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Abstract—Considering the popularity of state-of-the-art single image superresolution methods based on deep convolutional neural 

networks in respect of redevelopment accuracy and computational efficiency, the majority of suggested models focus on minimising 

the mean square error function. Mean Square Error (MSE)-based information loss estimation has lately been substituted by loss 

computed on feature maps of pre-trained networks, such as the VGG-net used mostly for ImageNet classification, as a result of 

transfer learning. We show that this alternative method is inefficient, resulting in false colour and mosaicking artefacts in the rebuilt 

images. The first Convolutional Neural Network (CNN) capable of adjusting its parameters by minimising the loss of in-network, 

self-features is presented in this research. To accomplish this, we propose a new loss function for a light CNN architecture that 

includes a residual block mapping between low and high resolution pictures. By effectively suppressing misleading color-effects, our 

suggested method outperforms previous methods that use perceptual loss. We demonstrate that the in-network features used to 

determine the loss function will provide fresh insights for future research and applications when developing deep learning networks 

for additional computer vision tasks like demosaicing and denoising. 
 

Index Terms—CNN, Deep Learning,Image super-resolution 

I. INTRODUCTION 

In today’s world, an image defined is considered to be a function of two real variables, for example, (x, y) with I as the 

amplitude (e.g. brightness, contrast) of the image at the coordinate position (x, y) where x and y are two coordinates in 

horizontally and vertically. In imaging science, image processing is a form of signal processing in which input is an image and 

output is either an image or characteristic or set of parameters related to image. Digital image is a numerical representation of 

an object. It is composed of picture elements called pixels. Each pixel has a particular location and value. Pixel represents the 

brightness at a point in the image. All the operations in image processing are applied on these pixels. Digital image processing 

is the use of computer algorithms to perform image processing on digital images to get an enhanced image or to extract some 

useful information from it. The advantage of digital image processing is its flexibility, adaptability and data storage and 

transmission. Hardware modifications are not required in the digital image processing and the data within the computer can be 

transmitted from one place to another. The limitations of digital image processing are memory and its processing speed. For 

processing digital images, we have to store them on a storage device so that we can also use it in future. There are several 

storages devices available for storing the image data.  

The problem of generating a high-resolution (HR) image given a low-resolution (LR) image, commonly referred to as Single 

Image Super-Resolution (SISR) creation. In general, it is assumed that the degradation that happens during image acquisition 

such as warping, down-sampling, blurring and the presence of noise are results of degrading factors, such as optical diffraction, 

under-sampling, relative motion and system noise, respectively. Mathematically this turns out to be a highly ill-posed inverse 

problem, due to the loss of the information. The SR operation is effectively a one-to-many mapping from LR to HR space, 

which can have multiple solutions, of which determining the correct solution is non-trivial. 

Currently, deep learning based approaches have delivered ground breaking performance improvements in many areas of 

computer vision. Meanwhile the state of the art for many computer vision problems is set by specially designed Convolutional 

Neural Networks (CNN) architectures following the success of the work by Krizhevsky et al. [1]. Several SISR models [2] 

based on CNNs have been proposed and have attained superior performance that overshadows all previous handcrafted 

methods. Dong et al. [3] first demonstrated that SRCNN can be used to learn a mapping from LR to HR in an end-to-end 

manner. ESPCN [4] performs the feature extraction stages in the LR space instead of upsampled HR space. VDSR [5] shows 

that applying residual learning is capable of optimizing a very deep network fast, as well as to recover high-frequency details. 

SRGAN [6] is a very deep ResNet[7] architecture using the concept of GANs [8] to form a perceptual loss function for 

photo-realistic SISR.The objective function of these supervised methods is commonly the minimization of the pixel-wise mean 

square error between the recovered HR image and the ground truth. 

II. LITERATURE REVIEW 

Image super-resolution is very effective in enhancing the quality of digital images for analysis. It is an efficient way to improve 

the quality of the captured images. Better image quality improves the accuracy of the image analysis process. The increase in 

the quality of input images directly impacts the results.Over the years several attempts have been made to devise 

methodologies to improve the resolution of digital images. The researchers have attempted various approaches to generate high 

resolution images from low resolution input images. An elaborated study on the various image super-resolution approaches 

available in literature has been made. This chapter provides the details of the study and the inferences that are made. 
 

