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Implementation of Image based Fire Detection System Using
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ABSTRACT

The need for early fire detection technology is increasing in order to prevent fire disasters. Sensor device detection
for heat, smoke and fire is widely used to detect flame and smoke, but this system is limited by the factors of the
sensor environment. To solve these problems, many image-based fire detection systems are being developed. In this
paper, we implemented a system to detect fire and smoke from camera input images using a convolution neural network.
Through the implemented system using the convolution neural network, a feature map is generated for the smoke image
and the fire image, and learning for classifying the smoke and fire is performed on the generated feature map.
Experimental results on various images show excellent effects for classifying smoke and fire.
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Table 1. Environment of experiment
CPU Intel 7 5960x
Memory 128GB
Graphic Card | GTX 1080 8GB
0S Ubuntu 14.04 x64
. Caffe, Cuda 7.5, cuDNN 4,
Tool Kit
OpenCV 3.0
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Table 2. Result of experiment
TPR MR FPR
VideoTestl 100% 0% 0%
VideoTest2 97% 0% 2%
VideoTest3 90.5% 0% 9%
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