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[bookmark: _Toc175707639]ABSTRACT
Image resolution is a metric used to assess how rich in detail an image is, the higher the resolution, the more detail in the image. In general, high-resolution images have a higher number of pixels per unit area compared to low-resolution images. More detailed information in high-resolution images make them more reliable and have higher utilisation value. Therefore, image super-resolution (SR) technology has high application value in satellite remote sensing, video surveillance, medical imaging and other fields. Image super-resolution reconstruction technique has gained popularity in the research of image processing as a cost-effective, widely applicable and highly efficient way to improve image resolution.
Aiming at the problem that traditional neural networks are prone to lose the important detail in images during the image SR reconstruction process, this research proposes the Residual Feature Enhanced Super-Resolution (RFESR) model on the basis of the research on the existing deep learning-based image SR models. A deep residual network is first constructed using partial and global residual structure. The partial residual network is enhanced by the addition of the proposed feature enhancement module (FEM), which enable the model to extract high-frequency feature information more efficiently. In the reconstruction part, this research used different scales of convolutional kernels to extract features from the image and reconstructed a high-resolution image with rich texture detail information by fusing the image feature information on multiple scales.
The proposed RFESR model shows good performance on several benchmark datasets, such as Set5, Set14, Urban100, and B100, and especially outperforms existing state-of-the-art models in the metric of SSIM. In addition, this research also significantly improves the model performance through parameter tuning and structural optimisation. 
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[bookmark: _Toc170222999][bookmark: _Toc175707640]CHAPTER 1 - INTRODUCTION
[bookmark: _Toc175707641]1.1 Research Background
Science and technology are advancing with the development of society, and information interaction plays an increasingly significant role in today's society. Compared with text data, image usually contains a larger amount of information which can present a richer content. Therefore, viewing images has become a prevalent way to obtain information [1]. For images, quality is the key index that affects the efficiency of information acquisition [2].
Resolution is represented by the pixel density in an image. Pixel density is measured in pixels per inch and serves as a critical metric for assessing the amount of detail that can be conveyed in an image [3]. It is directly linked to the volume of information an image store [4]. The quality, clarity and information density of an image all increase with its resolution, which also makes the image more comprehensive and richer. However, direct acquisition of high-resolution (HR) images may be difficult due to insufficient hardware performance, or limited storage [5]. 
Nowadays, images are usually obtained from electronic devices such as digital cameras. The hardware of the imaging device, such as how many photosensitive components are on the sensor, affects the quality of the image obtained. Therefore, one of the most straightforward ways to increase the image resolution is to enhance the hardware performance of the device acquiring the image [6]. However, due to cost and process constraints, this method is difficult to be widely used and is not efficient. Therefore, software methods have been explored to improve image resolution in a more efficient and less costly way.
When increasing image resolution at the hardware device level, it usually requires better hardware device support. For example, higher pixel capture devices may be used to obtain more pixel information when capturing images, and better lenses and sensors may be used to improve image quality [7]. In addition, better optical devices may be used to capture images, such as using better lenses and optical filters. These devices can provide better contrast and colour, as well as more accurate images. But these approaches are affected by conditions such as the cost of imaging components and the physical limits of the photoreceptor chips [8]. Coupled with the fact that the final image resolution obtained does not depend only on the size or unit density of the image sensor, but is also limited by the sampling frequency of the optics, and the capacity and bandwidth of the image transmission and storage process, making improvements to the image acquisition device at the hardware level in order to obtain HR images is not an optimal choice in practical applications [9].
Recovering lost details in low-resolution (LR) images by means of corresponding processing algorithms is easier to achieve and cheaper than optimising expensive hardware devices. Image super-resolution (SR) reconstruction is an important technique to improve the image resolution through algorithms [10]. Image SR reconstruction refers to resorting the given LR images to HR ones with natural and enhanced details through specific algorithms and processing procedures. It is a basic but significant technology in the fields of image processing [11]. This approach has now become a significant research area in computer vision and artificial intelligence. 
Image super-resolution reconstruction can address issues like blurred images [12], low quality, and poorly defined areas of interest that arise from constraints in the imaging system or the capture environment [13]. Due to the rapid development of deep learning these years, significant progress has been made in research using it for image SR. Dong et al. [14] introduced SRCNN, the first convolutional neural network (CNN) model for image SR, achieved good reconstruction results. Since then, various improved deep learning models such as FSRCNN [15], EDSR [16], and RCAN [17] have emerged, further enhancing the quality and efficiency of image reconstruction. 
Image SR reconstruction technology enhances the quality of images and also increase the effectiveness of various other tasks such as target detection [18] and image denoising [19]. Compared to designing more complex optical imaging systems to improve image quality, image SR technology is more cost-effective and can achieve the same results at a higher level of efficiency [20]. 
[bookmark: _Toc175707642]1.2 Image Super-Resolution Application 
Image SR reconstruction is widely applied in various different fields, such as:
· Satellite Remote Sensing [21]: The development of high-resolution remote sensing satellites is time-consuming, expensive and complex. Therefore, researchers have introduced image super-resolution reconstruction techniques into this field in order to tackle the difficulty of obtaining HR remote sensing images, making it possible to increase the resolution of observation images without changing the detection system itself.
· Video Surveillance [22]: Images and videos captured by surveillance equipment in public places are usually greatly affected by weather and distance and are often blurred and of low resolution. The images and videos obtained through super-resolution reconstruction can restore a clear picture of the scene for the police, bring necessary clues to the investigation of the case, and enhance the efficiency of the case.
· Medical Imaging [23]: Many medical imaging tools, such as Magnetic Resonance Imaging (MRI), Ultrasound Imaging (US), and Computed Tomography (CT), can yield higher resolution and quality medical images when image super-resolution technology is applied. Detailed information of tissues and lesions can be displayed more clearly, providing doctors with more accurate diagnosis and treatment.
· Industrial Control [24]: Image SR is also broadly used in industrial control. HR images are essential for product design and quality control in fields such as manufacturing, robot vision, quality control and non-destructive testing. However, raw high-resolution images are costly to acquire and process, so image resolution can be increased without increasing costs through super-resolution techniques. Additionally, super-resolution can be used for non-destructive testing, for example, in fields such as aerospace and automotive manufacturing, where super-resolution can be used to detect minute defects and cracks by increasing the image resolution.
[bookmark: _Toc175707643]1.3 Research Problem Statement
The use of CNN in the image SR task is increasingly emerging and has made very significant progress, but the existing models generally have some problems. Gradient vanishing and gradient explosion are common problems in deep neural networks. These problems can cause the image super-resolution model to be difficult to converge during the training process, affecting feature learning and thus degrading the quality of the reconstructed image [25]. Conventional deep learning-based image super-resolution models’ [26][27] performance improves with the deepening of the network, but at the same time, it will slow the speed of model convergence and has high training complexity. Conventional deep learning-based image SR models [14][16] are prone to weakening or losing image feature information in the backpropagation process as the model network deepens.
Hence it is important to have new models for image super-resolution reconstruction. 
[bookmark: _Toc202288058][bookmark: _Ref202288793][bookmark: _Toc266447525][bookmark: _Toc175707644]1.4 Research Aim
The aim of this research is to develop an efficient CNN-based image super-resolution reconstruction model to avoid slow convergence and thereby enhance the quality of the reconstructed images.
[bookmark: _Toc266447526][bookmark: _Toc175707645][bookmark: _Hlk170927172]1.5 Research Objectives
The aim of the research is achieved by the following objectives:
1. To critically analyse the existing literature to identify state-of-the-art image SR reconstruction models and how they perform.
2. To develop a CNN-based image SR model to improve image quality.
3. To improve and optimise the model structure to enhance the convergence speed and the performance of the developed image SR model.
4. To evaluate the developed model using benchmarked datasets and evaluation metrics such as Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index (SSIM).
[bookmark: _Toc175707646][bookmark: _Toc202288059][bookmark: _Toc266447527]1.6 Significance/contribution of the Research 
The significance of this research is to improve the quality of reconstructed images by developing an efficient CNN-based image super-resolution reconstruction model to alleviate gradient vanishing and gradient explosion of existing models in deep neural network training. Compared to the method of improving image resolution by upgrading hardware equipment, the CNN-based SR technique can improve the efficiency of image processing while achieving a reduction in the cost of hardware upgrading, which is highly cost-effective. Meanwhile, the image SR reconstruction technique has a wide range of application prospects, and the results of this research can promote multi-field applications.
[bookmark: _Toc175707647]1.7 Structure of the Project
Chapter 1 outlines the background of the research, describes in detail the importance of image super-resolution reconstruction techniques and their application prospects, and presents the main objectives and research questions of this research.
Chapter 2 provides a comprehensive review of the relevant literature in image SR reconstruction. The development history of conventional SR techniques and deep learning-based SR techniques is included, and the main challenges and shortcomings in current research are summarised. Existing convolutional neural network architectures are analysed. The research gaps targeted by this research are clarified.
Chapter 3 describes the methodological framework adopted in this research and the architecture of proposed RFESR model. The functions of each module in RFESR are highlighted. Finally, the datasets and evaluation metrics in this research are explained.
Chapter 4 shows the experimental setup and experimental results of the RFESR model. The model performance on different datasets is evaluated by quantitative and qualitative analyses. The chapter also includes comparison experiments with state-of-the-art models and discusses the significance of the results and their implications for model optimisation.
Chapter 5 summarises the key outcome of this research and assesses the achievement of the research objectives. Also, this chapter includes the limitations of the research, such as hardware resource constraints and model complexity Recommendations for the direction of future research are presented.
[bookmark: _Toc121041584][bookmark: _Toc202288061]Chapter 6 presents reflections on this research. The challenges encountered during the research process and strategies for dealing with them are summarised. The techniques and skills learnt during the research process are reflected upon and the implications of these experiences for future academic research.