Classification of Image Super-Resolution Approaches 
 

The methods that are used in order to generate high resolution images are classified in to various categories. The merits and the 

limitations of SR approaches in each category are also studied. 

A Review on Image Super-Resolution Using CNN 

Optimization 
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 Image Interpolation 
The basic method of improving the resolution of an image is image interpolation. Here, the low resolution images are 

considered to be the degraded version of the high resolution images with smaller size. The goal is to scale up the low resolution 

images to the expected size of the high resolution image. The interpolation techniques are classified into adaptive and 

non-adaptive interpolation. 

The adaptive interpolation technique treats the pixels at the sharp edges and the pixels at smooth textures differently while 

interpolating. On the other hand, the non-adaptive interpolation technique treats all the pixels equally during interpolation. 

Nearest neighbor interpolation, bilinear interpolation and bicubic interpolation are the examples of non-adaptive interpolation 

techniques. In real time applications, the non-adaptive interpolation techniques are preferred over the adaptive ones due to the 

lesser time complexity. 

 Nearest neighbor interpolation  

Nearest neighbor interpolation is the basic and the easiest interpolation technique. Here, the value for the interpolated pixel is 

set based on the value of the nearest known pixel. If more known pixels are at equal nearest distance from the new pixel, then 

the nearest neighbor technique sets the average value. 

 Bilinear interpolation  

Bilinear interpolation sets the value for the interpolated pixel based on the 2x2 pixel window nearer to that pixel. It is to be 

noted that, the values of the known pixels need not be the same. 

 
Figure 1:Bilinear interpolation 

Figure 1 depicts an example of bilinear interpolation where the gray pixel is the newly interpolated pixel and the orange ones 

are the known pixels at the 2x2 window surrounding the new pixel. 

 Bicubic interpolation  

Bicubic interpolation uses the values of the 4x4 pixel window around the interpolated pixel in order to obtain the value of the 

new pixel. 

 
Figure 2.2:Bicubic interpolation 

Figure 2 depicts the bicubic interpolation technique where the pixel in gray color indicates the newly interpolated pixel, orange 

depicts the nearest pixels, peach color indicates the pixels that are further from the interpolated pixel and puce color indicates 

the furthest pixels from the interpolated pixel. The pixels that are closer to the expected pixel position are given some more 

weight and the furthest pixels are given least importance. 

The bilinear and bicubic interpolation techniques produce high resolution images with smoother edges than the nearest 

neighbor approach. Since it is fast and it produces better images, bicubic interpolation is used for downscaling and upscaling in 

many practical image processing tools. 

 Further classifications of SR approaches 
The various classifications of image super-resolution algorithms is depicted in Figure 3.  

The SR approaches are broadly classified as single image super-resolution algorithms and multi-image or multi-frame 

super-resolution algorithms. 

The approaches that require only one low resolution image as input are known as single image SR approaches. Whereas, the 

multi-frame SR approaches take multiple low resolution images as input. The multi-frame approaches mainly focus on the 

geometric transformation of the low resolution patches in order to construct the high resolution resultant image. These low 

resolution patches will be from the same scene of a video sequence or a sequence of images captured on a same scene. 

These multi-frame SR algorithms are mainly used in video super-resolution approaches because there are possibilities to have 

more than one low resolution image of a same scene. For example, the super-resolution of old cartoon or old videos require the 
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application of multi-frame SR algorithms. However, in some sensitive applications, it is rarely possible to have more than one 

image of a same scene. In these cases, the multi-frame SR cannot be found applicable. 

 

 
Figure 3:Classification of super-resolution approaches 

The single image SR approaches are useful in situations where, more than one view is not available. These algorithms need 

only a single low resolution image to generate the high resolution output image. The following sub sections explain the study 

and comparison of the various single image super-resolution algorithms in the literature. 

