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[Abstract]

Early detection of forest fire smoke using drone imagery is essential for real-time monitoring of vast forested
areas, but applying general object detectors faces limitations due to drone-specific challenges such as altitude
variations, viewpoint diversity, and small-scale smoke objects. In this paper, we propose an improved model
with a smoke-specialized backbone based on RT-DETR for real-time forest fire monitoring using drone imagery,
accompanied by rigorous performance analysis. The proposed model configures its backbone with SCPConvBlock,
which combines the channel-significance-based selective convolution module (SCPConv) and Efficient Multi-Scale
Attention (EMA), and applies a foreground-focused multi-scale feature pyramid network (MSFFPN) to resolve
the background confusion problem of small and sparse smoke frequently occurring in drone footage. Comprehensive
comparative and ablation experimental results on a drone-captured forest fire smoke dataset demonstrate that
the proposed model achieved superior performance with Precision of 0.883 (+0.7%p), Recall of 0.800 (+2.4%p),
mAP50 of 0.862 (+3.8%p), and mAP95 of 0.539 (+2.2%p) compared to the baseline RT-DETR, while significantly
accelerating training convergence speed by approximately 80% (from epoch 125 down to 25). We explicitly
state as a limitation that these results are derived from a single execution under fixed hyperparameters and

random seeds, and statistical variability across multiple runs was not evaluated.
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I. Introduction
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II. Preliminaries

1. Related works

1.1 Computer Vision and Deep Learning-Based
Smoke Detection
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1.2 Transformer-based smoke detection

Transformer 7|8 7] A& A= Ajdo] A2] o}
oflA] 45 self-attention HIAHAYES &85l 7]t &
o] HIYAo|n uFaNel AlBZt MES 2 o)
BINS PPl O FRF 4TS 2oty 9
4

,5]. Transformer®]self-attention2 U2 A Ao

o
M=y
fhuorgd s 2 L

paca g

o Wele] B RS A 4 o], 4] HElo] 3
Foloz SAE L wdT EXEl A9 ge
I &Fol Es] Agsi.

DETR(DEtection TRansformer)+ TransformerE 0|
25to] 2] 7452 End-to-End WAl g2 4385t tli
A FLaz, Ao Aole 37 BfAet vlA|f AA|(NMS)
17 o] object queryE S3ll SX RIS A4 o5k
AL FFTE] 015 43 &= At o AAY A
£ 95l Deformable DETR, DAB-DETR, DN-DETR,
RT-DETR 5 Cidet oAl 3x7b Aote|glon,
RT-DETRZ HARE 55 JHE stojH|t QliTiet
IoU-aware query selection2 £2l5t0] YOLO Agof] &

[



Design and Performance Analysis of a Smoke-Specialized RT-DETR
Improved Model for Real-Time Wildfire Monitoring Using Drone Imagery 203

L

©o} 9451 7% HAES DASIUCHE )

ol
——
rr
2
r
4p-

1.3 Drone Image-Based Wildfire Detection Research
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III. The Proposed Scheme

1. System Architecture
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Fig. 1. Dron—-based wildfire somke detection transformer
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2. Smoke Channel Partial Convolution (SCPConv)
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3. Efficient Multi-Scale Attention (EMA) and
Backbone
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4. Foreground-Focused Multi-Scale Pyramid
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IV. Experiments and Evaluation
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2. Performance Comparison with Baseline Models
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Table 1. Performance Comparison of Object Detection
Models

Model Precision Recall | mAP50 | mAP95
Faster-RCNN 0.798 0.726 0.772 0.476
YOLOv11m 0.819 0.765 0.829 0.533
RT-DETR 0.832 0764 | 0824 | 0517
(baseline)

Proposed 0.883 0.800 0.862 0.539
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Fig. 2. Performance Comparision
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3. Ablation Study and Cause Analysis
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Table 2. Object Detection Results by Model

Model Precision | Recall | mAP50 | mAP%5
RT-DETR-r18 (baseline) 0.832 0.764 | 0.824 | 0517
+ PConv 0.847 0.769 | 0.832 | 0.520
+ SCPConv 0.851 0.776 | 0.843 | 0.521
+ SCPConv + EMA
(SCPConvBlock) 0.851 0.791 | 0.852 | 0.535
+ SCPConvBlock +
MSFFPN(Proposed) 0.883 0.800 | 0.862 | 0.539
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V. Conclusions
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