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Multi-Stream Networks with Multi-Loss Layers and Image
Structure Map Predictor for Inverse Halftoning
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Abstract

This paper introduces the inverse halftoning method for reconstructing the continuous-tone images from the halftoned
images. Even though recently-introduced deep convolutional neural networks having drawn much attention from image
restoration areas are applied for the inverse halftoning, it still remains a pending issue to remove the halftone patterns
completely in flat regions and improve the details in edge and texture regions. To address this problem, this paper
presents a new multi-stream-based deep convolutional neural network, which enables the image structure map and the
continuous-tone image to be estimated jointly by using multi-loss layers. Through the experimental results, it is also
confirmed that the proposed method achieves better results than the conventional state-of-the-art methods in terms of

visual quality performance.
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Fig. 1. Architecture of deep convolutional neural networks for inverse halftoning
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Fig. 2. Proposed multi-stream network via multi-loss layers and image structure map predictor
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