 Residual Learning for SR 

Recent research on SR has progressed with the development of deep convolutional neural networks. In particular, residual 

learning techniques exhibit improved performance. To efficiently train deep network architectures, He et al. [7] introduced the 

concept of residual blocks for image recognition, which is proposed to solve higher-level computer vision problems, such as 

image classification and detection. Since the capability of easing the training procedure, deep residual networks have been 

shown to increase performance for SISR. e.g. Legit et al. [6] formulated a SR ResNet by simply employing the ResNet 

architecture without much modification to recover photo-realistic images and present state-of-the-art results. VDSR [5] learns 

residuals only for training much deeper network architectures, which largely increases the convergence speed during training. 

While achieving superior performance, VDSR can handle SR of several scales jointly in the single network. Lim et al. [10] 

proposed an enhanced SR algorithm by removing unnecessary modules from conventional ResNet architecture and employing 

residual scaling techniques to train large models in a stable manner. 

 Feature Extraction 

A deep CNN structure can compute a feature hierarchy, layer-by-layer. With subsampling layers, the feature hierarchy has an 

inherent multi-scale, pyramidal shape. This kind of an in-network feature hierarchy produces feature maps of different spatial 

resolutions, but introduces large semantic gaps caused by different depths. Carciaet al. [11] discussed the behaviour of CNN 

for feature extraction: Deep neural networks are representation learning techniques. During training, a deep net is capable of 

generating a descriptive language of unprecedented size and detail inmachine learning. Extracting the descriptive language 

codedwithin a trained CNN model, and reusing it for other purposesis a field of interest, as it provides access to the visual 

descriptors previously learnt by the CNN after processing millions of images, without requiring an expensive training phase. 

Lin et al. [12] leveraged the CNN architecture as a generic feature extractor for object detection. The pixel MSE loss is the most 

common optimization target for image SR on which deep learning-based approaches rely. Nevertheless, while achieving high 

PSNR, solutions of MSE optimization problems often result in perceptually unsatisfying solutions. In order to make the 

reconstructed image more visually pleasing, perceptual loss was proposed in recent work and was widely used since. Johnson 

et al. [9] proposed the use of perceptual loss functions for training feed-forward networks for image style transfer and 

super-resolution image creation. Ledig et al. [6] defined the VGG loss based on ReLU activation layers of the pre-trained VGG 

network described in Simonyan and Zisser-man [13]. 

III. NEED FOR IMAGE SUPER-RESOLUTION 

The basic elements of an image, pixels or the picture element corresponds to the resolution of that image. Based on the 

resolution of the digital images, they are classified as low resolution (LR) images and high resolution (HR) images. The high 

resolution images have high pixel densities. 

On the contrary, the low resolution images have lesser pixel density. Due to this fact, the high resolution images provide more 

information than the low resolution images. An example of low resolution and high resolution pair is depicted in Figure 4. High 

resolution images are often required and desired in many image analysis applications. These advantages consequently lead to a 

better visual perception by human and more useful data for computer vision and other image analysis applications. For 

instance, the objects of interest can be easily distinguished from others if the object boundaries are clear. This leads to the better 

performances of pattern recognition, image segmentation and more. In medical image analysis, if high resolution images are 

provided, the physicians will be able to provide accurate diagnosis. 

The direct way to get the high resolution images is by capturing them as high resolution images. However, doing so requires 

modifications to the hardware of image capturing devices. These modifications are achieved by the following ways. 

 Reducing the size of each pixel 
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The spatial image resolution can be enlarged by increasing the number of pixels per unit area. It is achieved by making changes 

to the sensors. However, reducing the size of the pixels introduces shot noise. Shot noise reduces the quality of the image. 

Hence, there is a limitation in reducing the pixel size, and this is an important concern in many commercial applications. 

