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Fig.2 Resnetl8 network classification model
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Fig.4 Spatial transformation network schematic diagram
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Fire image recognition based on improved Resnet18 network

Chen Kuayue', Wang Baoyun®®

(a. School of Mathematics; b. Yunnan Key Laboratory of Modern Analytical Mathematics and Applications,

Yunnan Normal University, Kunming 650500, China)

Abstract: In view of the problems such as low accuracy, difficult feature extraction and weak translation invariance of
the network during fire image recognition by traditional convolutional neural network, this paper improved Resnetl18 network to
make it have higher performance and accuracy. First, the spatial transformation network(STN) is inserted in front of the con-
volution layer of the Resnetl18 network. For multiple convolution layers of the same size in a row. only the STN is added before
the first convolution layer, a total of five are added, and the dropout layer is added after the fully connected layer to prevent
overfitting. Then, the transfer learning(TL) method is used to classify and identify fires. Experimental results show that the
improved Resnetl8 network accuracy rate, recall rate, F; value and AUC value are superior to Resnetl8 network and other
deep learning recognition algorithms, and can quickly and accurately identify fire images.

Keywords: fire detection; convolutional neural network; spatial transformation network; Resnet18; HSI color model;

transfer learning
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