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Fig.1 The framework of multi-resolution convolutional neural network
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Fig.2 Test accuracy graph
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Fig.3 Grayscale map of fire image
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Tab.l Comparison of detection results of two algorithms
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Fig.5 Demonstration of some experimental results of

comparative experiments
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Fire Detection Based on Multi-resolution Convolution Neural Network

HUANG Wenfeng', XU Shanshan®, SUN Yi’, ZHOU Bing’

(1.Henan Provincial Institute of Scientific & Technical Information, Zhengzhou 450003, China; 2.School of Information Engi-

neering, Zhengzhou University, Zhengzhou 450001, China)

Abstract; A fire detection algorithm based on multi-resolution convolutional neural network was proposed to a-
chieve the objective of fire detection in real scenes. This algorithm leveraged the BN_Inception network as the
basic network structure. Different coarse and fine resolution neural networks were used to learn the multi-scale
visual features of the fire in complex scenes complementarily, while paying attention to the background envi-
ronment, local targets and overall layout of the scene. The method was evaluated in fire dataset covers most re-
al scenes. The experiment showed that the proposed method could achieve better detection results than other
methods, which could be effectively applied in the real world.

Key words: multi-resolution convolutional neural network; fire detection; deep learning; weak

supervised learning



