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Abstract

The Super Resolute (SR) model enhances the quality of a low-resolution image to a high resolution. The quality of the
output image will be significantly improved and contain more details. The existing system uses deep neural network to
enhance the image quality by applying the little filters many times in deep network which help get more contextual
information over the low resolute image. The proposed model uses CNN (Convolutional Neural Network) to extract features
from the input image and Residual patch data will be calculated. The proposed architecture uses shallow Neural Network
which significantly enhances the computational time. It will extracts more information using residual patch map data to
restore lost image details. The proposed model is better than the existing CNN models in terms of accuracy and
computational time and it is significantly faster than existing models in terms of batch processing.

Index Terms - Super-Resolution, Shallow Neural Network, Convolutional Neural Network

1. Introduction

Producing a high-resolution or high quality image from a low-resolution or low-quality image is termed as Super-resolution
(SR). Super-resolution are different kind of techniques that generates a high-resolution (HR) image from various observed
low-resolution (LR) images, which enhances the high-frequency components and removes the degradation which is done
by the low resolution camera. The single image interpolation approach is a related strategy with Super-resolution. The
single image interpolation technigque can also be used to increase the size of image. The quality of single image interpolation
is limited as there is no extra information provided, because of the improperly posed problem, and the lost features
components cannot be recovered.

A Super-resolution for single images is used widely in applications for computer vision which include security and
surveillance imaging in which more details of an image are required.

C. Dong [5] was the first one who introduced a convolutional neural network (CNN) into image super-resolution and also
explained that CNN can be used in order to learn mapping from Low Resolution to High Resolution. Their method is termed
as SRCNN.

In this model, we proposed a new model which solve the following issues.

Convergence our model suggests a way to speed up training. The existing model is taking too much time for training
because of a deep neural network and generating a low resolution image to high resolution image.

Batch processing the existing model is not capable of processing more than one image at a single time. Our model is taking
a group of images and processing all the images in a comparatively faster time than existing models.

2. Related Work

So many works have been done in super-resolution using a deep neural network. These deep network has achieved so many
advantages over conventional methods in computer vision.

The SRCNN model proposed by Dong at el[6] having three layers that are patch extraction/representation, non- linear
mapping and reconstruction.

The model proposed by Jiwon Kim [1] construct a deep neural network for super-resolution which consists of 20 CNN
layers but with high layers, the convergence rate also increases.
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The residual dense network Yulun Zhang[2] which has four parts that is residual dense blocks (RDBs), up-sampling net
(UPNet), dense feature fusion (DFF), shallow feature extraction net (SFEnet).

Along with this model VDSR model[3] is very efficient in generating HR images from LR images and also capable of
providing highly accurate construction. It is inspired by VGG-net and it made efficient by residual learning.

Another model which uses GANSs for image super-resolution is known as SRGANTJ3]. It uses the deep residual network as
a generator to generate HR images from downscaled input. Another model which uses Conditional GAN along with
SRGANS.

Saifuddin Hitawla[3] proposed a VDSR-ResNeXt model which is inspired by ResNeXt architecture and then applied the
idea of multi-branch design to VDSR. The model is made up of series of block sharing the same hyper-parameters (filter
size, number of filters, number of layers).

The above mentions DL based SR network has achieved a significantly great improvement in super-resolution as compared
to conventional SR techniques, but of all them has looses some useful information and features from the low-resolution
input image.

3. Proposed Method

For Super Resolute (SR) reconstruction, the proposed network uses the convolutional neural network. The CNN extracts
the features from input low resolute image. The proposed architecture uses the shallow neural network and passes the
extracted features from CNN for Residual Patch map computation.

For a color image, in preprocessing it changes the input image from RGB to YCbCr color space. This part will isolates the
luminance and chrominance of the image. The luminance of the picture will be put away in the Y-Channel and the Cb will
hold chrominance estimation of blue and Cr hold the chrominance estimation of red. The Y channel holds the luminance
component which is the brightness of the image and this is more sensitive to the human eye and need to be more accurate
than other channels.

In order to get a low-resolution image, the input image is transformed by image augmentation in which by applying flipping,
cropping and resizing the image by 256x256.