[bookmark: _Toc175707648][bookmark: _Toc266447528]CHAPTER 2 – LITERATURE REVIEW
The purpose of this chapter is to comprehensively review and analyse existing literature to identify research gaps in the current research field. This chapter focuses on the developmental history of image SR reconstruction techniques, especially CNN-based models. By reviewing both conventional and deep learning SR techniques, this chapter aims to clarify the evolution of these techniques, evaluate their performance advantages and disadvantages, and identify the literature gap. The literature review of the SR techniques introduced to date is covered, focusing on the applications and breakthroughs of deep learning techniques in image SR in recent years. Finally, the chapter presents the CNN architecture. 
1. [bookmark: _Toc266710277][bookmark: _Toc266711030][bookmark: _Toc271283211][bookmark: _Toc340606375][bookmark: _Toc340611902][bookmark: _Toc340612072][bookmark: _Toc340613999][bookmark: _Toc341173665][bookmark: _Toc341173843][bookmark: _Toc341174523][bookmark: _Toc345410421][bookmark: _Toc345410752][bookmark: _Toc345412857][bookmark: _Toc371251349][bookmark: _Toc371251398][bookmark: _Toc371255378][bookmark: _Toc371255533][bookmark: _Toc170223006][bookmark: _Toc175130899][bookmark: _Toc175265176][bookmark: _Toc175430797][bookmark: _Toc175707649][bookmark: _Toc202288068][bookmark: _Toc266447541]
2.1 [bookmark: _Toc175707650]Image Super-Resolution Reconstruction
Super-resolution is the process of obtaining HR images from observed LR images by means of specific algorithms [28]. To enhance the resolution of an image, these special algorithms increase the density of pixels in the image, which produces finer detail than can be gathered by a hardware device [29]. Image SR is widely recognised as a classic ill-posed problem. This is mainly because for a given LR image, there may be many corresponding high-resolution images [30]. LR images lose high frequency information during the sampling process, such as edges. The loss of this information makes the restoration process a huge challenge and needs to be compensated for in the reconstruction process [31].
[bookmark: _Hlk175426876]Image SR reconstruction technology has attracted much attention from scholars since its introduction. Harris [32] and Goodman [33] proposed the concept of image SR in the 1960s, but it only stayed in the stage of theoretical research, and there was no practical method to achieve it. Until 1984, Tsai [34] obtained a HR image by processing multiple LR images through the Fourier transform domain. This is the first successful application of the idea of using software techniques to acquire HR images. In 2014, Dong [14] et al. proposed the SRCNN structure, which introduced deep learning into the field of image SR reconstruction for the first time and introduced novel research ideas for the development of image SR.
2.2 [bookmark: _Toc175707651]Image Super-Resolution Reconstruction Techniques
SR techniques have undergone a change from conventional techniques to nowadays popular deep learning-based techniques with time changing. This section provides an introduction to the various techniques based on conventional [34]-[43] and deep learning [14]-[16][27][44]-[48] approaches for image SR.   
2.2.1 [bookmark: _Toc175707652]Conventional Image Super-Resolution Techniques
Early research from Harris [32] and Goodman [33] laid the foundation for the idea of image SR through reconstruction techniques. Harris [32] analysed the reason for the limited resolution of the image through the principle of diffraction, while Goodman [33] used the theory of Fourier optics to explain how the images were generated.
Studying this idea, Tsai and Huang [34] proposed a Fourier transform-based spectral estimation method to restore HR images by processing the spectra of a series of low-resolution, possibly under sampled discrete low-resolution images. Results show that the proposed method significantly outperforms the conventional cubic interpolation technique in terms of signal-to-noise ratio (SNR).
Kim et al. [35] and Yu-Su et al. [36] improved the frequency domain-based algorithm by introducing the processing of local motion and different noise cases. The Fourier transform displacement property was applied to solve problems related to image interpolation. However, this method is only applicable to the case of ideal state. At the same time the a priori information cannot be added, so it is difficult to popularise and apply this method.
Irani et al. [37] proposed an method called iterative back-projection. This method was experimented with low resolution grey scale images and colour images respectively and the increase in resolution was clearly observed after only a few iterations. This method performed well when removing the blurring level of a single blurred image, while combining the advantages of fast convergence and small computational effort.
Rasti et al. [38] improved the method proposed by Irani et al by embedding double-cubic downsampling and double-cubic interpolation into each iteration. In this method, four LR frames are used as observation frames, and the size of the observation frames is increased by means of interpolation and subsequently generated as initial guess frames. Subsequently, the method of double cubic interpolation and decimation is used to implement the increase and decrease of the interpolated frames. This operation not only reduces the impulse error located in each successive frame, but also narrows the bandwidth generated in the frequency domain. Thus, the mean square error present in each iteration can be reduced. This method yielded high PSNR and SSIM values on many datasets. On Akiyo video sequences dataset, the PSNR value of this method is 35.16dB and SSIM value is 0.9729 at 5 iterations.
Freeman et al. [39] proposed an algorithm called VISTA based on the Markov Random Field (MRF) from the two directions of combining scene estimation and statistical learning. The algorithm models the relationship between a synthetic scene and the corresponding image by generating a synthetic scene and the corresponding image. The MRF network is built for learning the mapping relationship hidden between the LR and the HR image. Bayesian belief propagation is used to find the best scene interpretation given new image data. The high-resolution images obtained by this method have more detail representation. The method of VISTA is evaluated to have the results that are state of art and is verified experimentally to have good performance in areas such as motion estimation as well.
Tian et al. [40] proposed a method called Markov chain-Monte Carlo (MCMC). The proposed method determines the estimation of the maximum a posteriori probability (MAP) estimate for high-resolution images. Gaussian Markov Random Fields (GMRF) are used to analyse the prior probability distributions of these images. This algorithm also derives bounds on the convergence time and proves the superiority of this method. The results achieves a PSNR of 15.57 in the experiments and outperforms the bicubic interpolation method in reconstructing high-resolution images.
Wang et al. [41] proposed an adaptive Huber-Markov Random Field (HMRF) image prior model as a regularisation term. The model is applied to the blurring situation due to motion, and then transforms the ill-posed problem into a well-posed problem. Variable substitution optimisation techniques and Tikhonov regularisation techniques are embedded in this model while preserving image details and edges. The introduction of these two techniques solves the computational complexity caused by the fact that image processing is always represented as high-dimensional equations. The proposed method is superior than other methods in preserving image details and edges.	
Timofte et al. [42] proposed a novel image SR technique called Anchored Neighbourhood Regression (ANR). Neighbourhood embeddings of low-resolution patches are anchored to the nearest atom in the dictionaries and the corresponding embedding matrices are pre-computed. Compared to state-of-the-art techniques, ANR achieved an increase in the quality of the generated HR images and a one or two order of magnitude speed improvement. The average PSNR of the ANR method on the Set14 dataset is 28.65. Then, Timofte et al. [43] proposed an improved variant called A+ based on their previous work. It builds on the features and anchored regressions of ANR and uses complete training material similar to the simple function method. Experiments show that the A+ method is better than other existing methods both in terms of visual effect and quantitative evaluation. Moreover, the A+ method greatly improves the processing speed while maintaining the ANR time complexity. The A+ method improves the image quality while maintaining the time complexity of ANR, improving the PSNR by 0.2 to 0.7 dB on standard images.
2.2.2 [bookmark: _Toc175707653]Deep Learning-based Image Super-Resolution Techniques
Deep learning, which performs feature extraction via deep neural networks, dramatically improves the performance of the networks and can therefore be applied to a variety of computer vision tasks. In recent years, with the development of deep learning techniques, many researchers have applied them to image super-resolution tasks and obtained good results.
Inspired by CNN, Dong et al. [14] first applied CNN to image SR reconstruction and proposed a model called SRCNN. The model learns the end-to-end mapping between LR and HR images directly and has a relatively lightweight structure. The model firstly down-samples the image using bicubic interpolation, and then extracts the image features by using three layers of convolutional neural networks respectively. The extracted features are mapped to a high-resolution image and combined with spatial neighbourhood for prediction, finally generating a high-resolution image. The model is trained on 91-Image and ImageNet datasets. On Set5, SRCNN obtained a PSNR of 32.75 and a SSIM of 0.9090 with the scale of ×3.
To enhance the efficiency of SRCNN, Dong et al. proposed a model named FSRCNN [15]. FSRCNN directly uses LR images as network inputs and trains the network in a low-dimensional feature space. It restores the extracted features to the size of HR images by performing an up-sampling operation on them. The training speed is improved compared to SRCNN, and the parameters of the network are reduced. The model is trained on 91-Image and General-100 datasets. FSRCNN gets 33.16 PSNR and 0.9140 SSIM on Set5 test set with the scale of ×3.
In response to the problem of insufficient depth of networks such as SRCNN, which prevented the reconstruction performance from being further improved, Kim et al. [27] proposed a network maned VDSR. In VDSR, the number of network layers was increased to 20 and the reconstruction performance was greatly improved. At the same time, residual connections are used to facilitate network convergence. Compared to shallow networks, VDSR has more superior performance. However, there is some redundancy in the parameters, which makes the model less efficient. The model is trained on the 291-image. In scale of ×3, VDSR obtained the score of 33.66 in PSNR and 0.9213 in SSIM of on Set5.
To tackle parameter redundancy, Kim et al. [44] proposed a model called DRCN. The model reduces the parameter redundancy by using a recursive convolutional network structure. However, compared to VDSR, the structure of DRCN is deeper and the model suffers from performance degradation. Therefore, Tai et al. [45] proposed network called DRRN. By combining global and local residual structure, DRRN effectively mitigates the performance degradation problem and accelerate the convergence of the network. DRRN has a higher accuracy with smaller number of parameters. In scale factor of 3, DRCN achieved PSNR of 34.03 and SSIM of 0.9244 on Set5. However, too much redundant features in the DRRN model network makes it difficult to further improve its performance and efficiency.
Lim et al [16] proposed a network called EDSR. In EDSR, batch normalisation is removed, and the depth and width of the network are increased. This improves the image super-resolution reconstruction performance. EDSR possesses a reconstruction accuracy that far exceeds that of other models. EDSR gets the value of 33.66 in PSNR and 0.9213 in SSIM on Set5 test set when the scaling factor is 3. However, difficulties are encountered when training the model as the number of network parameters is too large.
Hui et al [46] proposed a network called IDN. The model constructs a deep but compact convolutional network by combining enhancement and compression units into distillation blocks. Thus, the computational complexity and memory consumption are significantly reduced while maintaining high super-resolution performance. With a scale of 3, IDN obtains 34.11 PSNR and 0.9253 SSIM on Set5. 
Based on IDN, Hui et al [47] further proposed a network called IMDN. This network lessens the number of parameters using multi-channel splitting and increases the paths for gradient flow. IMDN has more transmission paths than the above methods, which allows it to converge faster. In scale of 3, IMDN obtains the score of 34.36 in PSNR and 0.9270 in SSIM on Set5.
Liu et al [43] proposed a network named RFDN. This network replaces the channel splitting with convolutional kernel size 1 on the basis of IMDN. Using shallow residual blocks, the efficiency and reconstruction performance of the model is further improved. RFDN reaches 34.47 in PSNR of 34.47 and 0.9280 in SSIM on the Set5.
2.3 [bookmark: _Toc175707654] Application of Image Super-Resolution Reconstruction
A tremendous amount of data is generated every day in the form of image in different industries and fields in the world. And these image data are used in every aspect of people's lives all the time. As the quality of these image data is more and more demanding, image SR reconstruction technology has been utilized in various industries and different application scenarios. 
With the continuous updating of technology for human exploration of space, remote sensing satellites have become more and more widely used in various areas, such as agricultural observation and environmental monitoring [21]. Since images obtained from remote sensing satellites often undergo long-distance transmission and are interfered by atmospheric and other factors, how to obtain HR remote sensing images is a research priority. Image SR techniques can algorithmically improve the resolution of captured images, greatly reducing the cost of modifying satellites while obtaining superior performance [49]. Thornton et al. [50] proposed a sub-pixel mapping method to extract rural land cover objects from high spatial resolution satellite sensor images. Soft classification and mathematical morphology techniques were combined to maximise the spatial correlation between sub-pixels by iteratively swapping pixel positions. This improves the mapping accuracy of land cover features. Arun et al. [49] proposed a CNN-based spectral SR model to improve the spectral resolution of remote sensing images. The model improves feature classification by integrating spatial and spectral information and reprojecting spectrally coarse images onto finer wavelength bands. Dorr [51] proposed a method called MFSR for enhancing the resolution of satellite images. The core of the method is a 3D wide activation residual network. The method improves the super-resolution technique for 2D images and makes it applicable to 3D images. The authors applied the method for training and testing on the PROBA-V dataset and achieved excellent results in the European Space Agency's multi-frame super-resolution competition.
Images also have important applications in the medical field. The higher the resolution of the medical image, the more accurate the control of the condition, and the quicker the treatment plan can be determined so that the treatment can be carried out. Image SR can improve the resolution of medical images and thus assist doctors in their treatment. Shi et al. [52] proposed a global correspondence and multimap PatchMatch-based cardiac image super-resolution algorithm for SR reconstruction of HR cardiac magnetic resonance (MR) images. This proposed algorithm can help physicians to more accurately assess the structure and function of the heart and support the diagnosis and treatment planning of cardiac diseases. Huang et al. [53] proposed an approach called WEENIE. This method solves the image SR and cross-modal image synthesis problems for 3D medical images at the same time. The model was experimented and validated on the IXI dataset and the NAMIC brain multimodal dataset.
Video surveillance can help people take real-time control of blind spots in their field of vision, search for targets, and help police monitor criminal activity. SR technology can improve the quality of images obtained from certain devices that are affected by the environment or hardware. Jiao [23] proposed a method called identity-aware pseudo-supervised face image SR. The method better reflects the image quality in real surveillance scenes by using generative adversarial networks to simulate the properties of LR images captured by surveillance cameras and converting HR images into versions with similar characteristics to the LR images captured by actual surveillance cameras. 
2.4 [bookmark: _Toc175707655]Convolutional Neural Network Architecture
Fukushima et al. [54] first proposed neurocognitive machine, which is considered to be the earliest neural network, and applied them to handwritten digit recognition in the 1980s. CNN have become the most common structure in deep learning with deep learning developing [55]. The structure of CNN is modelled based on biological neurons. For example, a single visual cortex cell can only respond to a stimulus in a limited range, but a large network of visual cortex cells connected through the dendritic structure of a neuron can respond to the entire visual field [56]. Compared with the traditional manually designed network structure, convolutional neural networks can adaptively learn and optimise the feature extraction process. In the feature extraction process, traditional methods need to rely on manual experience to design some of the parameters, while convolutional neural networks can learn and optimise the feature extraction process automatically, which is more adaptive and universal [57]. Therefore, CNNs are considered to be the most ideal choice for learning image content. From the results of various experiments, CNN have shown good performance in image segmentation [58], image recognition [59], image denoising [60] or image super-resolution reconstruction.
CNNs usually consist of 3 parts, which are input layer, hidden layer and output layer. The raw data is fed into the neural network through the input layer. Hidden layers are the most important component of the model and usually contains convolutional layers, activation function, and pooling layers. They do not directly interact with the external data. Instead, it extracts features for the input data to show more abstract features, which are learned and linearly mapped [61].
2.4.1 [bookmark: _Toc175707656]Convolutional Layer
The convolution layer is usually the first layer following input layer, which is an important part of the hidden layer [61]. With a set of filters with learnable parameters, the convolutional layer is able to learn and extract features from the data that are input from the input layer [62]. While extracting the features, the filters are convolved along the width and height of the input features, and a 2D feature map of this filter is generated by calculating the dot product between the filter and the input feature matrix [63]. Convolutional layers have the advantages of local perception and weight sharing. This feature can reduce the amount of computation and allow deeper network structures. Spatial relationships between different features are considered. As the number of network model layers and perceptual fields increase, low-level features are gradually spliced into high-level features. This provides more possibilities for processing image features.
2.4.2 [bookmark: _Toc175707657]Pooling Layer
Pooling layer usually follows the convolutional layer. The pooling layer operates as a nonlinear sampling method. The pooling layer mimics the abstract extraction of animal vision by discarding some of the network parameters according to a certain law. This achieves the purpose of reducing dimensionality and preventing overfitting [64]. The features in the pooling layer remain unchanged when the window movement method is changed. The pooling process can decrease parameters, to prevent overfitting and improves the network learning ability. The pooling layer discards a portion of the cells and shrinks in spatial dimensions so that the subsequent convolutional layer can obtain a larger sense of the field. The pooling layer enhances the nonlinear properties of the network by introducing complex rules, which further gives the network a better nonlinear fitting capability [63].
2.4.3 [bookmark: _Toc175707658]Activation Layer
Image pixel points are usually thresholded in the range of 0-255. "0" means all black, and "255" means all white. 255 levels of grey are inserted between 0-255 to represent different colours [65]. In CNN, values between 0-1 are more suitable for model training and transfer, therefore, in practical applications, pixel values between 0-255 are converted to values between 0-1 [66]. However, when the convolution operation generates the feature map, each pixel point falls in a different range, and some pixel values may become negative. To avoid this situation, CNN introduces the nonlinear activation function to convert each pixel value, making sure that they fall in 0-1. The activation function adds nonlinearity to the network, allowing it to learn patterns in the data, thus enabling the network to represent complex nonlinear relationships with greater expressive capability [67]. Some widely used activation functions are introduced below.
A. Sigmoid [67]
The Sigmoid activation function has the shape of an exponential function. In addition, it is monotonic, continuous and everywhere differentiable, and its derivative can be expressed in terms of itself, which makes it easy to derive an update equation for the weights in the backpropagation algorithm. The Sigmoid function can be expressed as Equation 2.1.

