1% F£7H 2 B8 it E M5 M A
Vol.11 No.7

2021 £ 7 A

Intelligent Computer and Applications Jul. 2021

XEHS: 2095-2163(2021)07-0086—-05 HESES: TP183

EH F Transformer 2 i## YOLO v4 B N R #& M 75 5%

IEE
(WFERERFE HENBZEESIEFKR, LE F5 266590)

& OB BT IR A I 22 RUBE U RN 2548 BE AR, LS B 22 (4 ) 1, $5 HH T — R 35 F Transformer #(iF YOLO v4
B R KGN 54 . T 4G, 454 MHSA (Multi—Head Self-Attention ) (it T CSPDarknet53 3= W4 | #3484 R i 5¢ 2 L 384341
A LETFIUEE, IAh, 22T MHSA Bt T PANet SEHEAT 2 RBEHFHE R BILA , JREUE Z B4 RRAE, M I8 UE Bt 7 3k A 3%
#£,5 YOLO v4,YOLO v3 S5k A7 b, SEgiE il RALBESS RN 2 RUBE B b, U ¥ 3 5 T SR B S, HLAG T
TR RHRAR R SR AT W MU R B KRR IIAT 55

KRR W EEMLE; YOLO va 8395 JCRA

MR SRS A

Fire detection method based on Transformer improved YOLO v4
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[ Abstract] Aiming at the problem of low accuracy and poor real-time performance of the fire detection algorithms in detecting
multi—scale flames and smoke, a fire detection method based on Transformer improved YOLO v4 is proposed. First, combined with
MHSA (Multi-Head Self-Attention) to improve the CSPDarknet53 backbone network, global dependencies is modeled to make full
use of context information. In addition, based on MHSA , the PANet module is improved to perform multi—scale feature map fusion
to obtain more detailed features. In order to verify the effectiveness of the improved method, it is compared with YOLO v4, YOLO
v3 and other algorithms. Experiments have proved that it can not only detect multi —scale targets, but also achieve real —time
performance in video surveillance scenarios. It has the advantages of high accuracy, low false alarm rate, and real-time detection,

which can meet the fire detection tasks in surveillance video scenarios.
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Fig. 8 The detection results of the improved YOLO v4 algorithm
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