Here, the model uses the bilinear interpolation technique to upscale the image factor of 3, i.e. 3 times upscaling the factor.

For initializing the weight and values the model uses the orthogonal seed generation. It is a square matrix whose rows and
columns are orthogonal unit vectors.

AAT =1,

3.1. Shallow Neural Network

A shallow network is a neural network, which has only one hidden layer compared to less than a deep neural network. As
the shallow neural network is wide which is simply memorize the train data and due to which the computation power is
significantly faster. So as by increasing the depth of the model, there will be an increase in the complexity of the
computation. In order to decrease the complexity of computation shallow network is used.

Input LR ILE HR

Residual patch data

Figure: 1
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Figure 1: The architecture has only 3 layers of Convolutional neural network followed by a ReL.U layer. The low resolution
normal RGB image is converted into YCbCr format and then passed into CNN layers and converted into HR image. Also,
the network passes the residual patch data from the original image to give the desired output. The filters for each
convolutional layers are in decreasing form with 64, 32 and 9 respectively for each layer.

3.2 ReLU (Rectified Linear Unit)

The ReLU is an activation function which is used in the convolutional neural network. Here, an output is zero when an
input is negative and output is equals to input when an input is positive or zero.

f(x) = max(x, 0)

ReLU activations are the simplest non- linear activation function which can be used in the neural network easily.

3.3. Training

The proposed model uses BCDS300 dataset where dataset consists of 200 images for training model and 100 images for
testing model. For the training process, the model uses mean square error (MSE) for error computation.

3.3.1 Residual Patch Data

In residual patch data, the targeted image is compared with the upscale low-resolution image, the Y luminance channel of
both, i.e. target image and upscale low resolute image are being compared. The residual image r = y — x is get predicted
from the training data. The residual image helps to reconstruct the high-resolution image by adding the calculated residual
image to the upscale low resolute image.

3.3.2 Mean Square Error (MSE)

Mean square error is a function which finds the average of squared of difference. Mean Square Error is also known as risk
function. Mean Square Error is always positive.

MSB = ) (¥ - Y0

i=1

4. Understanding Properties

In this proposed system, there are two properties which help the model to perform better than the existing systems. First,
this system uses the shallow neural network that helps the system to perform faster while training and also increase the
computation time which is significantly faster than the existing one.

Second, in the system, the data loss is significantly lesser. The size of the feature map does not get reduced by the time
when Convolutional operation is used, unlike the existing system. As in the model shallow neural network consisting of
only 3 layers combined with input and the output layer due to which it reduces the data loss while training.

5. Experimental Results

The proposed model provides more detailed information with more accuracy and computation time is significantly faster
than the existing models in terms of batch processing. With the upscaling factor of 3, the model is able to generate the
output image of the PSNR value equivalent to 26.5.
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PSNR

Figure: 2

Figure 2: The graph shows the PSNR value of the proposed system with number of Epoch. With increasing number of
Epoch the PSNR value is increasing.

5.1. Comparison

In the existing system for reconstructing the super-resolution image very deep neural network. The existing system follows
deeper the network better will the result. As depth increases the contextual information also increases. But due to increasing
the depth of the network layer they acquiring a lot of memory. Also, a very deep neural network is difficult because of the
slow convergence rate.

So here in the proposed model, the Shallow Neural Network is used which gives the more detailed image as output without
using a deeper network and also the computation is significantly faster than the existing methods. Unlike other models in
the Shallow network, the size of the feature map will not be affected while a convolutional operation is applied.
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Figure: 3

Figure 3: This system provides improved computational time in compare with related models (SRCNN, RFL, A+).

6. Conclusion

In the proposed model, the super-resolution of the image using a shallow neural network method is presented. By using
shallow neural network the proposed get faster in computation and using 3 layers in the network which helps to reduce the
data loss while Convolution operation is used. To create low-resolution image the data has transformed the input (training)
images by applying random flipping, cropping and resizing the images into 256 x 256. This proposed system is better to
previously proposed CNN models. With an upscaling factor of 3, the proposed system gives the better output image.
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