                            (2.1)
The output range of Sigmoid is [0, 1]. The Sigmoid function is often used in models where the predicted probability is the output, such as for binary classification. The disadvantages are the need for exponential operations, high computational volume and complexity, time-consuming training, and easy to generate the gradient vanishing problem.
B. Tanh [67]
Tanh function is also known as hyperbolic tangent function. Like the Sigmoid function, the Tanh function is a saturated activation function. Its curve is similar to the Sigmoid function, which effectively solves the problem that the output value of the Sigmoid function is not zero-averaged. Tanh can be expressed by Equation 2.2.

                                             (2.2)
The output of Tanh function is mapped between plus and minus 1, so it converges faster than Sigmoid, and the output and input of Tanh function can stably maintain a nonlinear monotonous upward and downward relationship, which can satisfy the gradient descent of the neural network, so it has the advantage of good robustness.
C. ReLU [67]
The ReLU function, also known as the rectified linear unit function, can be regarded as a function that takes the maximum value. Due to its non-saturation, ReLU effectively alleviates the problem of vanishing gradient. ReLU is a segmented function and can be expressed as Equation 2.3.

                      (2.3)
ReLU is faster than the Sigmoid and Tanh functions because there are only linear relationships and neither the original function nor the derivative contains complex mathematical calculations.
2.5 [bookmark: _Toc266447546][bookmark: _Toc175707659] Literature Summary
This section summarises the literature review.
Many conventional super-resolution techniques are based on the initial concepts proposed by Harris and Goodman, such as Tsai and Huang's Fourier transform-based method, and Kim and Yu-Su's improvements in the frequency domain algorithm. Traditional methods have gradually improved the accuracy of image reconstruction. However, these methods are often only applicable to ideal situations and cannot effectively deal with complex problems in practical applications. With deep learning evolving, deep learning-driven SR techniques are becoming prevalent. SRCNN pioneered the application of CNN to image SR. Subsequently, models such as FSRCNN, VDSR, DRCN, and DRRN have been continuously improved, which greatly improve the quality of image reconstruction by deepening network and using residual learning, and recursive network structure. However, these methods still have deficiencies in convergence speed, parameter redundancy, and feature extraction. EDSR significantly improves the reconstruction performance by removing the batch normalisation layer and increasing the depth of the network, but it has difficulties in training due to too many parameters. The IDN and IMDN models proposed by Hui et al. obtain high performance while reducing the training difficulties memory consumption through the design of the information distillation block. The efficiency and image quality are further optimised by the RFDN model proposed by Liu et al. 
2.6 [bookmark: _Toc175707660][bookmark: _Toc202288080] Chapter Summary 
This chapter comprehensively explores the history and current status of image super-resolution reconstruction techniques by reviewing and analysing the existing literature. A review of the evolution of image SR techniques from conventional to deep learning based. The gap of existing CNN-based models is analysed in the context of the literature. Finally, the chapter provides an overview of the basic architecture of CNN, including its architecture and key components. Details of the research, such as research method, the specific network structure proposed, datasets and experimental environment will be included and discussed in Chapter 3. 
[bookmark: _Toc175707661]
CHAPTER 3 - RESEARCH METHODOLOGY
[bookmark: _Toc266447529]This chapter details the methodological framework applied in this research and explains how each step supports the achievement of the research objectives. This chapter then presents the research model used in this research, Residual Feature Enhanced Super-Resolution (RFESR), and describes each module in detail. The proposed model allows the network to make better use of the high frequency information in the image to reconstruct the details of the magnified image and improve the image quality. This chapter also explains the data analysis methods used for the experiments, the evaluation methods and the research materials.
3 [bookmark: _Toc175130912][bookmark: _Toc175265189][bookmark: _Toc175430810][bookmark: _Toc175707662]
1. [bookmark: _Toc340606385][bookmark: _Toc340611912][bookmark: _Toc340612082][bookmark: _Toc340614009][bookmark: _Toc341173675][bookmark: _Toc341173853][bookmark: _Toc341174533][bookmark: _Toc345410431][bookmark: _Toc345410762][bookmark: _Toc345412867][bookmark: _Toc371251359][bookmark: _Toc371251408][bookmark: _Toc371255388][bookmark: _Toc371255543][bookmark: _Toc170223016][bookmark: _Toc175130913][bookmark: _Toc175265190][bookmark: _Toc175430811][bookmark: _Toc175707663]
3.1 [bookmark: _Toc175707664]Research Design
In this section, the Research Onion [68] framework is adopted for analysing the research method. The methods used by the research at various levels are analysed sequentially from level to level. This contributes to the systematic design and implementation of the research programme and ensures the scientific validity and consistency of the various steps. The research onion applied for this research is shown in Figure 1.


[bookmark: _Toc175707746]Figure 1 Research Onion for this Research
3.1.1 [bookmark: _Toc175707665]Research Philosophy
This research is based on the philosophical position of positivism [69]. Positivism emphasises the acquisition of objective data through systematic observation and experimentation, and the use of these data as a basis for testing theories and hypotheses. In this research, quantitative image quality evaluation metrics are used to objectively evaluate the performance of the proposed model by designing experiments. This approach ensures the objectivity and scientific validity of the results and is suitable for researching the validity of the proposed model.
3.1.2 [bookmark: _Toc175707666]Research Approach
Deductive [70] approach is selected for this research. Deductive approach starts from existing theories, deduces specific hypotheses, and then verifies these hypotheses through experiments. This research first analyses the existing literature in image SR. Then, based on the existing knowledge in the field of image super-resolution, it is hypothesised that specific deep learning model architectures can significantly improve image resolution. Next, experiments and corresponding deep learning models are designed to verify these hypotheses. Finally, the outputs of the models are analysed through specific evaluation metrics to draw conclusions.
3.1.3 [bookmark: _Toc175707667]Research Strategy
This research uses the research strategy of experiment [71]. Experiments draw causal relationships by controlling and manipulating one or more independent variables and observing their effects on the dependent variable. In this research, the effects of different parameter settings on the results of the image SR task, such as the number of residual modules and the duration of model training, are compared in the experiment. Also, the output images obtained from the image super-resolution reconstruction network were analysed using qualitative and quantitative evaluation metrics. This is important for validating the performance of the models and identifying potential points of improvement.
3.1.4 [bookmark: _Toc175707668]Research Methods
In terms of research choices, mixed methods [72] of quantitative [73] and qualitative [74] method are employed in this research. The quantitative analysis numerically evaluates the quality of the HR images output from the image super-resolution model through metrics such as PSNR and SSIM. Qualitative analysis, on the other hand, complements the quantitative results with subjective visual evaluations by directly displaying and comparing the output image with the original HR image as well as the original LR image. This combination of methods allows the actual model performance to be fully evaluated.
3.1.5 [bookmark: _Toc175707669]Time Horizons
The cross-sectional time horizon is adopted in this research [95]. Cross-sectional studies collect data at specific time points and research them. In this research, the model outputs are collected as the proposed model is trained and tested. Then the trained model is saved to evaluate its performance on a specific dataset. This approach is suitable for evaluating the immediate performance of a model.
3.2 [bookmark: _Toc266447530][bookmark: _Toc175707670] Research Model
In this research, an image SR model called Residual Feature Enhanced Super-Resolution (RFESR) is proposed. The model is based on CNN architecture. It extracts and enhances the high-frequency feature in the image to achieve high-quality magnification of LR images. The overall structure of the model is shown in Figure 2. 


[bookmark: _Toc175707747]Figure 2 Overall Model Architecture
The main components of the model include feature extraction module, up-sampling module and multi-scale reconstruction module. 
Firstly, a 3×3 convolutional layer is simply employed to perform primary feature information extraction on the LR image, which is input to the model, as shown in Equation 3.1.

