, s\ ehg, ZHONG Liangwei

(School of Mechanical Engineering, Unive: of Shanghai for Science and Technology, Shanghai 200093, China)
389192@ 63.com; sh_jf@ 163.com; zlv@ usst.edu.cn

Abstract: With the warming of global weather, extreme weather such as high temperatures, droughts,

and strong winds ar more frequent and concurrent, leading to frequent outbreaks of forest fires around the
world. In order to improv&®he accuracy and real-time performance of forest fire detection, this paper proposes a forest
fire detection algorithm model based on improved YOLOVS. This model adds CBAM (Convolutional Block Attention
Module) attention mechanism after the Upsample structure in the Neck upsampling stage and after each C2F module,
which improves the feature extraction ability of the model through learning feature channels and spaces and solves the
problem of low resolution of flame and smoke images and low recognition rate caused by different scene factors.
Applying the algorithm model to the fire dataset for training, validation, and testing, it has been found that compared
with the original algorithm model, the accuracy and recall rates of the improved algorithm model increase by 6.5% and
6.8%, respectively and mAP @ 0.5 increases by 4.8% . The experimental results show that the improved algorithm

model can achieve real-time monitoring and accurate identification of forest fires.
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Fig. 4 Structure of the channel attention mechanism model
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