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Abstract: In recent years, Super Resolution using traditional and deep learning methods has evolved greatly for images. The paper is 

an effort to review and throw light on several of the traditional approaches of Super Resolution and eventually delve into recent 

advances in the approaches using deep learning. In this survey, super resolution of images is categorised into the following methods: 

traditional approaches and Deep Learning methods (Convolutional Neural Networks (CNN), and Generative Adversarial Networks 

(GAN) and their variations/improvements).  
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INTRODUCTION    

 
High quality images have become a necessity today. They are needed for clear and accurate analysis of images, which would 

lead to precise conclusions. The effort required to analyse images becomes far less whenever the image being used happens to be of 

high resolution or sharp/clear, which would ultimately lead to efficient results. But, such clear or highly resolved images are not 

always easily available. This triggers the need to extract the essential data from the low resolved images present. Super Resolution 

(SR) of an image is defined as the process of obtaining a High Resolution (HR) image from an easily accessible Low Resolution (LR) 

image.  

 

The approaches that are currently available for super-resolving images can be categorised as Single-Image Super-Resolution 

(SISR) and Multiple-Image Super-Resolution (MISR). SISR (Single Image Super Resolution) entails super resolving a single low 

resolution image, while using multiple low-resolution images is termed as MISR (Multiple Image Super Resolution). Out of the 

multiple applications of this approach, one is to aid in the analysis of satellite images. There are a number of applications where these 

can be used. For example, military surveillance, monitoring vegetation and animals, monitoring areas prone to natural calamities, etc.  

 

Since the advancement of satellite image processing, remote sensing is becoming more relevant in modern life. But the 

inadequacy of current imaging sensors and the complexities of atmospheric conditions results in significant hurdles in remote sensing 

applications. As a result, super-resolution techniques for improving the quality of low-resolution remote sensing photos have received 

a lot of consideration.  

 

Despite this, the use of SR in satellite images remains a largely unexplored domain. This is because of the many challenges 

that arise while resolving these images. Smaller objects like cars, buildings, ships, etc. become very difficult to identify accurately as 

these may /or may not have a very small spatial extent in low resolution satellite images. Some images may be rotation invariant, i.e. 

they are not affected when arbitrarily rotated, and can pose difficulty while identifying their orientation. Cloud removal also proves 

to be a major challenge while resolving satellite images. One of the major challenges for SR in satellite images is acquiring enough 

data to train the machine learning models.  
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This paper discusses the super-resolution techniques used right from the beginning including traditional techniques 

interpolation-based, reconstruction-based, learning-based methods followed by a discussion of the current technologies, such as Deep 

Learning using CNN and GAN. More precisely, the many different super resolution techniques are examined and explored. 

Furthermore, the applications of super-resolution are examined, and the possibilities of research in the future are proposed. 

 

HISTORICAL OVERVIEW 

A number of remote sensing applications require the satellite image to be of high resolution so that it can easily be processed 

and analysed. The major applications of high-resolution images are – better perception of it for human interpretation, and improving 

the representation of the image data for computers to process. In other words, Super Resolution can be generalised as the process of 

obtaining a High-resolution image from Low-resolution image/s.  

 

Computational efficiency (due to a large number of unknowns, SR reconstruction necessitates costly matrix manipulations), 

image registration (a fundamental image processing problem that becomes more difficult in the SR setting), structural rigidity aspects 

(image degradation model parameters cannot be accurately estimated, and selectivity to anomalies may result in graphically disturbing 

artefacts), and performance limits (analysis of the performance limit of SR techniques may be difficult due to its complexity) are some 

of the known challenges in SR.  

 

There are several approaches that can be used to super resolve the images and overcome these obstacles. These include the 

Image observation model, super-resolution in the frequency domain, interpolation restoration approaches, example-based approach, 

set theoretic restoration, etc. There are also various statistical approaches [1] like maximum likelihood, joint MAP restoration, 

Bayesian treatments, etc.  

