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Abstract- Image restoration is a branch of image processing that involves a mathematical deterioration and
restoration model to restore an original image from a degraded image. This research aims to restore blurred
images that have been corrupted by a known or unknown degradation function. Image restoration approaches can
be classified into 2 groups based on degradation feature knowledge: blind and non-blind techniques. In our research
blind algorithm has been adopted. For single image super-resolution, a deep learning method with super-resolution
has been proposed. This approach can learn an end-to-end mapping between low-resolution images and high-
resolution images directly. The mapping is expressed by a deep convolutional neural network (CNN). The proposed
restoration system must overcome and deal with the challenges that the degraded images have unknown kernel
blur, to deblur degraded images as an estimation from original images with a minimum rate of error. Comparing
with the traditional bicubic method in super-resolution, our proposed system (FSRCNN) has better performance
in de-blurring with fast training speed and good results according to what the results showed for the metrics used
to measure the performance of our system. The paper’s contribution is restoring blurred images corrupted by a
known or unknown degradation function.

keywords: Image restoration, Blind deconvolution, Deep learning, Deep convolutional neural networks, Image

super-resolution.

I. INTRODUCTION

Image restoration can be defined as one of the conventional problems in the low-level vision that was commonly studied
in the literature. In general, image restoration represents an operation that takes a corrupted image then attempting at the
estimate the original image. The restoration of the image is divided into two phases, these phases are: the degradation
phase and restoration phase, Fig. 1 shows these two phases [1]:

1) Degradation phase: During this phase, the original image is degraded with blurring function and the extra noise

function. The resultant image of this process is called a degraded image.
2) Restoration phase: At this phase, we applied the restoration algorithm to the degraded image, to estimate the restored
image.

The degradation model is usually modeled as [1]:

g(x,y) zf(x,y)®h(x,y)+n(a:,y) (D

Where: g(x,y) : degraded (Blurred and Noisy) image, f(x,y) : original image (Object), n(x,y) : the additive white
Gaussian noise, h(z,y) : the Blurring function, or called Point Spread Function PSF , and ® : denotes convolution process.
For more details, see [1], [2], [3] . For Blind de-convolution, in several cases, the imaging process that leads to g(x,y)
has not been entirely uncovered, and h(x, y) has been unknown in Eq. 1. Considering degraded image, g(x,y), the blind
deconvolution aims at the simultaneous reconstruction of both h(x, y) and unknown image f(x,y) [4], [5]. Lately, Deep

NNs (DNNs) showed that they have better efficiency in the tasks of computer vision and image processing, which range
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from high-level recognition, semantic segmentation to low-level de-noising and Super Resolution. Image Super-Resolution
(SR) can be defined as the task of recovering a high-resolution from lower-resolution images. This problem is notable for
its applications in security as well as in medical imaging, especially since image reconstruction offers a methodology for
correcting imaging system imperfections. In the present study, a deep learning approach has been suggested, which can
simultaneously address restoration and SR from low resolution blurred images. The proposed model has been referred to
as the restoration SR CNN that is applied to the super-resolution on the blurred/noisy images with a priori unknown (i.e.
blind) amount of the blurring. This model has been experimentally validated and it has been shown that the proposed
architecture has been more suitable for the reconstruction of the blurred images in comparison to the results that have been

obtained using the Bicubic approach [2], [4] in blind scenarios.

-
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Figure 1: Represent the degradation and restoration phases

II. RELATED WORK

Chao Dong. et al. [7], presented an innovative deep learning method for the single image SR. They have shown that the
traditional sparse-coding-based SR approaches may be carried out to a deep CNN. Kim et al. [8], present an SR approach
with the use of very deep networks, through using the residual-learning and extremely high learning rates to optimize the
very deep network. fast. Lin et al. [9] proposed method is Deep Convolutional Networks for SR. Based on CNN concepts,
DCNSR has been modeled as 4 convolutional layers with sufficient sizes of the filter for improving the accuracy of the
reconstruction over the SRCNN. Hsu et al. [10] applied a capsule neural network to CNN-based image SR approaches.
CIRNN uses rich information that is contained in capsules for the direct reconstruction of images. Shankar. et al. [11],
construct a model utilizing CNNs, which performed adequately as well as increases the efficiency of sharpening the blurred

image and reduced the training time.

