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Abstract

The image obtained from systems such as autonomous driving cars or fire-fighting robots often suffer from several degradation
such as noise, motion blur, and compression artifact due to multiple factor. It is difficult to apply image recognition to these
degraded images, then the image restoration is essential. However, these systems cannot recognize what kind of degradation and
thus there are difficulty restoring the images. In this paper, we propose the deep neural network, which restore natural images
from images degraded in several ways such as noise, blur and JPEG compression in situations where the distortion applied to
images is not recognized. We adopt the channel attention modules and skip connections in the proposed method, which makes
the network focus on valuable information to image restoration. The proposed method is simpler to train than other methods, and

experimental results show that the proposed method outperforms existing state-of-the-art methods.
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Figure 1: The architecture of channel attention module [20]
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Figure 2: The architecture of the proposed method
Table 1: Degradation levels of individual distortion [11]

’ Degradation Level \ 1 \ 2 \ 3 \ 4 \ 5 \ 6 \ 7 \ 8 \ 9 \ 10 ‘
Gaussian blur [0, 0.5] [0.5,1] | [1,1.5] | [1.5,2] | [2,2.5] | [2.5,3] | [3,3.5] | [3.5,4] | [4,4.5] | [4.5,5]
Gaussian noise [0, 5] [5,10] | [10, 15] | [15,20] | [20,25] | [25,30] | [30,35] | [35,40] | [40,45] | [45,50]

JPEG compression | [80, 100] | [60, 80] | [50, 60] | [40, 50] | [35,40] | [30,35] | [25,30] | [20,25] | [15,20] | [10, 15]
Table 2: A comparison of different architecture with 64 filters of 231 ] HA YE YT LX) 50| 7H 288 QdZ6+9 1,

convolution layers on the test set of moderate. The best perfor-
mance is in bold.

Architecture of network | PSNR |
Conv-BN-ReLU x2 26.90
Conv-BN-ReLU + Conv 26.52
Conv-BN-ReLU x4 26.79
Conv-BN-ReLU x3 + Conv | 26.97

Table 3: A comparison of different architecture on the test set of
moderate class. The best performance is in bold.

| Architecture of network [ PSNR ‘
Without channel attention module & with 64 channels 26.82
Without channel attention module & with 128 channels | 26.91
With channel attention module & with 64 channels 26.97
‘With channel attention module & with 128 channels 27.12
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Table 4: A quantitative comparison of different methods. The best performance are in bold.

\ Dataset | DnCNN [9] | RL-Restore [11] [ OWAN [12] | Ours \
Mild (unseen) | 27.51/0.7315 28.04/0.7313 28.33/0.7455 | 28.54/0.7493
Moderate 26.50/0.6650 26.45/0.6557 27.07/0.6787 | 27.12/0.6793
Severe (unseen) | 25.26/0.5974 25.20/0.5915 25.88/0.6167 | 25.89/0.6170

=1 11|
I‘ _— .

Figure 3: A qualitative comparison of different methods on a mild dataset.
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Figure 5: The analysis of channel attention module
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