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Research on Flame Detection Method Based on Improved YOLOX-m
ZHAN Naiyan, ZHANG Xiaohe, JIANG Zexu, YU Jingzhi

(School of Emergency Science and Engineering, Jilin Jianzhu University, Changchun 130119, China)
Abstract; Nowadays, the automatic fire alarm technology is gradually developing towards intelligence, networking, and
automation. However, current real-time flame detection techniques have the characteristics of low detection accuracy and
high computational parameters. To address these issues, this paper focuses on the YOLOX-m object detection model, and
proposes an improved lightweight fire detection model. The proposed model improves the YOLOX-m model by replacing the
backbone network CSPDarknet-53 with the ShuffleNetV2, which reduces computational complexity while improving network
accuracy. Additionally, the RFB module is inserted into the ShuffleNetV2 structure to increase the receptive field, enhancing
the detection capability for large objects while maintaining the resolution and precise localization. The upsampling in the Neck
is replaced with the Pixel Shuffle to minimize the feature loss. Furthermore, the attention mechanism CBAM is incorporated
to enable the network to focus on the crucial information, thus improving the overall performance of the model. Through ex-
perimental testing of the optimized algorithm, the improved model increases the accuracy by 2.87% compared to the
YOLOX-m model, with a reduction of 37. 9% in parameters and a decrease of 30. 7% in computational complexity. The im-
proved model is successfully applied in real scenarios such as forest and urban fires, which can detect flames more accurately.
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2 6005 F . IR UE4E 289 k& Al L 4 723 ik &
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£, W EE, RIS E Az =GR
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flifgdr, Hrp.
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K UL PR £k 5 A2 4r il [ A A9 1 BB K, Precision
5 Recall 7%k A0 450 .

3) FLOPs #§ 7% si 5 B T K Al 6 155 700 11 52
BE BUEsoRk, Mg stE L, BEAME .
3.4 HRLLI®

KT AR M IE M SCIR 45 R, AR SGE o R E
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F2 HERER
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6 N/ N N N 78.74 | 64.16 | 51.096
7 N N4 N NV 78.87 | 64.90 | 51.096
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b RURURCE Ty T A S R R AL UE B AR SO
E KGRI J5 1) A e i

F3 XK

Model AP | FLOPs(X10") | Params( X 10")
SSD 49. 82 60. 756 23.612
Faster-RCNN 47.38 369. 719 136. 689
YOLOX-m 62.03 73.726 25.281
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