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Forest Fire Recognition Method Based on Recurrent Neural Network

CAO Yichao' WU Zepeng’ ZHOU Yufei’ WEI Shujing’
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Abstract Smoke in the early stage of forest is very important to prevent forest fires. Due to the slow
moving speed and nonobvious features of smoke in long-distance video surveillance, reliable smoke detection is
still a very challenging task. We present a novel forest fire recognition method based on recurrent neural network
(RNN) for forest fire video monitoring scenes. This architecture consists of spatial feature extraction network
and temporal neural network. Spatial feature extraction network extracts static features of fire smoke efficiently
through deep learning. Through the memory of the hidden layer, RNN can further fuse the spatial features and
mine the dynamic features of fire smoke . It can not only extract distinguishing spatial features from images, but
also extract temporal features by recurrent neural networks. Experiments show that this method can achieve higher
accuracy and less false positives in a variety of complex scenes.
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Fig.1 Typical early forest fire image from forest fire video surveillance
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Fig.2 Flow chart of the proposed method
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Fig.3 Sequence recognition model based on recurrent neural network
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Fig.4 Structure of recurrent neural network
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Fig.5 Structure of recurrent neural network unit
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Note row 1 to row 4 show samples of four early forest fires, each with a sampling interval of 200 milliseconds
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Fig.6 Sequence samples in forest fire recognition task
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Tab.1 Composition of sequence dataset
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