ANTEREFR, 2023, £ 1%, £248, 167251

ATH A5

Artificial Intelligence Frontier
ISSN: 2958-1478 (print)
B E AT Ak
Contents lists available at www.gingpress.com

D| HQPFESS Journal homepage: gingpress.com/zh-cn/journals/45

SHUANGQING PUBLICATIONS

BEFFEHHEIF YOLOX By MR E N E S

kAL, HREBEY
(1. FEAFREFR (FIM), LTH 7N 2150005
2. REAFEAIR¥M, LA #@x 210000)

R KOG M N A 2 A HIE R E R P 8 R I R BR T 22—, XRS5 AT A M R 24Tt
B3 KR o BRI T LA L E T3 V506 SO AR 2 BEAT L (05 5 B R R AR RCRIRSE A, A
SCHR P T8 2 R R UL SGEE ) YOLOX  H ARl &% . Swin Transformer J&—Fhk:T 2k H
RN EWEEE DR RE 2 W 2 . AT I T3 & I PLEI AT YOLOX, JEid A Swin
Transformer P 2841 Dy H AR AL Y 32 T 2% , 456 2 (a3 R 00 Sl i s U], IRnBoi ik, bR B
JFN A JRRFE RE /) 56 45 AR W, 7EAH [F) Bt 4 b, T3 R JUmL BGgt i) YOLOX A ARAE T YOLOX
HARITE T Fa bR mAP &/ 1 5. 75%, JKHE-5 8 S A A HERf BE3RAS 1 A KT

KA G, W%, TEE AL, H ARSI

Fire and Smoke Detection Algorithm Based on an Improved YOLOX

with Attention

Bo-chao ZHU!, Zhao XU?
(1. Department of Software Engineering, Southeast University, Suzhou Jiangsu 215000, Ching;
2. Department of Civil Engineering, Southeast University, Nanjing Jiangsu 210000, China)

EEWH: HEDAHRES(Q0YIAZHILY); IHEBARFE S (BK20201280);E R EH AR FE £(72071043)
EBEN: KIE8, B, TEBHARSME: HEHNR
SEELEES: BB, WEAMEBIM, TIEEE%, Email: xuzhao@seu.edu.cn

2958-1478/© Shuangging Academic Publishing House Limited All rights reserved.
Article history: Received April 21, 2023 Accepted May 5,, 2023 Available online May 11, 2023

Doi: https://doi.org/10.55375/aif.2023.2.2

16


http://www.qingpress.com/

Abstract: Fire disaster is one of the major disasters that seriously threaten human life's safety and cause huge
property losses. Detecting the flame and smoke can effectively prevent fire disasters. In response to the low accuracy
and efficiency of existing machine vision-based methods for detecting flames and smoke, this article proposes a YOLOX
object detection algorithm using multiple attention mechanisms for improvement. Swin Transformer is a hierarchy deep
neural network with multi-head self-attention and shift window. Our model is based on the attention mechanism
and YOLOX by using Swin Transformer as the backbone of object detection, combining spatial attention and
channel attention, adding blur loss so that the model can perceive global features. The experiment results revealed
that, on our dataset, the improved YOLOX is 5. 75% better than the original one in mAP, and the accuracy of
fire and smoke detection is greatly improved.
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