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[Abstract]

Fire is a fatal disaster that causes immense damage to life and property; therefore, its early detection has become increasingly
important. To overcome the limitations of conventional sensor-based fire detection, this paper proposes an optimized custom
YOLOV8(You Only Look Once) model for real-time detection of smoke and fire on the NVIDIA Jetson Orin Nano edge device.
The experimental results indicated that the proposed YOLOv8-RE2 model achieved an accuracy of 48.06% in terms of mAP(Mean
Average Precision)@0.5:0.95, thus performing comparably to the YOLOv8-M baseline. However, owing to structural complexity,
the inference speed was 13.76 FPS, which is ~27.5% lower than the baseline. This study confirms that custom models can be
applied in edge environments and suggests the necessity of investigating lightweight design and speed optimization via advanced
attention mechanisms.
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Table 1. Comparison of structural features of the proposed

model
Category YOLOv8-M YOLOv8-RE2
Target 80 Class 2 Class
Backbone Standard C2f Deep C2f, SPPF
Attention X CBAM, SimAM, ECA
Neck Concat BiFPN_Add
Head 3-Scale 4-Scale
Parameters 25.9M 63.4M
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Fig. 1. Full architecture of the proposed model
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Table 2. Hyperparameter settings

Parameter Value
Image Size 640 X 640
Optimizer SGD
Epochs 300
Patience 50
Batch Size 32
Learning Rate 0.01
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Table 3. Performance comparison of YOLO models

" mAP mAP
Model Precision Recall @0.5 @0.5:0.95
YOLOV8-L | 80.32% | 73.95% | 79.63% | 48.30%
YOLOVE-M | 81.03% | 74.84% | 80.13% | 48.49%
YOFLES;S_ 80.62% | 72.62% | 79.10% | 48.06%
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YOLOv8-RE2 48.06% 72.67ms | 13.76 6.61
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