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Abstract: Drone aerial photography technology holds broad application prospects in fire detection, but detecting flames and smoke in aerial

images faces challenges such as dense small targets, variable scales, complex backgrounds, and high real-time performance requirements for

models. To address these issues, a drone aerial flame and smoke detection algorithm, EWD-YOLO, based on an improved YOLOv8n is pro-

posed. Firstly, an Efficient Multi—Scale Convolution (EMSC) module is designed to enhance multi—scale feature extraction capabilities and re-

duce parameter count. Secondly, anti—aliasing wavelet pooling (Wavelet Pool) technology is adopted to reduce aliasing effects and improve the

detection accuracy of small targets. Finally, a lightweight detection head (Detect—efficient Head) is constructed to optimize computational effi-

ciency through path sharing and efficient convolution. Experimental results on the FASDD dataset show that the EWD-YOLO algorithm

achieves an mAP@50 of 88.1%, a recall rate of 81.2%, and an FPS value of 192.1. lts comprehensive performance surpasses other detection

algorithms in the YOLO series, demonstrating good adaptability and practicality in complex environments.
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Fig. 1 Structure of EWD-YOLO model
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Fig.3 Diagram of Wavelet—Pool algorithm diagram
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Fig.4 Structure of Detect_Efficient detection head
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Table 1 Comparison of C2f module improvement effects

K1 CABHRBHEIRILER

mAP mAP@
lgiiz i PI% R/% @  50- GFLOPS FPS

50/%  95/%
YOLOv8n 852 805 872 615 8.1 187.9
YOLOv8n-C2{~EMSC 859 81.6 879 61.7 7.6 186.3
YOLOv8n-C2(~-EMSCP 857 80.6 872 62.1 7.9 178.9

YOLOvn-C2-MLCA 877 803 87 614 81  170.1
YOLOvSn-C2f-RFCAConv 848 812 87 617 88 1094
YOLOvSn-C2-iRMB 853 793 867 605 70 135
YOLOvSn-C2-Faster—EMA 865 78 867 603 65 134
YOLOv8n-C2f-WTConv ~ 85.1 794 867 613 73 1298
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Table 2 Comparison of lightweight improvement effects

x2 BEARHBRLER

mAP mAP
Wavelet
DWConv Pool EMAP/%R/% @ @50-GFLOPS FPS
00
50/% 95/%
85.981.6 87.9 61.7 7.6 186.3

WA
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Table 3 Comparison of enhancement effects of specific modules

R3 FEESIDERRILER

MAP@ MAP@50-

AR MLCA LSKA Triplet Attention  Detect_Efficient P/% R/% GFLOPS FPS
50/% 95/%
C2f-EMSC-WaveletPool 85.6 80.9 88 62 7.0 189.4
g v 85.8 80.8 87.1 61.4 7.0 185.4
et 2 v 86 80.1 86.8 61.7 7.1 182.2
Ptk 3 J 86.2 80.1 87.7 61.5 7.0 180.0
Pt 4 86.8 81.2 88.1 62.1 7.0 192.1
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Table 4 Ablation study results
x4 HEMIBER

mAP@50-

El EMSC Waveletpool Detect-Efficient P/% R/% mAP@50/% 05/ GFLOPS FPS

YOLOv8n 85.2 80.5 87.2 61.5 8.1 187.9
el J 85.9 81.6 87.9 61.7 7.6 186.3
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Table 5 Comparison study results 1145120
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(a)  EWD-YOLO model for fire and smoke detection (b)  YOLOv8n model for fire and smoke detection
(a)  EWD-YOLO B2 J AR A5 (b)  YOLOv8n B2 A£G )

fire 0.59.

(¢)  EWD-YOLO model for fire detection (d)  YOLOv8n model for fire detection
(¢)  EWD-YOLO B Jo A 6 1 (d)  YOLOv8n #8Y J A A6

(e) EWD-YOLO model for smoke detection (f)  YOLOv8n model for smoke detection

(e) EWD-YOLO F ! 55 6] (f)  YOLOv8n FHU I 55 6]

Fig. 5 Comparison of visual detection effects
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(a)  Smoke detection heatmap of EWD-YOLO model
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(b)  Smoke detection heatmap of YOLOv8n
(b)  YOLOv8n BRI 25 K £A 7 141

(¢)  Fire detection heatmap of EWD-YOLO model
(c)  EWD-YOLO BRI JAGAG A Ty 14l

(d)  Fire detection heatmap of YOLOv8n
(d)  YOLOv8n # B J I Kl 24 g [l

Fig. 6 Heatmap comparison
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