 

The main idea behind SR is to incorporate non-redundant information from numerous low-resolution frames to produce a 

high-resolution image. High-resolution images can be obtained in a variety of ways, which are categorised into: 

 

 

 
1. Interpolation based:  

 
Working in the wavelet domain makes it easier to use sub-bands for resolution improvements, and the authors 

applied various transforms such as Stationary Wavelet Transform (SWT), Discrete Wavelet Transform (DWT), and Curvelet 

Transform (CT) as needed. There are different interpolation methods, such as Nearest Neighbour, Bilinear, Bicubic, and so 

on [2]. However, among these numerous interpolations, Bicubic interpolation provides a high resolution image but introduces 

unwanted artefacts such as blurring [11], therefore the wavelet domain is useful to reduce the quantity of blurring artefacts 

[3].  

In [3,] bicubic interpolation is employed to magnify the low-resolution input image. The image's edges are sharpened 

using the stationary wavelet transform (SWT). The sub-bands created by SWT would be altered by varying the boost value. 

The sub-band is then merged with Inverse Stationary Wavelet Transform (ISWT) to provide a high-resolution image.  

SWT sub-bands are used for picture registration because regardless of how its input is adjusted, standard DWT does 

not provide the same outcome[4]. Following registration, a 45-degree rotation and up-sampling are suggested. Upsampling 

is performed by a factor of two. Missing coefficients are interpolated once upsampling creates space in the Curvelet domain. 

A single high-resolution image is formed by utilising the curvelet transform interpolation. On LR images, both SWT and 

DWT can be applied [5]. SWT develops each sub-band of an image's ratios, whereas DWT creates each sub-band half of the 

image's ratios. Before DWT, bicubic was used, however, it has no influence on the image size. Both transformations' output 

sub-bands will be sent through a Gaussian filter to reduce the blurring effect. The HR image will be generated after Inverse 

Discrete Wavelet Transform (IDWT) upsampling.  

 

 

 
2. Reconstruction based: 

 
Linear equations are created and pixel values can be related to HR and LR images utilising these equations.[3] 

Buffering amplitude self-interpolation was used and a new method has been developed for an edge directed SISR algorithm 

[8]. The proposed HR will preserve the features of the image while concealing aberrations. A Hybrid approach that integrates 

the advantages of the standard Maximum Likelihood estimator with the ability of the Projection onto convex sets to solve 

this problem has been proposed.[9] It has been discovered that an image with increased resolution may be restored using 

numerous unmoving blurred, decimated, and noisy photos. Traditional restoration tools could be directly extrapolated under 

this concept. 
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3. Learning-based techniques: 

 
These techniques learn the correlations among LR and HR image overlays from a library of LR and HR image pairs, 

then apply them to a new LR image to recover its HR version [8], [6], [7], [10]. Example-based Super Resolution 

reconstruction approaches that use direct picture examples as a prerequisite for accurate regularisation have just been 

introduced. The lexicon is learned from intrinsic pictures and then applied to HR reconstruction [6]. The method necessitates 

a wider dictionary. A subspace technique for compact dictionary learning was proposed as a solution to this problem.[7] The 

amount of time spent is reduced, and the quality is improved. This approach, on the other hand, fails to eliminate undesirable 

artefacts. The learning method based on the subspace methodology has been extended to learn numerous bases or sub 

dictionaries with de-blurring, which suppresses undesired results[10]. It provides a single-image image-based SR technique 

depending on the knowledge of a cluster of LR-HR mapping relationships. The learnt mapping functions turn the low 

resolution input picture into a high resolution picture effectively and efficiently.  

 

 

CHALLENGES  

In order to develop high resolution imaging systems, one must overcome the challenge of diminishing returns. In particular, 

the chips that are required for imaging and optical parts important to catch high-resolution images become restrictively costly, 

sometimes costing up to millions of dollars. [16] Super-resolution is the term commonly applied to the issue of rising above or solving 

for the limits of optical imaging frameworks using algorithms for the purpose of image processing, which apparently is moderately 

modest to accomplish. Such algorithms will undoubtedly become more widely used in any situation where optical imaging machines 

of higher quality are either unavailable or prohibitively costly. 