 Increasing the chip size 

The increase in the chip size increases the capacitance. Since large capacitance makes it difficult to speed up a charge transfer 

rate, this approach is considered to be less effective. Further, the high cost of high precision image sensors and optics also play 

an important role in many commercial applications with respect to high resolution imaging. Though the rapid developments in 

the image capturing technologies facilitate the capturing of high resolution images, there are certain constrained environments 

where the installations of high quality cameras are not practical. For example, the medical image analysis requires the images 

to have more information than the artifacts. Thus it needs high resolution images that contain more useful information than 

noise and do not have many artifacts. 

 

 
Figure 4:A typical low resolution and corresponding high resolution image 

 Using image processing concepts 

Apart from adopting changes in the hardware, the application of image processing concepts to generate high resolution images 

from low resolution ones provide promising and cost saves solutions. These kind of image processing approaches are known as 

image super-resolution algorithms. SR approaches provide low-cost but excellent performance in generating high resolution 

images. Image super-resolution has become one of the most active research directions in the area of digital image 

reconstruction. 

 
Figure 5:Image super-resolution 

A general block diagram of image super-resolution process is given in Figure 5. The low resolution frames form the input to the 

super-resolution approach. The image super-resolution block in Figure 1.6 constructs the expected high resolution images from 

the given low resolution images. These image SR approaches are classified based on the methods by which they treat the input 

low resolution image(s) and the information used by them to generate the high resolution images. 

The basic classification is based on the number of low resolution images required by the super-resolution algorithm. The 

multi-frame SR uses many low resolution image to form the high resolution results while the single image SR uses only one 

low resolution image. The further classifications are sparse representation based SR, learning based SR, reconstruction based 

SR, image interpolation approaches, etc. 

The principle of image super-resolution has been adapted by the researchers invariably in all the application areas of image 

processing. The SR approaches are used for the enhancement of images captured through satellites and used in remote sensing 

applications. Some of the image super-resolution approaches that are available in the literature are, Super-resolution with the 

help of Hopfield Neural Network (HNN) (Tatem et al. 2001), SR for land cover pattern prediction (Tatem et al. 2002), 

Super-resolution of with variable-pixel linear reconstruction (Merino and Nunez, 2007), SR for Moderate Resolution Imaging 

Spectroradiometer (MODIS) images (Shen et al. 2007), Superresolution using multiple sub-pixel shift (Ling et al. 2010), SR 

using multiplepoint statistics and isometric mapping (Zhang et al. 2017), SR for climate change prediction (Vandal et al. 2017), 

the Joint image registration for SR (Lv et al. 2017) and SR using DenseNets (Bosch et al. 2018). 

The application of image super-resolution for increasing the signal component of medical images has also been adopted and 

applied to the effective analysis of medical images. The SR approaches serve as a pre-processing stage for the actual image 

analysis process. The effectiveness of the image SR approaches can be quantitatively measured by comparing the accuracy of 

image analysis processes. 

IV. CNN 
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The applications of neural networks and deep neural networks produce better generalization results during learning. The 

networks with more than one hidden layers make the learning more effective. The learning with support vector machines, on 

the other hand makes the decision making more accurate. The combination of these two, that is, the fusion of learning with 

deep neural networks makes the image enhancement more effective. 

Multi-layer feed-forward neural network(NN) have shown to a very powerful machine learning technique as they trend to 

approximate complex non-linear functions from high-dimensional input examples. Classically, standard Multi-layer 

Perceptions(MLP) have been utilize in pattern recognition systems to classify signatures coming from a spate feature 

extraction algorithm operating on the input data. Thus a possible solution would be to directly apply to NN to the “Raw” input 

data and let the training algorithm. 

The problem with this approach is that when the input dimension is high, as in images, the number of connections, thus the 

number of free parameters is also high because each hidden unit would be fully connected to the input layer. Another 

disadvantage of MLP comes from the facts that its input layer has a fixed size and the input pattern have to be presented wenn 

aligned and/or normalized to this input window, which, in practice, is a rather complicated task. Finally fully connected 

architectures do not take into a account correlation of the neighbor input data. However, in pattern recognition problem there is 

generally a high amount of local correlation. Thus it would be preferable to extract local features and combine them 

subsequently in order to perform the detection or recognition. 