                             (3.1)



In Equation 3.1,  denotes the first convolutional operation,  is the input LR image,  is the feature map obtained from the 3×3 convolutional layer. 
3.2.1 [bookmark: _Toc175707671]Residual Structure
When the network goes deeper, more abstract feature of the image can be extracted. Each layer of the network can be used for the extraction of feature information at different levels of low, medium and high respectively, and can combine feature information between different layers to obtain more diverse information. Although deepening the network improves the model’s ability of extracting features, it may also cause problems such as network degradation [85].
When designing the structure of a neural network, it is hard to predict how many layers to use to make the network optimal. Stacking network layers can result in redundant layers. These redundant layers will learn parameters that are not in the constant mapping, which causes degradation of the network performance and increases the computational burden. In order to maintain the depth of the deep network while extracting more feature information, a constant mapping function can be introduced into the deep network. Based on this purpose, the residual network (ResNet) was proposed [26]. The baseline structure of a residual network is shown in Figure 3.


[bookmark: _Toc175707748]Figure 3 Residual Network






In Figure 2, is the network input,  refers to the output obtained after network learning, and  is the result obtained by matrix addition of  and . The residual network improves on the basic convolutional network by adding jump connections to sum up the network inputs and outputs, and the final output and input of the network can be expressed as . Compared with the original network infrastructure, the residual network does not add extra parameters. The residual network adopts matrix addition, so the computational volume of the network model is not significantly increased. Residual networks have been studied in the existing literature [16][26][48] for image super-resolution reconstruction tasks with good results.
3.2.2 [bookmark: _Toc175707672]Feature Enhancement Module (FEM)
The Feature Enhancement Module (FEM) is proposed in this section, which is one of the important components of Residual Modules with Feature Enhancement (RMFE) that will be introduced in the following section.
In image SR reconstruction tasks, low-resolution images usually consist of a little high-frequency feature and a lot of low-frequency information. High-frequency information is usually clustered in areas of the image that change dramatically, such as the edge areas and detailed parts of the image. Low-frequency feature is usually found in parts of the image that change slowly, such as flat areas and blurred contours in the image [87]. The process of image SR requires the model to recognise and enhance the high-frequency information. In order to improve the quality of the reconstructed image, it is necessary to increase the capture of high-frequency information in the image by the neural network [86]. However, not every channel has the same and equally important feature information. Therefore, the model needs to dynamically adjust the weights of each feature channel so that the model can automatically focus on the detailed features that are critical to the super-resolution task and suppress those that are less relevant. This ability helps the model to zoom in on critical details of the image more efficiently in the super-resolution task. 
This research proposes Feature Enhancement Module (FEM) following Squeeze-and-Excitation Networks proposed in literature [88]. FEM compresses the image feature into channel descriptors using global average pooling, and then obtains the importance of each channel of the feature map by self-gating mechanism. This importance level is used to set a weight parameter for each channel, which is used to represent the correlation level of the channel with the key feature. The weight parameter is continuously optimised through training. A larger weight value represents a higher degree of relevance. The neural network then focuses more on the current feature channel. The structure of FEM is shown in Figure 4.
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[bookmark: _Toc175707749]Figure 4 Structure of FEM
The main functional parts of FEM are a global pooling layer and 2 fully connected layers. The fully connected layers reduce the network dimensions and control the complexity of the model. When the nonlinear transformation passes through the fully connected layer, it can be mapped to the global information, obtain the attention weight value of each channel, and calibrate the feature information. 
FEM replaces the fully connected layers with convolutional layers. Because the use of the convolutional layer can fit the complex correlations of the channels better, reducing the calculation of the network model parameters while also increasing the nonlinearity of the neural network. 



From Figure 3, it can be seen that  feature maps of size  are first passed through the Global Pooling layer, outputting  global feature maps of size 1x1. After global average pooling, the global features can be obtained. This process can be represented by Equation 3.2.

                                        (3.2)






In Equation 3.1,  represents the global feature,  is the global pooling process,  is the input feature map,  denotes the pixel value of  at position . This process sums up all the feature values within each channel and then averages them.









The global feature  then enters the first fully connected layer, which in this research is a  convolutional layer with ReLU. The number of convolutional kernels in this layer is set to  of the number of channels of the input feature map, where  is the compression ratio.  is thus compressed from dimension  to dimension . The compressed  is then passed through the second fully connected layer and expanded back to the original dimension  by the opposite operation to the first fully connected layer. Attentional weights for each channel are then generated by going through a Sigmoid function. This process can be represented by Equation 3.3 below. 

                                                (3.3)





In Equation 3.3,  is the channel-wise attentional weights generated through the two fully connected layers,  is the Sigmoid function,  and  are the weight matrix of 2 fully connected layer,  is the ReLU function. 
During the compression and expansion of the input features, the network continuously adjusts the weights of the feature maps by learning the nonlinear relationships between the channels and generating corresponding weights for each channel. The original feature map are recalibrated using those weights, emphasising important features and suppressing less important ones.


Finally, the obtained channel level weights  are multiplied with the original feature map  through a multiplier. The original feature map is recalibrated. The adjusted, feature-enhanced feature map is obtained, as shown in Equation 3.4.

                                                             (3.4)

In Equation 3.4,  is the feature-enhanced feature map. 
With the FEM module, the network is able to pay more attention to the channels that have richer feature and improve the feature representation. The ability to extract important high-frequency features in LR images is enhanced.
3.2.3 [bookmark: _Toc175707673]Residual Module with Feature Enhancement (RMFE)
The core part of the model is the RMFE structure, which consists of an improved residual network and the FEM module proposed in the previous section. The structure of RMFE is shown in Figure 5.


[bookmark: _Toc175707750]Figure 5 Structure of RMFE
In RMFE, the idea of traditional residual network is referenced but structurally improved. Partial and global residual are combined to improve the residual network. 
In the image SR reconstruction task, in terms of the low-frequency feature contained in the image, the LR image and the HR image obtained after reconstruction contain essentially the same low-frequency feature. Low-frequency feature is delivered directly to the output via long skip connections of the global residual. This avoids low-frequency features being propagated deeper into the network, relieving the model of the burden of processing this simple information and allowing it to better focus on processing high-frequency details.
Partial residuals allow each residual block to better capture subtle high-frequency local features in the image, thus enabling more effective representation of complex features. As the network going deeper, information may be gradually lost after multiple convolution operations. Partial residuals ensure that the output of each residual block still retains the key features of the initial input, preventing the loss of useful features.


As mentioned in Equation 3.1,  is the feature map obtained from the first 3×3 convolutional layer. The process of the input feature map  passing through the local residual is shown in Equation 3.5-3.7.

                            (3.5)

                            (3.6)

                          (3.7)







In Equations above, ,  and  are the outputs after three convolutional layers and through local residuals, respectively. ,  and  correspond to the weight matrices of the three convolutional layers respectively. The symbol of  represents the convolution operation.

Subsequently, the output  obtained from the local residuals is passed through the FEM module proposed in the previous section, as shown in Equation 3.8.

                            (3.8)


In Equation 3.8,  is the channel-wise attention weight obtained through FEM which is included in the previous section, and  is the output after feature enhancement.
Since simply stacking the residual blocks does not provide an effective improvement for the network performance, a long jump connection is finally used to form the global residuals and enhance the stability of the network. As shown in Equation 3.9, the initial input feature map x is summed with the feature map y processed by RMFE to obtain the final feature-enhanced feature map.

                          (3.9)

In the Equation 3.9, is the final feature-enhanced feature map.
3.2.4 [bookmark: _Toc175707674]Up-sampling Module
Up-sampling module convert LR feature maps to HR feature maps for super-resolution. In general, after multiple convolution operations on an image, the size of the feature map is reduced continuously. For the image super-resolution reconstruction task, the reconstructed image needs to be restored to the original size before reconstruction. This process is called up-sampling. 
Following literature [89], this research uses sub-pixel convolution to up-sample the feature-enhanced image. The main operations of subpixel convolution are the convolution operation and the depth-to-space operation. The process is shown in Equations 3.9 and 3.10 below.

               (3.10)

                      (3.11)





In Equation 3.9 and 3.10,  is the input feature map,  is the number of feature channels used in the convolutional layer,  is the up-sampling factor,  is the kernel size in the convolutional layer,  is the operation of Depth-to-Space. 



First, the number of channels of the input feature map is scaled to  by a convolution operation, which is to match the subsequent depth-to-space operation. For example, when  is 2, the number of input feature map channels is increased by 4 times which is 2×2. The next step is to increase the resolution of the image by converting the number of channels to spatial dimensions with a Depth-to-Space operation. For example, for =2, Depth-to-Space rearranges the 4 channels into a spatial size of 2×2. 
3.2.5 [bookmark: _Toc175707675]Multi-scale Reconstruction Module
Up-sampling module effectively improves the spatial resolution of images, but it only achieves up-sampling by rearranging the channels and does not introduce new details. Also, this process does not integrate the feature information of different channels. Therefore, following the up-sampling module, a reconstruction module is set.
In conventional models, the reconstruction module is often a single convolutional layer [16]. In this research, a multi-scale reconstruction module is proposed based on the Inception structure in the literature [90]. Its structure is shown in Figure 6.


[bookmark: _Toc175707751]Figure 6 Multi-scale Reconstruction Module
The feature maps obtained from the upsampling module are fed into the reconstruction module, and the output is obtained through four stages of processing. In the first stage, the input feature maps are first passed through three consecutive 3x3 convolutional layers to process the high-dimensional feature information in the feature maps. Secondly, the feature map passes through a 1x1 convolutional layer that has been set after the three convolutional layers with the aim of reducing the channel dimensions and further feature mapping. In the third stage, the feature map is split into three branches and fed into 1x1, 3x3, and 5x5 convolutional layers to extract feature in different scales. In the fourth stage, the outputs of the three branching convolutional layers are summed up one by one for feature fusion. The feature map obtained after summation are mapped to the final output high resolution image through a 1x1 convolutional layer.
3.3 [bookmark: _Toc175707676]Research Data Analysis and Evaluation Metrics
This research uses a data analysis method that combines both quantitative and qualitative analyses to comprehensively evaluate the performance of the proposed model.
3.3.1 [bookmark: _Toc175707677]Qualitative Analysis
Qualitative analyses complement quantitative analyses with subjective visual evaluations of model output images, an approach that is also often used in other current research work [14]-[17][34]-[48] in image SR. In this research, some of the model output images will be presented and compared in parallel with the original HR images as well as the original LR images in terms of visual effects. The model output images will be qualitatively analysed by discussing the clarity, detail performance and overall visual experience of the images.
3.3.2 [bookmark: _Toc175707678]Quantitative Analysis
Quantitative analysis mainly uses objective image quality evaluation metrics or specific mathematical models to measure the image quality of the model output. Its advantage is that it can reflect the effect of the model through the numerical size of the metrics intuitively. In this research, the proposed model will be analysed as well as evaluated in terms of data using PSNR and SSIM [14]-[17][22][26][27][44]-[48], two quantitative evaluation metrics that have been widely used by other researchers in image SR reconstruction.
3.3.3 [bookmark: _Toc175707679]Evaluation Metrics
Performance of RFESR is evaluated by comparing the original HR image, also known as ground truth, and the reconstructed HR image using commonly used [14]-[17][22][26][27][44]-[48] evaluation metrics PSNR and SSIM.
1) PSNR
PSNR [75] calculates the ratio between the peak signal and noise between the reconstructed HR and the original HR image. This provides an objective evaluation of the distortion of the reconstructed image [75]. The value of PSNR depends mainly on the mean square error (MSE). Its unit is decibel (dB). The equation for PSNR is shown in Equation (3.1). In the equation, MSE represents the mean square error of the images and MAX denotes the maximum value of the image pixels [76].