Super imposition of a sequence of LR or low quality images containing noise in order to achieve HR images is the central 

idea around which Super-Resolution revolves. Early work on Super-Resolution demonstrated that if there is the existence of a relative 

sub-pixel motion that remains between the under-sampled input images, aliasing effects in high-resolution fused images can be 

decreased (or even totally eradicated). [16] Notwithstanding, as opposed to the faint domain description of this early work, it tends to 

be seen that, as a rule, super-resolution is a computationally complicated and mathematically not well-presented problem. The advent 

of Deep learning provides a more profound view into these challenges. 

 

DEEP LEARNING IN SR  

Deep learning is a learning system based on the way humans learn. Deep learning is extremely beneficial when gathering, 

analysing, and interpreting large amounts of data; it makes the process efficient and faster. 

Deep learning primarily may be thought of as a way to automate the identification of correlation between sensors. Deep 

learning algorithms are developed in a layer of increasing complexity and abstraction, unlike typical machine learning techniques, 

which are linear. 

The main purpose of SR is to collect the information that is lacking in LR photos by super-resolving it, which gives rise to a 

number of potential uses. Today, there are plenty of algorithms or structures that are used for SR. Of these, the most popular ones can 

be grouped into two categories – Convolution Neural Networks (CNN) and Generative Adversarial Networks (GAN). These methods 

have a high ability for self-learning approaches to representing image data. [17]. 

 

  

1. Convolution Neural Networks (CNN) 

Artificial Neural Networks (ANNs) as stated in [21] are computational processing systems that are based on the 

biological nervous systems that human brains function. Convolutional Neural Network (CNN) is one among the most 

important types of ANN architecture. These are generally employed for tough pattern recognition tasks in images and, due 

to their highly detailed yet basic architecture, provide an easier way to get started with ANNs. 

CNNs consist of neurons that optimise themselves through learning. Each neuron will perform an operation based 

on the continuous input that it receives. This operation serves as the foundation for countless ANNs.  

A CNN can be divided into these -  

1. The input layer, as in other kinds of ANN, will store the image's pixel values. 
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2. The output of the neurons of the input is found by the convolutional layer. It calculates the scalar product between the 

weights and the region related to the input volume. An activation function is applied to the output of the previous layer's 

activation such as the rectified linear unit (ReLu) or sigmoid. 

3. The pooling layer will down-sample along the spatial dimensions of the provided input, lowering the number of parameters 

inside that activation even further. 

4. The fully-connected layers will then perform similar functions as typical ANNs, attempting to generate class scores from 

the activations for classification. It is also proposed that ReLu be utilised between these layers to boost performance. 

 

2. Super Resolution Convolutional Neural Networks (SRCNN)  

With the advancement of machine learning technologies, researchers are now focusing on a new learning-based 

method known as deep learning. Such as Super Resolution Convolutional Neural Networks (SRCNN) proposed by Dong et 

al. [22], has been a pioneer to researchers for developing more CNN-based algorithms. SRCNN solves the gradient-vanishing 

problem while consuming less memory and shortening the model's run time [23]. 

In deep learning or convolutional neural networks (CNN), we usually use CNN for image classification. Single 

image super resolution (SISR) is another application of SRCNN. In essence, with this better SR method, we can acquire a 

higher quality of a larger image even if we just have a little image, to begin with. 

For super-resolving images, SRCNN proposes a three-layer CNN. The SRCNN architecture comprises three 

components: Feature extractor, non-linear mapping, and reconstruction. The training of the model is done to minimise the 

Mean-Squared Error gap between the restored and the referenced images on a pixel by pixel basis. A variety of model 

architectures and hyperparameters are tested and traded for performance and speed in the paper. [22] 

 

 

3. Generative Adversarial Networks (GAN)  
 

 Ian J. Goodfellow [19], in 2014 introduced The Generative Adversarial Networks (GAN) which has then served as 

the backbone for deep learning algorithms. 

A generator and a discriminator are the two models that make up GAN. Neural networks are commonly used to 

implement both of these. However, any type of discrete system that transfers data from one space to another can fulfil these 

goals. 

