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Abstract: In the research on fire prevention algorithms for ancient buildings, the scarcity of datasets has become a major challenge. To ad-
dress this issue, this study proposes a novel method for fire detection and prevention in ancient buildings. First, a virtual platform was devel-
oped to generate simulated fire data, which can model the spread of flames and smoke in ancient structures. On the algorithmic level, this
study introduces an improved algorithm model, YOLOvS5s=STI, which incorporates the Involution convolution computation method, allowing
the model to more flexibly adapt to the characteristics of the input data. The backbone of the model integrates the Swin Transformer, which ef-
fectively captures the spatial distribution of flames and smoke, enhancing the model’s ability to recognize fire dynamics. The C3 module is en-
hanced with the SimAM self-attention mechanism, which adaptively adjusts the spatial correlation of features, improving the model’s accura-
cy in identifying fire regions within images. Evaluation experiments on the simulated dataset show that the improved model achieved a 1.2 per-
centage increase in mean Average Precision (mAP@0.5) and demonstrated strong performance in detecting real-world flames and smoke.
These results validate the effectiveness of this method in the fire prevention of ancient buildings.
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Fig.1 System framework for the construction of an ancient building
fire simulation dataset
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Fig.2 The ancient building modeling process
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Fig.3 Comparison of ancient building modeling with real building
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Fig. 4 Design effect of flames and smoke
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Fig. 5 Results after processing video into image sequences
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Fig.7 SimAM attention mechanism structure
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Table 1 Model hyperparameter configuration
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Parameters Value
Learning rate 1.00E-05
Weight decay 1.00E-04
Total epochs 100
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Fig. 10 Changes in data during model training
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Fig. 11 Detection performance of YOLOv5s—STI on simulated data
for flames and smoke
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Table 3 Comparison of ablation experiments on simulated datasets
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Dataset Models P R mAP  EBE/Ii-S7!
YOLOvS5s 0.693  0.514 0.696 98
YOLOv5s— SimAM 0.672  0.525 0.679 83
Our Simu- YOLOvSs- SimAM—Swin
0.643  0.562 0.699 79
lated Data Transformer

YOLOv5s— SimAM-Swin
0.668 0.59 0.708 78

Transformer—Involution
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Table 4 The results of different models on public fire and smoke data-

sets
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