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Abstract Single image layer separation aims to divide the observed image into two independent and practical compo-
nents based on the requirement of tasks. Many tasks in computer vision can be understood as the separation of two dif-
ferent layers essentially,such as single image rain streak removal,intrinsic image decomposition and reflection removal.
Therefore,an excellent image layer decomposition method would promote the solution of these problems greatly. Since
there is only one known variable,two variables need to be recovered. This problem is fundamentally ill-posed. Most exis-
ting approaches tend to design complex priors according to the different characteristics between the two separated
layers. However,loss function with complex prior regularization is hard to be optimized. Performance is also compro-
mised by the fixed iteration schemes and less data fitting ability. More importantly, these conventional prior based methods
can only be applied to one specific task as they are weak in generalization. To partially mitigate the limitations men-
tioned above, this paper developed a flexible optimization technique to incorporate deep architectures into optimization
iterations for adaptive image layer separation. As we all know., the convolutional neural network is a network structure
composed of convolutions and other non-linear operations. The convolution operation uses different convolution kernels
to extract different features for a given image,so the convolution kernel has very strong capabilities for feature extrac-

tion. Recently, the advantages of deep learning in feature extraction have been gradually reflected and are increasingly
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used in the low-level image processing. Therefore, the proposed method uses deep convolutional prior instead of tradi-

tional model prior to characterize different layers. At the same time,in order to reduce the network’s dependence on

training data and improve the effectiveness of the algorithm on different tasks,deep information is combined with tradi-

tional optimization framework. Specifically,energy function using MAP (Maximum A Posteriori) is built and then the

model is transfered to three subproblems based on ADMM (Alternating Direction Method of Multipliers). The first two

subproblems are to estimate two approximate separated layers,and the other subproblem is to solve the final result. In

other words.deep convolutional networks are used to guide the process of model optimization. In this way,the proposed

method not only retains the advantage of feature extraction in deep structure, but also maintains the stability of tradi-

tional model optimization and improves the effectiveness of networks. Finally, this method is applied to a variety of ima-

ge restoration tasks,including single image rain streak removal and reflection removal. By comparing this method with

several tasks-specific methods including conventional model methods and deep learning methods respectively, this me-

thod shows great advantages in both visual effects and numerical results. It reveals that this method has a strong genera-

lization in multi-tasks and outperforms other methods in each task.
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Fig. 2 Comparison of visualization results of image rain removal methods on synthetic images
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Table 1 Comparison of quantitative results (PSNR,SSIM) about
our method and state-of-the-art methods
## SR pscl) GMM) DerainNet!™ DetailNet® A& 3077 %
PSNR 26.12  27.24  27.28 26.35 29.43 29.54
SSIM  0.76 0.81 0.85 0. 86 0.89 0.93
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Fig.4 Comparison of reflection removal results on synthetic images
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Table 2 Comparison of quantitative results (PSNR,SSIM) of our

method and state-of-the-art methods
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B1 0.32 16.58 0.71 16.40 0.70 12.27 0.82 22.61
M2 0.76 21.12 0.87 14.55 0.88 20.11 0.90 23.63
B3 0.43 14.91 0.63 15.67 0.34 4.33 0.66 17.83
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Fig. 5 Comparison of reflection removal results of image dereflection methods on real world images
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