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Application of improved Convolutional Neural Network in image smoke detection
WEI Weihang, MA Qianli, GAO Zhiliang, ZHAO Jincheng
('ShenZhen Micro&Nano Research Institute of IC and System Applications, Shenzhen Guangdong 518071, China)

[ Abstract] Recent smoke detection built on Convolutional Neural Networks recognizes smoke through sequential learning of
several convolutional layers. An improved Convolutional Neural Networks framework is proposed to boost the performance of
detection. The framework adds batch normalization layer and lightweight convolutional structure, and aggregates feature maps from
different convolution layers in the network for joint training. The improved Convolutional Neural Network has smaller network
structure and fewer training parameters. In the simulation experiment, the dataset are expanded to enrich the training data. The
experimental results show that the improved Convolutional Neural Network enhances the recognition accuracy and recognition speed.
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Fig. 1 Conventional convolution operation
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Fig. 2 Deep separable convolution operation
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Fig. 3 The architecture of the improved Convolutional Neural Network
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Fig. 5 Training accuracy rate
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