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Video flame recognition method b@q deep learning

Cai Chunbing , Wu u Kunpeng
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Beijj China)

Abstract : Aiming at the characteristics of tradm@l eo fire detection methods that rely on manual experience to ex-
tract flame features, with high false alarm rag€ ow accuracy, a video flame recognition method based on deep learn-
ing is proposed. This method makes full use e motion characteristics and color information of the flame. Firstly, the
improved five —frame subtraction method

Then, the RGB-HSV mixed color

above two steps are combined

nd *e adaptive Gaussian mixture model are used to extract the moving objects.

odel is used to filter out the possible flame areas in the image. Finally, the
the suspected flame area, and the extracted image of the suspected flame area
is fed into the pre—trained sonvolutional neural network model for accurate recognition. The test results of flame
video in many scenarios sho he proposed method has higher recall rate, accuracy rate, and lower false alarm rate.
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