III. SYSTEM ARCHITECTURE
The pictorial representation of our architecture is shown in Fig. 2. A brief explanation of our architecture is as follows:
1) Pre-processing steps: Normalization of the image inputs, the normalization of the data is one of the most significant
steps, ensuring the fact that every one of the input parameters (in this case, pixels) has a similar distribution of the
data. Which results in making the convergence more rapid throughout the training of the network [12]. The process
of the normalization can be represented as:
T — Tmin

Tpew = (2)

Tmax — Tmin
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x: represents a set of the observed values present in X. X, : is the minimum values in x, and %4, : iS the maximum

values in Xx.
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Figure 2: Block diagram of proposed system

2) create the low resolution(LR): To create a single noisy/ blurred LR sub-image (i.e. input) for the testing and training,
first, HR sub-images are blurred with the use of a Gauss kernel that has been noted (by the standard deviation: o = 7 ).
Second: the images undergo the scaling interpolation. The down/upscaling factor that has been utilized in the present

paper is s =4 (the image is down-sampled and after that up-sampled by an s=4 factor) Resize the sub-image by the
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up/down-scaling factor, and up/down-scaled it by the same factor via bicubic interpolation [22], and the Additive

White Gauss noise is added (with different value of the SNR) [13] shown in Fig. 3).

HE Image AWGN

LR Image

=SS0

recover HRE from its LE by CNN

Figure 3: Overall framework of create low resolution

3) Training a network: Network Training can be defined as a procedure that includes finding the kernels in convolution
layers and weights that minimize the differences between output predictions constructive images and considering the
ground truth labels on the training data-set. The algorithm of backpropagation can be defined as the approach that is
typically utilized for the training of the NNs, in which the algorithm of the gradient descent optimization and loss
function play essential roles [14] Fig. 4 shown the main step of train process in CNN model. For the strategy of the
training in the training phase, initially, the original colour image is converted into the grey-scale image through the
extraction of the component of the luminance in the color space of the YCbCr. To entirely exploit available data,
augmentation has been relied upon: the HR images from the training dataset are cropped randomly for obtaining
fsub X fsub X c pixel sub-images. Sub-images of size fs,;, = 20 have been employed, which is why 91 HR images
may be split into 213854 training sub-images and validate sub- images 3008 with the stride 3. The model has been
trained upon the sub-images, and inference upon the entire image. In the case where the training by 91-image data-set,
the size of the update has been regulated with the rate of the learning. The learning steps’ size has been referred to
as learning rate o which provides additional control over how large one makes. The convolutional layers’ learning
rate has been set to 10~3 and that of de-convolution layer has been 10~%. After that, throughout the algorithm of the
optimization, the learning rate of all of the layers is decreased by 50%.

4) Prepare a model: Divide the entire dataset into 2 parts: training and validation (i.e. testing) sets. The proposed approach
is using 70% of data for the training and the rest 30% for testing (There is no optimal split percentage but the training
dataset should be larger to have a better deep learning rate than the test dataset and depends upon the dataset size in
our project we have 91 images for train set so we preferred to use 70:30 ratio) Ultimately, the model’s accuracy on
testing data-set/images can give an adequate estimation of the model’s efficiency on entirely new data-set/images and

to confirm the actual predictive power of SR network which has been constructed [15].
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Figure 4: Main architecture of train process in CNN model

IV. PROPOSED CNN ALGORITHM

A Fast Super-Resolution CNN (FSRCNN) model has been proposed [16], [17]. The network directly learns an end-to-end
mapping between the images of high and low resolution, SRCNN has been suggested, increasing the network depth and
presents a de-convolution layer for restoring the features, this layer may result in realizing conversion from the low- to
the high-resolution space. This characteristic permits FSRCNN from the direct utilization of low-resolution images rather
than the result of the interpolation as network input. The direct use of the LR images as the input can’t only result in
the reduction of the model’s calculation amount, however, the accuracy of the restoration is insufficient to some extent.
This structure of the network results in the direct convolution of an original small low-resolution image, feature extraction,
reconstructing it with a layer of de-convolution and adding an expanding and shrinking layer and a step of Nonlinear
mapping has been defined as the most significant part affecting the performance of the super-resolution for achieving high
operating speed with no recovery loss [18] . It can be seen in Fig. 5 which will define the layers of it which is 6 layers. as
shown in Fig. 4 that Fi is represented the number of filters used in Convolutional layers, S represents stride, K represents
kernel size the general FSRCNN network is proposed in the first 5 layers ReLu [18] , Which is the corrected linear
measurement, using (A) the Activation function. It results in O for any negative value of the pixel; similarly, it results in
an identical for any positive value of the pixels and the Transpose layer is part of the de-convolution for the up-sampling