                                             (3.12)
In general, the higher the value of PSNR, the better the quality of the reconstructed image and the higher the degree of image fidelity. PSNR provides an accurate measure of pixel-level error in an image and is useful for tasks where the fidelity of fine details in an image needs to be evaluated [75][76].
2) SSIM 
SSIM [76] takes the structural similarity of reconstructed image and original high-resolution as the criterion, and evaluates the images in three dimensions: luminance, contrast and structure. This evaluation metric is more compatible with subjective human visual perception. 













The expressions for luminance, contrast, and structure are shown in Equations (3.2), (3.3) and (3.4), respectively.   is the luminance function,  is the contrast function and  is the structural function, where  and  are the mean values of model-reconstructed HR image  and original HR image ,  and  are their variances,  is their covariance, and ,  and  are stability constants [75][76].


                         (3.13)                          (3.14)

                                                  (3.15)
SSIM is a weighted combination of luminance function, contrast function and structure function. Its equation is shown in Equation (3.5). 

                                  (3.16)
The value of SSIM ranges from 0 to 1. The larger the value, the higher the similarity between the reconstructed HR image and the original HR image. SSIM is ideally suited for the detailed and textural evaluation of generated high-resolution images [76].
3.4 [bookmark: _Toc175707680]Research Materials
In this research, several commonly used datasets are selected to train, validate and test the model. A range of software and hardware facilities are relied upon to train the proposed image super-resolution reconstruction model and evaluate its performance. The research datasets, software and hardware environments used are described in detail below.
3.4.1 [bookmark: _Toc175707681]Datasets
There is a wide variety of datasets commonly used in image SR, each of which varies in terms of the number of images, resolution, and type of scene contained in the dataset. In this research, a range of high-quality image datasets are used to support the training, validation and testing of the proposed model. These datasets provide a diversity of scene and image types, ensuring that the model can learn and generalise to different image processing tasks.
The datasets used in this research are from publicly available sources and are widely used [16][17][46]-[48][71]-[73] in academia for research purposes. These datasets do not contain private information about individuals and therefore there are no obvious ethical concerns. Strict data use guidelines were followed during the study to ensure that the use of the data was limited to academic research and model evaluation.
Following previous work in the literature [16][17][46]-[48][71]-[73], this research uses the DIV2K [74] dataset, which is the most commonly used dataset for model training in image SR, as training set. The DIV2K dataset is a public-available image dataset. It contains 1,000 images of 2K resolution, 100 of which are used as validation set. These images include different scenes of animals, nature, people and buildings with rich texture details.
In terms of selecting test datasets, some of the commonly used [16][17][46]-[48][71]-[73] benchmark test datasets in image SR are Set5 [81], Set14 [82], Urban100 [83] and BSD100 [84]. Set5 includes 5 images, which are bird, baby, head, woman, and butterfly. Set14 consists of 14 images, which include plants, animals, people, cartoon images and so on. Urban100 is a set of 100 images covering a variety of topics such as plants and animals, food, landscapes and architecture. The image content in the BSD100 dataset is mainly streets and buildings. 
3.4.2 [bookmark: _Toc175707682]Software and Hardware
In this research, Python is used as the main programming language, which is widely used in the field of deep learning and image processing due to its rich libraries and tools. For model construction, the TensorFlow framework is used for implementing and training deep learning models. Its efficient computational graphs and GPU acceleration are utilised for fast large-scale data processing. A number of libraries are used in the research to assist in building and training models. For example, Keras is used for model construction, Numpy for numerical computation and Matplotlib for data visualisation. These libraries provide powerful tool support and simplify all aspects of research.
The specification of the hardware environment for this research is shown in the Table 1.
[bookmark: _Toc175707769]Table 1 Experimental Environment Specification
	Hardware
	Specification

	Operating System
	Windows 11 23H2

	CPU
	11th Gen Intel(R) Core(TM) i5-11300H @ 3.10GHz   

	CPU RAM
	16.0GB

	Experimental Platform
	Google Colab

	GPU
	NVIDIA A100 

	GPU RAM
	40.0GB


3.5 [bookmark: _Toc175707683][bookmark: _Toc266447539]Chapter Summary 
This chapter describes the research methodology applied in this research and the design of the research model in detail. By adopting the ‘research onion’ model, the research approach, research strategy, research methods, and time horizons are explored step by step, starting from the philosophical foundations. The rationale for the selection of each aspect and their contribution to the research objectives are systematically explained. The Residual Feature Enhanced Super-Resolution (RFESR) model is proposed, which exploit the properties of deep learning to enhance the ability to capture and reconstruct image details. A detailed analysis of the various modules of the model demonstrates how the method can improve the quality of images in an effective way. The evaluation approaches used in the research, as well as the research materials, are presented. In Chapter 4, specific experimental details will be presented, and the results will be displayed and discussed. 


[bookmark: _Toc341174544][bookmark: _Toc175707684][bookmark: _Toc121041633][bookmark: _Toc202288167][bookmark: _Toc266447548]CHAPTER 4 – EXPERIMENT AND RESULTS ANALYSIS
4.1 [bookmark: _Toc175707685]Experimental Setup
The implementation of the experiment was carried out in Python and based on the TensorFlow 2.x deep learning framework, which includes high-level APIs like Keras for building and training deep learning models. As is shown in Table 2, the following libraries are used in the implementation of the model. 
[bookmark: _Toc175707770]Table 2 Libraries’ Usage
	Libraries
	Usage

	NumPy
	Numerical calculations and array operations.

	Matplotlib
	Visualisation of results.

	OpenCV
	Image processing tasks such as image saving and format conversion.

	PIL (Python Imaging Library)
	Loading images and basic image operations.

	Skimage
	For image colour space conversion in PSNR and SSIM calculations.


As described in Section 3.4 in Chapter 3, this experiment uses the DIV2K [74] dataset as the training and validation dataset. Set5 [81], Set14 [82], Urban100 [83] and BSD100 [84] are used as the test sets for evaluating the model.
Preprocessing operation is performed on the original image. The original HR image is first loaded from the specified path. Then image blocks of size 48×48 are randomly cropped from the images [16]. These image blocks are downsampled using bicubic interpolation method to generate the corresponding LR images [91]. In order to improve the generalisation of the model, data augmentation operations such as random flip, random rotation (rotation angle of 90, 180 or 270 degrees) are performed on the image, following [92]. Finally, the pixel values of the HR and LR images are normalised to [0, 1]. The batch size is set to be 16. The original high-resolution image blocks and the generated low-resolution image blocks are fed into the model as pairs of training data for training and learning.



The core of the model consists of RMFE modules. During the experiment, the number of RMFE modules was dynamically adjusted from 32 to 10 to test the effect of the number of RMFE modules on the performance of the model. Each RMFE module consists of three convolutional layers containing  kernels with the size of 3×3. In the FEM module in RMFE, channel compression and expansion use one single convolutional layer with 1×1 convolutional kernels. The channel compression layer uses  convolutional kernels where the compression ratio  is 16 following [88]. The number of convolutional kernels contained in the convolutional layers in both the up-sampling module and the reconstruction module is 64. The size of the convolutional kernels for each convolutional layer has been illustrated in Section 3.2 of Chapter 3. 





The model was trained using the Adam optimiser [93], and experiments were conducted using the Adam default settings and a custom learning rate scheduling strategy, respectively. In the custom learning rate scheduling strategy, the initial learning rate is set to , and every 10 epochs, the learning rate decays exponentially at a rate of 90%, with a minimum learning rate limit of . The parameters of the Adam optimiser are set as ,  and  [16]. 
The model was evaluated by two metrics, PSNR and SSIM. These metrics are calculated for the Y (luminance) channel by converting the image from RGB colour space to YCbCr colour space [17].
4.2 [bookmark: _Toc175707686]Results and Analysis
4 [bookmark: _Toc175130938][bookmark: _Toc175265214][bookmark: _Toc175430835][bookmark: _Toc175707687]
4.1 [bookmark: _Toc175130939][bookmark: _Toc175265215][bookmark: _Toc175430836][bookmark: _Toc175707688]
4.2 [bookmark: _Toc175130940][bookmark: _Toc175265216][bookmark: _Toc175430837][bookmark: _Toc175707689]
4.2.1 [bookmark: _Toc175707690]Quantitative Results
1) Parameter Tuning Experiments
Parameter-tuning experiments were conducted under the model with a magnification scale of ×2. 

In Experiment 1, the number of RMFE modules is set to 32, the batch size is set to 16, and the number of epochs is set to 100. For the optimiser settings, Experiment 1 used the default Adam optimiser with the default learning rate of . The trained models were evaluated on four test sets with PSNR and SSIM. In Experiment 1, the model achieved an acceptable PSNR and very high SSIM on the four test sets. The proposed model achieved a PSNR of 31.64 on Set5 and a SSIM of 0.9903 on B100. The results are shown in Table 3.
[bookmark: _Toc175707771]Table 3 Experiment 1: Results with 32 RMFE Modules, 100 Training Epochs Using Default Adam Optimizer
	Scale
	Set5
	Set14
	Urban100
	B100

	
	PSNR
	SSIM
	PSNR
	SSIM
	PSNR
	SSIM
	PSNR
	SSIM

	×2
	31.64
	0.9809
	28.49
	0.9818
	25.85
	0.9662
	28.68
	0.9903







In Experiment 2, following literature [16], the parameters of Adam's optimiser were tuned. The parameters of the Adam optimiser are set as,  and . To improve the training efficiency, a custom learning rate scheduling strategy is introduced [16]. This strategy set the initial learning rate to . The learning rate decays exponentially at a rate of 0.9 every 10 epochs, with a minimum of . The number of RMFE modules, batch size and epochs remain the same as they are in Experiment 1. In Experiment 2, the model still achieved the best PSNR of 31.98 on Set5 and the best SSIM of 0.9911 on B100. Overall, the PSNR and SSIM of the model in Experiment 2 improved compared to Experiment 1 on all four testing sets. PSNR had an increase of 0.34 on Set5 and SSIM had an increase of 0.0008 on B100. The results of Experiment 2 are shown in Table 4 below. 
[bookmark: _Toc175707772]Table 4 Experiment 2: Results with 32 RMFE Modules, 100 Training Epochs with custom learning rate scheduling strategy
	Scale
	Set5
	Set14
	Urban100
	B100

	
	PSNR
	SSIM
	PSNR
	SSIM
	PSNR
	SSIM
	PSNR
	SSIM

	×2
	31.98
	0.9874
	28.80
	0.9805
	25.88
	0.9628
	29.04
	0.9911


In Experiment 3, in order to explore how the length of training time affect the model performance, the number of epochs in Experiment 3 was changed to 300 while the other parameters of Experiment 2 remained unchanged. In Experiment 3, the model achieved a PSNR of 32.33 on Set5 and a SSIM of 0.9914 on B100. There was a further improvement compared to Experiment II, with a 0.35 increase in PSNR on Set4 and a 0.0003 increase in SSIM on B100. The results of Experiment 3 are shown in Table 5 below.
[bookmark: _Toc175707773]Table 5 Experiment 3: Results with 32 RMFE Modules, 300 Training Epochs with custom learning rate scheduling strategy
	Scale
	Set5
	Set14
	Urban100
	B100

