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Moving Object Detection Based on Deep Convolutional Neural Network

Abstract

Abstract: A deep convolution neural network MONet is designed for the intermittent motion problem in
moving objects detection. In the absence of training data sets, a synthetic dataset GoChairs is generated
by affine transformation, and on this basis the network training and testing are performed. The results
show that the trained MONet can effectively detect the moving objects based on the correspondence
between the pixels. The traditional datasets CDnet and I2R are also tested to verify the generalization
performance of the network. In addition, MONet is compared qualitatively and quantitatively with classical
methods for the intermittent motion problem of the objects. The experimental results demonstrate the
superiority of the network in detecting the objects with intermittent motion.
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Abstract: A deep convolution neural network MONet is designed for the intermittent motion problem in

moving objects detection. In the absence of training data sets, a synthetic dataset GoChairs is generated by
affine transformation, and on this basis the network training and testing are performed. The results show

that the trained MONet can effectively detect the moving objects based on the correspondence between the

pixels. The traditional datasets CDnet and I2R are also tested to verify the generalization performance of the

network. In addition, MONet is compared qualitatively and quantitatively with classical methods for the

intermittent motion problem of the objects. The experimental results demonstrate the superiority of the

network in detecting the objects with intermittent motion.
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