succeeded by the linear activation function [18] .

V. PERFORMANCE EVALUATION AND DATA-SET

The training data-set is including 91 images that have been obtained from Yang et al. [20]. The testing data sets have
been represented as "Set 5" (i.e. 5 images) [19] and "Set 14" (14images) [21] . This choice of training and testing data has
been made for allowing a fair comparison to where they have been utilized [14] . To find the efficiency of this implemented
model, we use different metrics to measure the degree of similarity between original and input noisy/blur images. three

metrics had employed which is PSNR (peak signal to noise ratio) and SSIM (structural similarity), which helps to find the
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structural similarity between 2 images, and MSE (mean square error) [8]. Computation Time the Python implementation

of FSRCNN uses Keras Optimizing a Keras neural network with the Adam optimizer results in a model that has been

trained to make predictions accurately. To render the FSRCNN training more computationally efficient, the training time

of FSRCNN in this implementation with 100 epochs (number of training iterations) was one hour and 33.33 minutes with

AMD Radeon R7 M265 Series. Results of Our Network: to fully evaluate the efficiency of the FSRCNN on the blurred

images had been tested blind scenarios that have been trained on blurred images N (0, 0) we choose ¢ in Gaussian blur

that vary between (1-4). AWGN with SNR varying between (10, 50). Testing has been carried out on images that have

a variety of blur/noise levels. The quantitative measurement of bicubic interpolated image and FSRCNN reconstructed

image with the ground truth image. It may be seen that FSRCNN reconstructed image has better quality than the bicubic

interpolated image for all standard deviation (o) 1, 2 and signal to noise ratio (SNR) 1,5,10,50.
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Figure 5: The overall network of FSRCNN

TABLE I
The Results of SET14 and SET5 Testing The Network with Gaussian Blur with o =1 and different SNR of AWGN
’_““_“i'“'f Bicubic Method FSRCNN{our system)
Dataset deviation g =1
SNR PSNR SSIM MSE PSNR SSIM MSE
10 19.2008 0.8536 104.9790 2102435 0.8584 100.7938
Setld
=0 292435 0.8547 103.5739 29.2969 0.8953 100.5634
10 33.0757 0.9372 46.0084 333448 0.9382 42.8600
Sets
20 332654 0.9352 47.4284 33.4013 0.9395 40.9649
TABLE II
The Results of SETS and SET14 Testing The Network with Gaussian Blur with o =2 and Different SNR of AWGN
SETILEL Bicubic Method FSRCNN(our system)
deviation 6=2
dataset
SNR PSNR SSIM MSE PSNR S5IM MSE
10 28.4257 0.8641 122.5327 20.2435 0.8384 100.7938
Setld
50 18334 0.8604 125.6115 20,4465 0.8993 100.5006
10 320515 0.9261 61.9256 33.0757 0.9382 46.0084
Sets
o 50 32.0434 0.9245 62.6940 33.2654 0.9394 46.0062
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Figure 6: Butterfly image from Set5
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Figure 7: Face image from Set14
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Figure 8: Baby image from Set5
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VI. CONCLUSION

We proposed an image blind restoration method based on the deep learning method for image SR. it is seen that the
restoration of the image may be re-formulated to a deep CNN. The suggested method, the FSRCNN network is used
as the framework of the super-resolution reconstruction method. Our experimental study with various degrees of noise
and Gaussian blur demonstrated that the proposed network deeper architecture had performed more sufficient scenarios
of the blind testing. The proposed approach has been compared to the conventional bicubic method. Our goal provided

better-reconstructed image quality have been achieved.
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