	
	PSNR
	SSIM
	PSNR
	SSIM
	PSNR
	SSIM
	PSNR
	SSIM

	×2
	32.33
	0.9871
	29.00
	0.9814
	26.07
	0.9654
	28.99
	0.9914


In Experiment 4, the number of RMFE modules is reduced from 32 to 10 to study the influence of network depth on model performance. According to the results of Experiment 3, although the increase of training time can significantly improve the model performance, especially in terms of PSNR, it is difficult to set the number of epochs to 300 for each experiment in this research due to time and resource constraints. Therefore, in Experiment 4 the epoch is set back to be 100, the same as it is in Experiment 2. Compared to Experiment 2, the model in Experiment 4 has improved PSNR and SSIM on Set5, Set14 and Urban100. On Set5, PSNR has an increase of 0.31. The results are shown in Table 6.
[bookmark: _Toc175707774]Table 6 Experiment 4: Results with 10 RMFE Modules, 100 Training Epochs with custom learning rate scheduling strategy
	Scale
	Set5
	Set14
	Urban100
	B100

	
	PSNR
	SSIM
	PSNR
	SSIM
	PSNR
	SSIM
	PSNR
	SSIM

	×2
	32.29
	0.9779
	29.06
	0.9774
	26.02
	0.9575
	28.61
	0.9885


Figures 7 and 8 combine the data from Table 3-6 and visualise them in bar charts, which intuitively show how the PSNR and SSIM of the model on the four test sets varies with the parameter tuning of the four experiments.
[image: ]
[bookmark: _Toc175707752]Figure 7 Trend of PSNR on Test Sets with Parameter Tuning
[image: ]
[bookmark: _Toc175707753]Figure 8 Trend of SSIM on Test Sets with Parameter Tuning
2) Comparison experiment with different scales
In Experiment 5, the model was experimented at the scale of ×3 and ×4 with the parameters of batch size of 16, number of RMFE modules of 10, and epochs of 100. And the results were compared with four state-of-the-art models respectively. The results are shown in Table 7.
[bookmark: _Toc175707775]
Table 7 Experiment 5: Results on SR scale of ×2, ×3, ×4 and comparison with state-of-the-art models. Best results are marked in red.
	Method
	Scale
	Set5
	Set14
	Urban100
	B100

	
	
	PSNR
	SSIM
	PSNR
	SSIM
	PSNR
	SSIM
	PSNR
	SSIM

	SRCNN [14]
	×2
	36.66
	0.9542
	32.45
	0.9067
	29.05
	0.8964
	31.36
	0.8879

	VDSR [27]
	
	37.53
	0.9590
	33.05
	0.9130
	31.90
	0.9140
	31.90
	0.8960

	DRCN [44]
	
	37.62
	0.9589
	33.08
	0.9118
	30.75
	0.9133
	31.85
	0.8942

	EDSR [16]
	
	38.11
	0.9602
	33.92
	0.9195
	32.93
	0.9351
	32.32
	0.9013

	Proposed
	
	32.29
	0.9779
	29.06
	0.9774
	26.02
	0.9575
	28.61
	0.9885

	[bookmark: _Hlk175007090]SRCNN [14]
	×3
	32.75
	0.9090
	29.30
	0.8215
	26.24
	0.7989
	28.41
	0.7863

	VDSR [27]
	
	33.67
	0.9210
	29.78
	0.8320
	27.14
	0.8290
	28.83
	0.7990

	DRCN [44]
	
	33.82
	0.9226
	29.76
	0.8311
	27.15
	0.8276
	28.80
	0.7963

	EDSR [16]
	
	34.65
	0.9280
	30.52
	0.8462
	28.80
	0.8653
	29.25
	0.8093

	Proposed
	
	28.37
	0.9769
	25.76
	0.9708
	23.19
	0.9478
	25.73
	0.9829

	SRCNN [14]
	×4
	30.48
	0.8628
	27.50
	0.7513
	24.52
	0.7221
	26.90
	0.7101

	VDSR [27]
	
	31.35
	0.8830
	28.02
	0.7680
	25.18
	0.7540
	27.29
	0.7026

	DRCN [44]
	
	31.54
	0.8854
	28.19
	0.7670
	25.21
	0.7510
	30.57
	0.7233

	EDSR [16]
	
	32.46
	0.8968
	28.80
	0.7686
	26.64
	0.8033
	26.64
	0.8033

	Proposed
	
	26.76
	0.9244
	24.43
	0.9540
	21.94
	0.9273
	24.64
	0.9761


4.2.2 [bookmark: _Toc175707691]Qualitative Results
The visual results of this model, also known as qualitative results, are presented in this section. Figures 9 to 12 show a sample image selected for visual presentation from each of the four test sets. In each image, from left to right, are the original HR image, the LR image obtained by downsampling degradation at different scales, and the HR image obtained by model reconstruction.


[bookmark: _Toc175707754]Figure 9 SR Result of the image “butterfly” of Set5 in Scale ×2, ×3 and ×4


[bookmark: _Toc175707755]Figure 10 SR Result of the image “barbara” of Set14 in Scale ×2, ×3 and ×4


[bookmark: _Toc175707756]Figure 11 SR Result of the image “img_002” of urban100 in Scale ×2, ×3 and ×4


[bookmark: _Toc175707757]Figure 12 SR Result of the image “109053” of B100 in Scale ×2, ×3 and ×4
Figure 13 and 14 shows the local reconstruction (framed by the red line) results of the RFESR model for the image ‘img_004’ and ‘img_073’ in urban100 at ×4 scale. The results are compared with those of SRCNN, VDSR and EDSR. The best results are highlighted in red.


[bookmark: _Toc175707758]Figure 13 Comparison Results of the image “img_004” of urban100 in Scale ×4


[bookmark: _Toc175707759]Figure 14 Comparison Results of the image “img_073” of urban100 in Scale ×4
4.3 [bookmark: _Toc175707692]Discussion
4.3.1 [bookmark: _Toc175707693]Quantitative Results Discussion
Comparing the results of Experiment 1 and 2, the introduction of custom learning rate scheduling strategy to the model leads to an improvement in model performance with other parameter settings unchanged. Specifically, the introduction of this strategy improves the model's PSNR and SSIM on the Set5 test set by 0.34 and 0.0065, respectively. 
Based on the introduction of custom learning rate scheduling strategy, the training epoch is increased from 100 to 300 for further experiments to explore the effect of training duration on model performance. According to the results of Experiment 3, increasing the training duration does have a significant improvement on the model performance. On Set5, the PSNR is further improved by 0.35. 
However, due to the poor hardware specification of the device used in this research, all experiments were conducted on the Google Colab platform using its provided GPU. This brings about limitations in terms of experiment time and resources. Even in a GPU environment, a single training session of 100 epochs (Experiments 1 and 2) took 2.16 hours. A 300-epoch training session (Experiment 3) took almost 7 hours. Coupled with the limited time and resources of this research, although increasing the training duration can improve the model performance, setting the epoch of each experiment to 300 to conduct the experiment seems to be difficult to achieve. Therefore, in Experiment 4, the number of epochs was reduced to 100 to continue to explore the impact of the number of RMFE modules on model performance. 
The PSNR of the model in Experiment 4 has an improvement of 0.31 on Set5 compared to Experiment 2 with other parameters remain unchanged. It shows that the reduction of the network depth has an improved effect on the model performance with the same training duration. This is because an increase in network depth may lead to the problem of gradient disappearance or loss of image feature information [14][16]. 
Meanwhile, it is worth noting that the results of Experiment 4 (with 10 RMFEs and 100 epochs) are almost close to the results of Experiment 3 (with 32 RMFEs and 300 epochs). On Set5, there is only a 0.034 decrease in PSNR and a 0.0092 decrease in SSIM. With the number of RMFEs reduced to 10 and the epochs reduced from 300 to 100, the model performance is still almost close to that of Experiment 3.
Experiment 4 shows that reducing the depth of the network alleviates this problem. It also shows that the use of 10 RMFEs and 100 training epochs for the model in the follow-up experiments is reasonable and acceptable.
According to Figure 7, the PSNR of the model is gradually improving as the optimiser parameters are adjusted, the learning rate decay is introduced and the training time increases. Compared with Experiment 3, Experiment 4 reduces the network depth, but also reduces the training time. The results show that both PSNR and SSIM of the model are almost the same as experiment 3. It shows that reducing the depth of the network has a positive effect on the performance of the model.
Based on the results of the comparison with the state-of-the-art models [14][16][27][44], the proposed RFESR model achieved the best results in SSIM at all three scales and was significantly higher than the others. Among them, the highest SSIM of 0.9885 was achieved on the B100 testing set with scale of ×2, 0.0872 higher than the second-best model. 
However, in terms of PSNR, the model in this research achieved less than satisfactory results. Other state-of-the-art models have undergone much longer training periods to reach their best performance on PSNR in the literature. For example, the ESDR model took 8 days to train to get the best results [16]. As mentioned before, there are limitations of time for this research. With such limited time, the proposed model in this research gets the highest SSIM. Moreover, it has been proven in the parameter tuning experiments that the PSNR of the proposed model is improved considerably with the increase of training epochs. Therefore, it is believed that the proposed model will get higher SSIM on all testing sets if enough time and resources are given.
4.3.2 [bookmark: _Toc175707694]Qualitative Results Discussion
As is shown in Figure 9 to 12, the quality of the reconstructed image gradually decreases as the magnification scale increases (from ×2 to ×4). At the scale of ×2, the details and edges of the reconstructed image are relatively clear. This indicates that the model is able to restore the high frequency feature and details of the image better at lower scale. At scales of ×3 and ×4 the details of the image begin to be lost and the sharpness of the edges decreases significantly. As the magnification increases, the edges start to become blurred (especially at the scale of ×4) and the colour boundaries are no longer as well defined as in the original image. This is because the original HR image has been degraded at high-scale and a great deal of detailed information in the image has been lost. Under such conditions, it becomes extremely difficult to restore the lost high-frequency feature, leading to worse reconstruction performance [4].
Figure 13 and 14 illustrates the visual results of the comparison between RFESR and the other three models. Two images from urban100, which have a more complex content and texture, were chosen for presentation.
Figure 13 shows a metal plate with regular circular holes and a reflector, the detailed representation of the image focuses on the texture of the holes in the metal plate and the details of the reflection in the reflector. SRCNN and VDSR show significant blurring in recovering the details of the holes in the metal plate. The edges of the holes are not well defined, the texture appears confusing, and there is a lack of clear contrast. This suggests that both models have limited ability to recover regular texture and detail. EDSR again shows the highest PSNR values in this image, which suggests that it recovers more numerical detail. However, the EDSR results show an unnatural over-sharpening effect in terms of texture and detail recovery. This over-sharpening may improve the PSNR, but it loses some of the natural texture and makes the image look less natural. The edges of the holes in the metal plate are too sharp and some areas show artefacts or halo effects, which reduce the naturalness of the image. The proposed model, RFESR, achieved the highest SSIM on this image, which shows that it outperforms other methods in maintaining the natural feel of the structure and texture of the image. In the hole part of the metal plate, RFESR restores the shape and size of the holes and the texture appears smoother. This effect makes the image look closer to the real scene. However, the reconstructed image still has some degree of artefacts due to the low PSNR value.
Figure 14 shows localised details of a cityscape, in particular the lines of the buildings and the texture of the windows. Like Figure 13, SRCNN and VDSR are weak in recovering the image. The lines of the buildings appear somewhat blurred and the edges are not sharp enough. This is reflected in their PSNR and SSIM values, which are both relatively low. EDSR again achieved the highest PSNR in this image. However, EDSR still suffers from over-sharpening problems, especially in the edge areas of the window texture. RFESR still achieves the highest SSIM in this image. In the cropped area, the stripe of glass on the side of the building should have been diagonally upwards to the right. However, the image recovered by RFESR shows both diagonal upward and diagonal downward textures on this side. This is also a kind of artefact. Overall, however, RFESR is more natural in recovering the image texture without over-sharpening.
4.4 [bookmark: _Toc175707695]Chapter Summary
This chapter begins by describing the specific parameter settings for the various experiments and the structural parameter settings for the RFESR model. The quantitative and visual results of the RFESR model on the benchmark datasets of Set5, Set14, Urban100 and B100 are shown. The quantitative results show that by adjusting the number of RMFE modules, the training epochs and the optimiser parameters, the RFESR model achieves a significant advantage in SSIM metrics, especially in the high scale SR task. Although the most desirable PSNR values are not achieved under the limitation of training time and resources, the model performs well in terms of detail smoothness and structural similarity. The reasons why RFESR is slightly inferior in terms of PSNR are discussed. In addition, according to the visual results, the RFESR model shows better structure retention in terms of visualisation by comparing it with other state-of-the-art models. Chapter 5 will conclude the whole research based on the experimental results in this chapter and discuss the limitations of this research and make recommendations for future study.
[bookmark: _Toc341174562][bookmark: _Toc175707696]
CHAPTER 5 – CONCLUSION, LIMITATIONS AND RECOMMENDATIONS
Chapter 5 concludes the overall research and gives a comprehensive analysis of how this research addresses each of the research objectives. Limitations about this research are discussed and recommendations for future study are provided.
1. [bookmark: _Toc371251378][bookmark: _Toc371251427][bookmark: _Toc371255407][bookmark: _Toc371255562][bookmark: _Toc170223038][bookmark: _Toc175130946][bookmark: _Toc175265222][bookmark: _Toc175430845][bookmark: _Toc175707697]
5.1 [bookmark: _Toc175707698]Conclusion
This research aims to develop an efficient image SR reconstruction model based on CNN to overcome the problems of long convergence time and insufficient feature extraction encountered by existing models during deep learning. The quality of the reconstructed HR images is also improved in the process. In order to achieve this overall goal, this research sets the following objectives and achieves them step by step through the corresponding methods.
The first objective is to critically analyse the existing literature and identify the state-of-the-art models and their performance in image SR tasks. This objective is fulfilled through a systematic literature review of conventional and deep learning-based techniques in Chapter 2. By critically analysing the advantages and weaknesses of the existing models, this research identifies that the existing methods are prone to the problems of insufficient depth of image feature extraction as well as long convergence times when dealing with deep networks. The shortcomings of the current models in enhancing image details and high-frequency information are also pointed out, providing a theoretical basis for this research to propose improved models.
The second objective is to develop a CNN-based image SR reconstruction model to improve image quality. This objective is achieved by the Residual Feature Enhanced Super-Resolution (RFESR) model proposed in this research. The model combines residual structure and feature enhancement modules to enable the model to extract high-frequency information features from images more efficiently. Through experimental validation, the RFESR model shows good performance on multiple datasets, especially in SSIM, and successfully improves the quality of reconstructed images.
The third objective is to improve and optimise the model structure so that the convergence speed and model performance can be optimised. In order to achieve this goal, this research conducted several optimisation experiments on the model, especially innovating the combination of the Feature Enhancement Module (FEM) and the improved residual structure. By introducing the FEM mechanism and combining global residuals and partial residuals, the model is able to focus on key details in the image more effectively. The extraction of high-frequency detail features for each channel of the image and the fusion of high and low frequency features are enhanced. In addition, by adjusting the depth of the model and the training strategy, the optimised RFESR model demonstrates better performance.
The fourth objective is to evaluate the developed model using benchmark datasets and evaluation metrics. This goal is achieved by evaluating the model on multiple benchmark datasets, such as Set5, Set14, Urban100 and B100, and using two evaluation metrics, PSNR and SSIM. Through comparative experiments, the model achieved high SSIM scores at different magnification scales. In particular, on the B100 dataset at a scale of 2, the SSIM reaches 0.9885, which is much higher than other existing models. Although this research performs slightly less well in terms of PSNR compared to other state-of-the-art models due to time and resource constraints, the RFESR model provides a better improvement in terms of balancing image detail and overall quality.
5.2 [bookmark: _Toc175707699]Limitations
Although this research has achieved some good results, there are still some limitations. 
The lack of time and resources for research is one of the biggest limitations to this research. Due to hardware configuration limitations, there were no GPUs on the devices implementing the experiments of this research to support the task of training huge deep learning models. All experiments were conducted on the Google Colab platform, using paid GPU provided by Colab. Even with the GPU used to train the model, the model took 2.16 hours to train for 100 epochs at a time. A training session of 300 epochs took close to 7 hours. Since the full research period of this research was only about two months, this research could not train and conduct every experiment at 300 epochs. This is a challenge for both thesis writing and money spent. However, it has been proven in the parameter tuning experiments that the performance of the model does improve as the training time increases. 
The RFESR model uses a fusion of global and local residual modules along with a feature enhancement module. Although these modules improve the image quality, they also increase the computational complexity and memory usage. This may place high demands on hardware resources in practical applications.
In addition to the above, although the model performs well on standard datasets, its ability to generalise well to practical applications dealing with other types of images or different domains needs to be further verified.
5.3 [bookmark: _Toc175707700]Recommendations 
Based on the conclusion and limitations of this research, some possible recommendations for this research are presented. 
As is proven in Experiment 3, model performance is improved when more epochs given in training. Therefore, it is believed that better performance would have been obtained in this research if more ample time and resources could have been given. Future research could consider the use of more powerful computational resources such as distributed training or more GPU support to extend the training time in order to further optimise the model performance. In addition, more efficient learning rate adjustment strategies or other optimisation algorithms could be explored to accelerate the convergence process. 
Consider simplifying the model structure while maintaining model performance. Reduce model parameters to reduce computational costs and improve model applicability in resource-limited environments by incorporating other new techniques, such as distillation learning. 
Future study could use more image datasets of different types and resolutions when training the model. This could enhance the adaptability of the model so that it can still maintain high performance when processing images from different scenes.