For fresh data example generation, the goal of the generator is to capture the actual case distribution. The 

discriminator is usually a binary classifier that accurately distinguishes created instances from genuine examples. At a 

stationary position that is simultaneously a minimum for the generator and a maximum for the discriminator, the optimization 

grinds to a standstill. 

The purpose of optimising GAN is to achieve Nash equilibrium [20] which is a concept in game theory that states 

that even if a player knows their opponent's strategy, they will stick to it since they have no reason to alter it. 

 
 

 

4. Super Resolution GAN (SRGAN)  

 

Despite significant progress in SISR (Single Image Super Resolution) using enhanced and efficient computational 

models, one of the primary difficulties to be tackled was the preservation of finer texture features when an image was super 

resolved at a higher upscaling factor. 

The behaviour of the optimization-based super-resolution algorithms depends on which objective function is picked. 

The mean squared reconstruction error has been heavily researched nowadays. The estimates that emerged have excellent 

PSNR values. But these are perceptually not efficient enough as they fall short in high-frequency features and the quality 

desired at higher resolution.  

An image super-resolution framework that uses a Generative Adversarial Network, SRGAN, is capable of producing 

images that are photo-realistic as well as natural for upscaling factors of 4x. SRGAN uses a function consisting of content as 

well as adversarial loss to achieve this. The function is called the perceptual loss function. The solution of the natural image 

manifold is forwarded by the adversarial loss using a discriminator. The network of the discriminator is pre-trained to be able 

to distinguish between an image that is photorealistic and original, and an image that has been super-resolved. 

Furthermore, rather than pixel space similarity, a perceptual similarity that is motivated using the content loss is 

applied. On public benchmarks, the deep residual network is capable of procuring lifelike features from highly down-sampled 
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photos. SRGAN exhibits tremendously substantial improvements in perceptual quality in a comprehensive mean-opinion-

score (MOS) test. 

The MOS scores achieved using the SRGAN are similar to those obtained with any state-of-the-art approach than 

those procured by the original high-resolution images.[22] 

 

 

5. Enhanced Super Resolution GAN (ESRGAN) 

 
These days, ESRGAN [17], which uses Residual-in-Residual Dense Block (RRDB), after the removal of batch 

normalisation and allows the prediction of the relative realness by the discriminator, instead of the absolute value[12], is 

commonly used for Single Frame Super Resolution. By utilising features prior to activation, it lowers perceptual loss, 

meaning that it could provide better control over brightness consistency and texture recovery. Although one of the main 

disadvantages of the method is that it is difficult to implement in real-time, as it requires high computational resources for 

fast processing. Applying deep learning methods to large datasets, i.e., big data also proves to be difficult. The methods also 

need to deal with the real-life complexities that arise while processing LR images in real-time. The structures that are 

currently used for SR need to be improved and enhanced to make them more robust, effective, efficient, as well as capable 

of handling large datasets without using too many resources [14]. The image quality of the recovered image of SRGAN is 

improved using the following modifications: 

 

1. The first part of the modifications includes removal of the Batch Normalisation (BN). This has proved to improve 

the performance as well as decrease the complexity of computation in the various tasks that are PSNR-oriented (this 

includes SR). This is because the batch normalisation is known to bring artefacts.  

 

2. The second part of the modification includes replacement of the residual block by using the Dense Block (that 

originates in the DenseNet), for the enhancement of the network. 

 

Because of these improvements, the visual quality is better than SRGAN, with more genuine and lifelike textures. 

Furthermore, we improved perceived loss by utilising features prior to activation that provides greater supervision and hence 

restores more precise brightness and accurate textures. 

 

 

 

CONCLUSION  

 
This paper intends to explore various techniques used for Super Resolution of Images  that have been implemented through 

the decades. This paper aims to shed light on the various techniques used for Super Resolution, from approaches that use statistical 

concepts, mostly favoured in the past, to currently used approaches that utilise machine learning and deep learning concepts. The 

paper also aims to throw light on the approaches that are used for Satellite Image Super Resolution. These can be used for research 

purposes in SR or any other field that can benefit from them. 
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