As we will see in this chapter, convolution neural network (CNN) are used in pattern- and image-recognition problems as they 

have a number of advantages compared to other techniques. This white paper covers the basics of CNNs including a 

description of the various layers used. Convolutional neural networks (CNNs) are composed of a hierarchy of units containing 

a convolution, pooling and non-linear layer. In recent years deep CNNs typically consisting of the order of 10 or so such units 

and trained on massive labeled datasets such as Image Net have yielded generic features that are applicable in a number of 

recognition tasks ranging from image classification [20], object detection [6], semantic segmentation [28] to texture 

recognition [19]. 

A CNN is a special case of the neural network described above. A CNN consists of one or more convolution allayers, often 

with a sub sampling layer, which are followed by one or more fully connected layers as in a standard neural network. The 

design of a CNN is motivated by the discovery of a visual mechanism, the visual cortex, in the brain. The visual cortex contains 

a lot of cells that are responsible for detecting light in small, overlapping sub-regions of the visual field, which are called 

receptive fields. These cells act as local filters over the input space, and the more complex cells have larger receptive fields. 

The convolution layer in a CNN performs the function that is performed by the cells in the visual cortex [9].A typical CNN for 

recognizing traffic signs is shown in Figure 6.  

 
Figure 6: Typical block diagram of a CNN [12] 

Each feature of a layer receives inputs from a set of features located in a small neighborhood in the previous layer called a local 

receptive field. With local receptive fields, features can extract elementary visual features, such as oriented edges, end-points, 

corners, etc., which are then combined by the higher layers. In the traditional model of pattern/image recognition, a 

hand-designed feature extractor gathers relevant information from the input and eliminates irrelevant variability. The extractor 

is followed by a trainable classifier, a standard neural network that classifies feature vectors into classes. 

In a CNN, convolution layers play the role of feature extractor. But they are not hand designed. Convolution filter kernel 

weights are decided on as part of the training process. Convolutional layers are able to extract the local features because they 

restrict the receptive fields of the hidden layers to be local. 

CNNs are used in variety of areas, including image and pattern recognition, speech recognition, natural language processing, 

and video analysis. There are a number of reasons that convolutional neural networks are becoming important. In traditional 

models for pattern recognition, feature extractors are hand designed. In CNNs, the weights of the convolutional layer being 

used for feature extraction as well as the fully connected layer being used for classification are determined during the training 

process. The improved network structures of CNNs lead to savings in memory requirements and computation complexity 

requirements and, at the same time, give better performance for applications where the input has local correlation (e.g., image 

and speech). 

The input images acquired via still or video cameras might suffer from noise, bad illumination or unrealistic color. Therefore, 

noise removal might be a necessary block in some cases. Histogram equalization is the most common method used for image 

enhancement when images have illumination variations [25]. Even for images under controlled illumination, histogram 

equalization improves the recognition results by flattening the histogram of pixel intensities of the images. 

 CNN Architectures 
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The architecture depends on the size of training data. Less data should drive a smaller network (fewer layers and filters) to 

avoid over fitting. In this study, the size of our training data is much smaller than those used by [29]; therefore, smaller 

architectures are designed. We propose three CNN architectures suitable for LFW. These architectures are of three different 

sizes: small (CNN-S), medium (CNN-M), and large (CNN-L). CNN-S and CNN-M have 3 convolutional layers and two fully 

connected layers, while CNN-M has more filters than CNN-S. Compared with CNN-S and CNN-M, CNN-L has 4 

convolutional layers. The activation function we used is Rectification Linear Unit (RELU) [24].  

In our experiments, dropout [23] did not improve the performance of our CNNs, therefore, it is not applied to our networks. 

Following [24, 31], softmax is used in the last layer for predicting one of K (the number of subjects in the context of face 

recognition) mutually exclusive classes. During training, the learning rate is set to 0.001 for three networks, and the batch size 

is fixed to 100.  