[bookmark: _Toc341174563][bookmark: _Toc175707701]CHAPTER 6 – REFLECTIONS
In this research, the advantages and disadvantages of existing techniques are identified and analysed through literature review. The CNN technique in deep learning is studied and analysed for its application in the field of image processing. Based on these analyses the model design of Residual Feature Enhanced Super-Resolution (RFESR) is proposed. 
In the process of constructing and optimising RFESR models, the approaches to design, train and debug complex neural network models are mastered. It is also learnt that how to experimentally adjust the model structure, learning rate and other hyperparameters to achieve optimal performance. This process deepens the understanding of CNN basic principles and how they can be applied to the practical task of image SR. 
In this research, how to proficiently use Python and TensorFlow to construct deep learning networks and perform experiments is mastered. These tools make it possible to quickly build, train and evaluate models and perform the necessary optimisations. Pre-processing techniques for image data were skilfully applied and mastered, including downsampling, augmentation and normalisation of images. These skills not only allow for better preparation of training data, but also for more efficient analysis of experimental results.
In addition to the technical skills that are gained mentioned above, a range of research skills have been strengthened. 
Through this research, the ability to conduct a systematic literature review in a specific research area was enhanced. How to identify and analyse the core issues of relevant research and to propose innovative research proposals based on them was learnt. 
In this research, several experiments were designed and executed to validate the effects of different parameters and model configurations on the performance of proposed SR model. In the process, skills on how to design experiments and adapt research strategies based on the results are acquired.
Finally, in the process of writing the overall thesis, the ability to analyse literature and scientific writing was significantly enhanced under the guidance of the supervisor. The ability to clearly articulate complex technical content was enhanced. The ability of how to design and organise the content and structure of each chapter was learnt and applied.
The process of implementing this research not only brings the improvement of technical skills, but also an important stage of academic growth. The process of solving problems through repeated experiments and continuous learning when faced with problems reflects the fun of research. At the same time, the importance of time management and resource optimisation in research was made aware. Despite the hardware resource constraints encountered in the research, the expected research objectives were achieved through a reasonable organisation.
[bookmark: _Toc175707702]
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The original Gantt chart:
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The actual Gantt chart:
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The overall management of this research mainly includes project initiation and literature review, algorithm design, algorithm implementation, result analysis, writing and final revision and submission. The original Gantt chart shows the estimated time for each phase.
Comparing the actual Gantt chart with the original one, it can be seen that the start of the algorithm design has been delayed by almost two months from the original plan, thus leading to a slight overall delay in the other phases of the post go. This is due to the fact that in May and early June we were preparing for the second semester final assignments and exams. However, the overall research process was steadily pushed forward as planned and the completion time was still in line with expectations. 
In actual project management, the project initiation and literature review were carried out throughout the research process and progressed as planned. Algorithm design and implementation phases started late but were still completed within the expected time frame. The thesis writing phase and the algorithm design and implementation phase proceeded in parallel. In the actual Gantt chart, the part of the thesis writing phase was further broken down to the writing schedule of each chapter.
In this case, the writing of Chapter 1 and Chapter 2 was completed according to schedule. The writing of Chapters 3 and 4 was delayed by the experimental phase and took more time than expected due to experimental equipment and time constraints. Overall, however, the thesis writing was completed in line with the original Gantt chart schedule without major delays.
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APPLICATION FOR ETHICAL APPROVAL

In order for research to result in benefit and minimise risk of harm, it must be conducted ethically.

The University follows the OECD Frascati manual definition of research activity: “creative work
undertaken on a systematic basis in order to increase the stock of knowledge, including knowledge of
man, culture and society, and the use of this stock of knowledge to devise new applications”. As such this
covers activities undertaken by members of staff, postgraduate research students, and both taught
postgraduate and undergraduate students working on dissertations/projects.

The individual undertaking the research activity is known as the “principal researcher”.

This form must be completed and approved prior to undertaking any research activity.

SECTION A: About You (Principal Researcher)

1 Full Name: Xiuyuan Zheng
2 | Student Number: 2304603
3 Email address: 874441708@gqg.com

4 Programme of Study:

Software Engineering and Artificial Intelligence

5 Director of Studies/Supervisor:

SECTION B: Internal and External Ethical Guidance

Materials

add rows to this table if needed.

Please list the core ethical guidance documents that have been referred to during the completion of
this form (including any discipline-specific codes of research ethics, location-specific dodes of
research ethics, and also any specific ethical guidance relating to the proposed methodology).
Please tick to confirm that your research proposal adheres to these codes and guidelines. You may

1 UWTSD Research Ethics & Integrity Code of Practice =X
2 UWTSD Research Data Management Policy o
3 o

SECTION C: Details of Research Activity

1 Indicative title: |Research on Image Super-Resolution Reconstruction using CNN-Based Model

2 |Proposedstart |4/65/2024
date:

Proposed end
date:

31/08/2024

points below:

Purpose of Research Activity
Proposed Research Question
Aims of Research Activity
Objectives of Research Activity

Introduction to the Research (maximum 300 words in each section)
Ensure that you write for a Non-Specialist Audience when outlining your response to the three
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Demonstrate, briefly, how Existing Research has informed the proposed activity and explain

e« What the research activity will add to the body of knowledge
* How it addresses an area of importance.

Purpose of Research Activity
The main purpose of this research activity is to improve super-resolution reconstruction techniques for images
by using and optimising CNN-based models.

(this box should expand as you type)

Research Question
How can CNN models be designed and optimised to improve the efficiency and quality of super-resolution
reconstruction of images while maintaining the computational efficiency and generalisation of the models?

(this box should expand as you type)

Aims of Research Activity

Improving the quality of super-resolution reconstruction of images is achieved by designing and optimizing
CNN-based models that are capable of reconstructing high-quality, high-resolution images from low-resolution
images. The research aims to explore improvements in the CNN architecture to enhance the reconstruction
accuracy, speed and generalization of the model while reducing computational cost and resource consumption.

(this box should expand as you type)

Objectives of Research Activity

1. Review the literature to evaluate the existing CNN models and analyze the performance of the current
mainstream CNN models in the field for image super-resolution reconstruction and evaluate their advantages
and limitations.

