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Video Saliency Detection Based on 3D Full ConvLSTM Neural Network
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Abstract Video saliency detection aims to mimic human’s visual attention mechanism of perceiving the world via extracting the
most attractive regions or objects in the input video. At present,it is still a challenge for video saliency detection. Traditional video
saliency-detection models have reached a certain level, but exploiting the consistency of spatio-temporal information is unsatisfac-
tory. In order to solve this issue, this paper proposes a video saliency-detection model based on 3D full Conv.STM neural net-
work. Firstly,the full-time convolution is utilized to extract spatio-temporal features from the input video,and then the 3D poo-
ling layer is explored for dimensionality reduction. Secondly,the extracted features are decoded by 3D deconvolution in the deco-
ding layer.,and the interpolation algorithm is applied to restore the saliency map to the original size of the original image. The pro-
posed method extracts the time and space information jointly so as to effectively enhance the completeness of the saliency map.
Experimental results show that the performance of the proposed algorithm is superior to state-of-the-art video saliency detection
methods based on three widely used data sets (DAVIS,FBMS, SegTrack) for video saliency detection.

Keywords Saliency detection,Spatio-temporal feature,Conv.STM, Neural network
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Fig. 1 Model of encoder network in full ConvLSTM network
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Fig.4 Comparison of different state-of-the-art saliency detection models performed on DAVIS database
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