 Bilinear CNNs 

This method proposes a novel approach for recognizing the human faces. The recognition is done by comparing the 

characteristics of the new face to that of known faces. It has Face localization part, where mouth end point and eyeballs will be 

obtained. In feature Extraction, Distance between eyeballs and mouth end point will be calculated. The recognition is 

performed by Neural Network (NN) using Back Propagation Networks (BPN) and Radial Basis Function (RBF) networks. 

Back propagation can train multilayer feed-forward networks with differentiable transfer functions to perform function 

approximation, pattern association, and pattern classification.  

The BPN is designed with one input layer, one hidden layer and one output layer. The input layer consists of six neurons the 

inputs to this network are feature vectors derived from the feature extraction method in the previous section. The network is 

trained using the right mouth end point samples. The Back propagation training takes place in three stages: Feed forward of 

input training pattern, back propagation of the associated error and Weight adjustment. During feed forward, each input neuron 

receives an input value and broadcasts it to each hidden neuron, which in turn computes the activation and passes it on to each 

output unit, which again computes the activation to obtain the net output. During training, the net output is compared with the 

target value and the appropriate error is calculated. From this, the error factor has been calculated which is used to distribute the 

error back to the hidden layer.  

The weights are updated accordingly. In a similar manner, the error factor is calculated for a single unit. After the error factors 

are obtained, the weights are updated simultaneously. The output layer contains one neuron. The result obtained from the 

output layer is given as the input to the RBF. RBF uses the gaussian function for approximation. For approximating the output 

of BPN, it is connected with RBF. The Radial Basis Function neural network is found to be very attractive for the engineering 

problems. They have a very compact topology, universal approximations; their learning speed is very fast because of their 

locally tuned neurons. The RBF neural network has a feed forward architecture with an input layer, a hidden layer and an 

output layer. A RBF neural network is used as recognizer in face recognition system and the inputs to this network are the 

results obtained from the BPN. This neural network model combined with BPN and RBF networks is developed and the 

network is trained and tested.  

A key advantage is that the bilinear CNN model can be trained using only image labels without requiring ground-truth 

part-annotations. Since the resulting architecture is a directed acyclic graph (DAG), both the networks can be trained 

simultaneously by back-propagating the gradients of a task-specific loss function. This allows us to initialize generic networks 

on ImageNet and then fine-tune them on face images. Instead of having to train a CNN for face recognition from scratch, which 

would require both a search for an optimal architecture and a massive annotated database, we can use pre-trained networks and 

adapt them to the task of face recognition. 

When using the symmetric B-CNN (both the networks are identical), we can think of the bilinear layer being similar to the 

quadratic polynomial kernel often used with Support Vector Machines (SVMs). However, unlike polynomial-kernel SVM, this 

bilinear feature is pooled overall locations in the image and can be trained end-to-end. 

 Training-CNN 

The training of CNNs is very similar to the training of other type NNs, such as ordinaries MLPs. A set of training example is 

required, and it is preferable to have separate validation set in order to perform cross-validation and “early stopping” and to 

avoid over training. To improve generalization, small transformation, such as shift distortion, can be manually applied to the 

training set. Consequently the set is augmented by example that is artificial but still form valid representation of the respective 

object to recognize. In this way, the CNN learns to be invariant to these types of transformation.In terms of training algorithm, 

in general on line Error Back propagation leads to the best performance of the resulting CNN. Therefore, this algorithm has 

been applied for all experimental throughout this work. 

V. CONCLUSION 

The images have low resolution. Improvement of the image quality in terms of resolution is an important operation. The 

learning based approach formulates relationships between the low resolution and high resolution image patches Single image 

super-resolution has been an attractive research area due to its vast area of applications. Over the past couple of decades, 

several researchers have attempted and proposed many solutions to the image superresolution problem. Generation of high 

resolution images from low resolution images is used in many image analysis applications for providing them with high 

resolution images.The learning based single image SR approaches that reduce the reconstruction errors and require smaller 

learning dictionary are preferred. Thus, single image super-resolution approaches that make use of the advantages of CNN 
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learning techniques need to be developed in order achieve better high resolution image. This review paper conclude about 

Image Super-Resolution Using in CNN for enhancement parameter. 
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