2. Develop a SR model based on CNN architecture based on existing research results with the aim of improving
image quality, increasing computational efficiency, and reducing model complexity. Different loss functions and
optimization algorithms will also be explored to improve the performance of the model in super-resolution
reconstruction tasks.

3. Use multiple datasets for model training and evaluation. When evaluating model performance, quality metrics
such as PSNR and SSIM are used to assess model effectiveness.

(this box should expand as you type)

Proposed data collection methods (maximum 600 words)

Provide a brief summary of all the methods that may be used in the research activity to collect data,
making it clear what specific techniques may be used. If methods other than those listed in this
section are deemed appropriate later, additional ethical approval for those methods will be needed.
You do not need to justify the methods here, but should instead describe how you intend to collect the
data necessary for you to complete your project.

Utilising publicly available image datasets such as Set5, Set14, BSDS300, Urban100, etc., which
include different types of low-resolution and corresponding high-resolution images, are suitable for
training and testing super-resolution models.

(this box should expand as you type)

SECTION D: Scope of Research Activity

Will the research activity include: YES NO
1 Use of a questionnaire or similar research instrument? a X
2 | Use of interviews? [m] X
3 | Use of focus groups? a X
4 | Use of participant diaries? o X
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5 | Use of video or audio recording? a =X
6 | Use of computer-generated log files? o =X
7 Participant observation with their knowledge? a X
8 | Participant observation without their knowledge? a =X
Access to personal or confidential information without the participants’ specific
9 (m] =
consent?
10 Administration of any questions, test stimuli, presentation that may be o =
experienced as physically, mentally or emotionally harmful / offensive?
11 | Performance of any acts which may cause embarrassment or affect self-esteem? a =X
12 | Investigation of participants involved in illegal activities? o =X
13 | Use of procedures that involve deception? (m] =X
14 | Administration of any substance, agent or placebo? a =X
15 | Working with live vertebrate animals? (m] =X
16 | Procedures that may have a negative impact on the environment? a X
17 Other primary data collection methods. Please indicate the type of data collection
method(s) below.
Details of any other primary data collection method: o =
(this box should expand as you type)

If you have ticked NO to every question then the research activity is (ethically) low risk and you may skip
section E and continue to section F.

If YES to any question, then no research activity should be undertaken until full ethical approval has been
obtained.

SECTION E: Intended Participants

Who are the intended participants:

<
m
1
z
o

1 | Students or staff at the University?

2 | Adults (over the age of 18 and competent to give consent)?

3 | Vulnerable adults?

4 Childn_en anfi Young I?eople under the age of 18? (Consent from Parent, Carer or
Guardian will be required)

5 | Prisoners?

6 | Young offenders?

7 Those who could be considered to have a particularly dependent relationship with

the investigator or a gatekeeper?
8 | People engaged in illegal activities?

Others. Please indicate the participants below, and specifically any group who
9 | may be unable to give consent.

Oo|oojo|jo|ojo
O o0 ooojoiojo

Details of any other participant groups:

(this box should expand as you type)
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Participant numbers and source

Provide an estimate of the expected number of participants. How will you identify participants and

how will they be recruited?

How many participants are

10 | expected?
(this box should expand as you type)
1 Who will the participants be?
(this box should expand as you type)
12 How will you identify the
participants?
(this box should expand as you type)
Information for participants:
YES NO N/A
13 Will you describe the main research procedures to participants in o o o
advance, so that they are informed about what to expect?
14 | Will you tell participants that their participation is voluntary? a a a
15 | Will you obtain written consent for participation? a a a
16 Will you explain to participants that refusal to participate in the o o o
research will not affect their treatment or education (if relevant)?
17 If the research is observational, will you ask participants for their o o o
consent to being observed?
18 Will you tell participants that they may withdraw from the research at o o o
any time and for any reason?
19 With questionnaires, will you give participants the option of omitting o o o
questions they do not want to answer?
20 Will you tell participants that their data will be treated with full o o o
confidentiality and that, if published, it will not be identifiable as theirs?
21 Will you debrief participants at the end of their participation, in a way o o o
appropriate to the type of research undertaken?
22 | If NO to any of above questions, please give an explanation
(this box should expand as you type)
Information for participants: YES NO N/A
24 | Will participants be paid? a a (m]
25 | Is specialist electrical or other equipment to be used with participants? o o o
2% Are there any financial or other interests to the investigator or o o o
University arising from this study?
27 Will the research activity involve deliberately misleading participants in o o o
any way, or the partial or full concealment of the specific study aims?
28 | If YES to any question, please provide full details

(this box should expand as you type)

SECTION F: Anticipated Risks

Outline any anticipated risks that may adversely affect any of the participants, the

researchers and/or the University, and the steps that will be taken to address them.

Risks to participants
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For example: sector-specific health & safety, emotional distress, financial disclosure, physical harm,
transfer of personal data, sensitive organisational information. If you have identified in section D
that there are no participants then enter N/A and go skip to question 3.

Risk to participants: How you will mitigate the risk to participants:
N/A

(this box should expand as you type)

(this box should expand as you type)

If research activity may include sensitive, embarrassing or upsetting topics (e.g. sexual activity,
drug use) or issues likely to disclose information requiring further action (e.g. criminal activity), give
details of the procedures to deal with these issues, including any support/advice (e.g. helpline

2 numbers) to be offered to participants. Note that where applicable, consent procedures should
make it clear that if something potentially or actually illegal is discovered in the course of a project,
it may need to be disclosed to the proper authorities
N/A
(this box should expand as you type)

Risks to the investigator

3 | For example: personal health & safety, physical harm, emotional distress, risk of accusation of
harm/impropriety, conflict of interest
Risk to the investigator: How you will mitigate the risk to the investigator:

1. Choosing unsuitable algorithms or tools may | 1. Before selecting algorithms and methods,
lead to poor research results. the latest literature in the relevant field
2. Models perform well on specific datasets but should be widely read and preliminary
do not generalise well to other data or real- experiments should be conducted to assess
world scenarios. the effectiveness of different methods.
2. The generalisation ability of the model is
(this box should expand as you type) assessed by cross-validation and testing the
model on multiple datasets.
(this box should expand as you type)

4 University/institutional risks
For example: adverse publicity, financial loss, data protection
Risk to the University: "How you will mitigate the risk to the University:

1. The use of unauthorised data or algorithms | 1. Ensure that all data and algorithms used
may lead to intellectual property disputes. are properly authorised and licensed.
(this box should expand as you type)
(this box should expand as you type)
5 | Environmental risks

For example: accidental spillage of pollutants, damage to local ecosystems

Risk to the environment: How you will mitigate the risk to environment:
N/A

(this box should expand as you type)

(this box should expand as you type)

SECTION G: Feedback, Consent and Confidentiality

If you have identified in section D that there are no participants then enter skip this section and continue to
section H.
1 Feedback
What de-briefing and feedback will be provided to participants, how will this be done and when?
(this box should expand as you type)
2 Informed consent

Describe the arrangements to inform potential participants, before providing consent, of what is
involved in participating. Describe the arrangements for participants to provide full consent before
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data collection begins. If gaining consent in this way is inappropriate, explain how consent will be
obtained and recorded in accordance with prevailing data protection legislation.

(this box should expand as you type)

3 Confidentiality / Anonymity
Set out how anonymity of participants and confidentiality will be ensured in any outputs. If
anonymity is not being offered, explain why this is the case.

(this box should expand as you type)

SECTION H: Data Protection and Storage

Does the research activity involve personal data (as defined by the General
Data Protection Regulation 2016 “GDPR” and the Data Protection Act 2018 YES NO
“DPA")?

“Personal data” means any information relating to an identified or
identifiable natural person (‘data subject’). An identifiable natural
person is one who can be identified, directly or indirectly, in
particular by reference to an identifier such as a name, an

1 identification number, location data, an online identifier or to one or o =X
more factors specific to the physical, physiological, genetic, mental,
economic, cultural or social identity of that natural person. Any
video or audio recordings of participants is considered to be
personal data.

If YES, provide a description of the data and explain why this data needs to be collected:

2 (this box should expand as you type)
Does it involve special category data (as defined by the GDPR)? YES NO
“Special category data” means sensitive personal data consisting of
information as to the data subjects’ —
(a) racial or ethnic origin,
(b) political opinions,
(c ) religious beliefs or other beliefs of a similar nature,
3 (d) membership of a trade union (within the meaning of the Trade (m} X
Union and Labour Relations (Consolidation) Act 1992),
(e) physical or mental health or condition,
(f) sexual life,
(g) genetics,
(h) biometric data (as used for ID purposes),
If YES, provide a description of the special category data and explain why this data needs to be
collected:
4
(this box should expand as you type)
'Will data from the research activity (collected data, drafts of the thesis, or | YES NO
materials for publication) be stored in any of the following ways?
5 | Manual files (i.e. in paper form)? = o
6 | University computers? X =}
7 | Private company computers? o =
8 | Home or other personal computers? X =}
9 | Laptop computers/ CDs/ Portable disk-drives/ memory sticks? =} X
10 | “Cloud” storage or websites? o =
11 | Other — specify: [m] =





image114.png
12

For all stored data, explain the measures in place to ensure the security of the data collected, data
confidentiality, including details of backup procedures, password protection, encryption,
anonymisation and pseudonymisation:

All data will be kept in password protected cloud storage on the University Office 365 system which
will not be shared. All data will be kept in my personal computer with password protection and will
not be accessed by anyone other than me. Any USB sticks used to store or transfer data will be
password protected.

(this box should expand as you type)

Data Protection

Will the research activity involve any of the following activities: YES NO

13

Electronic transfer of data in any form?

14

Sharing of data with others at the University outside of the immediate research
team?

15

Sharing of data with other organisations?

16

Export of data outside the UK or importing of data from outside the UK?

17

ooo|o|o

Use of personal addresses, postcodes, faxes, emails or telephone numbers?

18

Publication of data that might allow identification of individuals? (m]

19

If YES to any question, please provide full details, explaining how this will be conducted in
accordance with the GDPR and Data Protection Act (2018) (and/or any international equivalent):

(this box should expand as you type)

20

List all who will have access to the data generated by the research activity:

Xiuyuan Zheng (Me).

(this box should expand as you type)

21

List who will have control of, and act as custodian(s) for, data generated by the research activity:

Xiuyuan Zheng (Me).

(this box should expand as you type)

22

Give details of data storage arrangements, including security measures in place to protect the data,
where data will be stored, how long for, and in what form.

All data will be encrypted and kept in password protected cloud storage on the University Office 365
system which will not be shared. Any USB sticks used to store or transfer data will be password
protected and will be reformatted at the end of the project in order to destroy the data. All data will
be kept in my personal computer with password protection and will not be accessed by anyone
other than me. The data will be stored until the completion of the project and then deleted.

(this box should expand as you type)

22

Confirm that you have read the UWTSD guidance on data management (see
https://www.uwtsd.ac.uk/library/research-data-management/)

23

Confirm that you are aware that you need to keep all data until after your
research has completed or the end of your funding =

SECTION I: Declaration
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The information which | have provided is correct and complete to the best of my knowledge. | have
attempted to identify any risks and issues related to the research activity and acknowledge my
obligations and the rights of the participants.

In submitting this application | hereby confirm that | undertake to ensure that the above named
research activity will meet the University’s Research Ethics and Integrity Code of Practice which is
published on the website: https://www.uwtsd.ac.uk/research/research-ethics/

1 | Signature of assessor:

Date:
1 | Signature of applicant: Xiuyuan Zheng
10/05/2024
2 Director of Date:
Studies/Supervisor:
3 | Signature:
FORINTERNAL USE ONLY:
Ethical approval given
Date:

2 | Name:

3 | Role:
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