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ABSTRACT

In this paper, we propose a real-time fire detection algorithm for using surveillance camera system. Candidate
regions of fire flames are recognized by temporal analysis of the flickering energy and color models of image
pixels in frames. We also develop a robust fire flame classifier using a cascade model that joins many weak
classifiers into one robust and precise classifier capable of distinguishing true fire and non-fire regions.
Experimental results show that the proposed algorithm is absolutely sited for real-time fire detection with high

precision.
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Fig. 4. Cascade model for fire classification
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