MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2023,32(3):265-274 [doi: 10.15888/j.cnki.csa.009000] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

HMuH#E YOLOX-nano B AR A KGR 2= 46 70| ©
T, mie) g, A, TR

(IR 15 B 5 B TR AR, HF R 250101)
LRI MU TR, BFRE 250101)

SOLUZRE B BRI BOAR A SR E, Hrg 250101)
BE/E#: ST, E-mail: gaohuanbing@126.com ‘
3T G YE R AR 25 1 K S R o e 47 K RT3/ B e RS U £ 75 50, s SR — R T R
FEH451 2% (eCloU) IELHE YOLOX-nano (ASe-YOLOX-nano) H ARl k. 5 2k, $ H ™l 1 B A Fo 0 i %5
eloU 1 2k bR R B ARAE 48 ToU Ha 2%, R R AE A DU /I E B st S0 AE AN SCSAE St LTS 58 SR % 00, B T i S BT B8 1
B 55  B FL7C, 70 P28 BT T ) N 2 7 R, 7E I TR 2 o L A B 5 9 4 s At B AR B/
B U R AE R PR LG A, AR ST SR F it A, 25 ] G 3 A 45 M R BOCAS [R) RST 1) 25 [R1REAEAS 2., PT DASR FHEE B0 T
2 R AT oy AT AR PR P e, DAL G L B A /Nt P DA 7S 2 RARFALE, SR Mosaic 38 5B AR Filkb 2 45035 48, $2 7+
Bz A RE 7D, uﬁti&~5i%%wéﬁﬁé. WIS H AR EE G T X LRI AIE, H A5 R EIR, mAP $EARiAE] 70.07%,
He AR 1 T 3.46%, KIARIHER 235 5] 84.66%, 1T IIAF] 74.56%, FPS fEfsRasEE 73, M1 T4 YOLOX-
nano HIEIA B I B KR AT RE 7.

SERIR): AN T FIHLH; ot ik 2 H) 4 8 K R AL YOLOX

G R VE T, e 5 52 B0 AR i, DU K2 3G YOLOX-nano K R K JEIHZEAG . LR S8 ,2023,32(3):265-274. http://www.c-s-
a.org.cn/1003-3254/9000.html

Flame and Smoke Detection of Fires Based on Improved YOLOX-nano

WANG Zi-Jian'?, GAO Huan-Bing'”?, HOU Yu-Xiang"”, DU Chuan-Sheng"”’, BEI Tai-Xue’

'(School of Information and Electrical Engineering, Shandong Jianzhu University, Jinan 250101, China)
*(School of Mechanical and Electrical Engineering, Shandong Jianzhu University, Jinani250101,"China)
*(Shandong Provincial Key Laboratory of Intelligent Building Technology, Jinan 250101, China)

Abstract: As small targets in the early stage of a fire are difficult to détect during flames and smoke detection of fires, this
study proposes an improved YOLOX-nano (ASe-YOLOX-nano) object detection algorithm based on natural exponential
loss (eCloU). Firstly, a new ebject deteetion fuﬁction, the eloU loss function, is proposed to replace the traditional IoU
loss, which solves the problems of no intersection between the prediction box and the real frame in small target detection
and the inability to react to the influence of width and height. Secondly, the attention module is introduced in the network
model to vaguely locate the target position in the early stage of the network and improve the accuracy of the detection of
targets, especially small targets, in the later stage of the network. In addition, the soft pooled spatial pyramid pooling
structure is employed to extract spatial feature information of different sizes, which can improve the robustness of the
model for spatial layout and object degeneration. In this way, sufficient features can be extracted when the target is small.
Moreover, the Mosaic enhancement technology is used to preprocess the dataset to improve the generalization ability of

the model for further improvement in network performance. The comparative verification of the target data set shows that
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the mAP index reaches 70.07%, which is 3.46% higher than that of the original model, and the model enjoys accuracy of
flame and smoke detection of 84.66% and 74.56%, respectively, and a stable FPS of 73, which has better fire detection

ability than the traditional YOLOX-nano algorithm.

Key words: fire detection; attention mechanism; soft pooling spatial pyramid; loss function; YOLOX
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