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Abstract: To address the issues in the task of forest fire and smoke detection in remote sensing images, such as
significant multi-scale feature differences,severe interference from complex backgrounds, and missed detections of small
targets , this paper proposes a forest fire and smoke object detection method based on an improved RT-DETR. This method
introduces a feature modulation and fusion module to strengthen the effective fusion of multi-scale cross-level features;
designs a lightweight bottleneck structure to realize the information interaction between spatial semantic features and local
detail features;meanwhile,adds a P2 small target detection layer to enhance the model’s attention to the local feature
information of small-target fire images. Experimental results show that the algorithm proposed in this paper reduces the
parameter amount by 7.40% , improves the precision by 1.07% and recall by 3.58% , and increases the mean average
precision(mAP) mAP50 and mAP50-95 by 3.49% and 1.12% ,respectively. Meanwhile, the F1-score rises from 0.799 3
to 0.824 0,which makes it more capable of meeting the requirements for detecting and locating small targets in complex
scenarios such as forest fires and smoke.

Key words: remote sensing images, smoke and fire detection, multi-scale features, group shuffle convolution, feature
modulation fusion, RT-DETR
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Fig. 1 Overall architecture diagram of the improved algorithm of this paper
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Table 1 Ablation study results for fire and smoke object detection on the M*SFWD dataset

SIS MFM  VoV-GSCSP P2 R P/%  HEERR/ % mAP50/%  mAP50-95/% F1 538 SR/
1 85.22 75.27 82.31 50.85 0.799 3 31.99
2 VvV 85.63 76.16 83.21 51.22 0.806 2 31.70
3 VvV 84.59 80.08 85.86 52.83 0.822 8 42.16
4 2 85.40 77.43 84.04 51.47 0.8122 35.12
5 VvV VvV 85.50 75.64 83.37 50.67 0.802 7 27.78
6 Vv vV 84.96 76.73 83.39 51.46 0.806 3 34.56
7 vV vV 85.20 77.61 84.43 50.95 0.812 3 34.97
8 vV VvV vV 86.29 78.85 85.80 51.97 0.824 0 29.62

2.3 xttbsEm
R PEAGAS SCEA O PERE , IR T M 0 E AR A AR AT XS L S, X AR A - i A
RT-DETR,YOLO RFIHAI [ YOLOV8 ™ | YOLOVI0"™/, LI K SSD #EAI™  CenterNet ™! | RetinaNet ™. 4/
KA HEIEA R AR OS5 RS T2 2.
Fz2 3 MSFWD 8RR R 77 % 1 A MEIE T B AR 3t tE 2R

Table 2 Comparison of detection performance of different methods for fire and smoke object detection on the M*SFWD dataset

TR Kt P/ % HIR R/ % mAP50/% mAP50-95/% F1 534k SR/
RT-DETR 85.22 75.27 82.31 50.85 0.799 3 31.99
YOLOV8 81.75 80.30 84.79 51.81 0.810 2 43.61
YOLOv10 82.44 78.80 84.11 51.35 0.805 8 24.31

SSD 83.48 38.27 58.46 — 0.490 0 23.88
CenterNet 92.09 48.60 76.99 — 0.630 0 32.66
RetinaNet 88.35 46.54 73.05 — 0.590 0 36.35
Ak 86.29 78.85 85.80 51.97 0.824 0 29.62
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Fig.5 Visual comparison of fire and smoke detection results in daytime scenarios

smoke 0.56

fre e sﬁ-‘i’-ﬁ'}g

smoke 0.42 smoke 0.48
smoke 0.79

(a) JEUR BT UASAL (ARG I 25 2R (b) AR SCR R AL RN 25 2R
Bl6 FRFARTNEESRNERTRLITLL

Fig. 6 Visual comparison of fire and smoke detection results in dusk scenarios
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Fig.7 Visual comparison of fire and smoke detection results in night scenarios
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Fig.8 Detection performance of different deep neural networks on dispersed smoke
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Fig. 9 Detection performance of different deep neural networks on fire-smoke mixtures with small targets
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Fig. 10 Detection performance of different deep neural networks in complex environments with multiple smoke sources
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