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Absrtact : Deep learning has emerged as a pivotal approach across many scientific and industrial applications,
primarily due to rapid advancements in computational power. Face hallucination, defined as enhancing the
resolution of facial images, plays a significant role in computer vision applications such as facial recognition,
facial feature analysis, and human identity analysis. Recently, deep generative models like Generative
Adversarial Networks (GANSs) have been extensively used for this purpose. However, further improvement in
the precision and quality of the results is necessary. We present a novel GAN-based approach for face
hallucination by expanding the Enhanced Super-Resolution Generative Adversarial Networks (ESRGAN)
architecture. This research introduces a customized version of ESRGAN using the pre-trained version of
VGG16 architecture but in a reduced size to achieve a good trade-off between the accuracy of the final output
image and the complexity requirements. It has been demonstrated during the experiments that the suggested
changes enhance the face hallucination accuracy, reaching a training data classification accuracy with PSNR:
30.30, SSIM: 0.8757 and LPIPS: 0. 0817. This performance exceeds state-of-the-art approaches, emphasizing
the significance of the modifications undertaken.
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1. INTRODUCTION

Facial hallucination (FH) developed a set of methodologies like Face Super-resolution generic face images from
low-resolution input images even when inferring height variants like age or gender. It was developed to enhance
the resolution of facial images [1-3]. However, it can be derived that FH activates several tasks like face
detection, face recognition and face identification; it can be claimed that one of the reasons for the deemed of
great importance is the where image quality is low (this quality comes from due to practical terms such as
security cameras). These functions also cut across complex interpolation, statistical information, and estimation
or input-output models. The image-based approach enables effective mapping between the input and target
images of a location within spatial coordinates in an even manner. Generation adversarial networks (GNA) can
cover such cash by attributing shooting and science ideological perception where advanced formats prevail.
Pixel-wise loss has always been more scintillating in achieving its primary goal since, over the years, they have
been harnessing the potential locked up in GANs — getting and rendering high-resolution images in the form of
Convolutional Neural Networks (CNNs) resources [3-4].

Strides, GANs primarily focus on generating higher resolution images alongside the aim of identifying similar
features present in facial structures; thus, upsampling/diverging 4x-8x seems effective yet proves to be a venture
to escape from due to adding in unnecessary/false facial elements into the imagery formed, by doing this one
particularly places themselves in an abnormal state [5]. However, by employing various algorithms, the
upsampling can assist with sharpening edges present or prominent within the image, thereby recognizably
changing the pixels of the image into something more or less different, in simple terms, modifying the image.
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Increasing image quality and eliminating defects is a great challenge in medicine and the digital arts. Alongside
the intricacies of facial reconstruction, face hallucination is particularly problematic because enriching facial
photos is next to impossible due to the complexity of the face geometry [8].

Blurred images represent a great problem in enhancing the quality of face photos [9], for distortions render the
task of information extraction and understanding severely compromised. Therefore, face hallucination
represents a scientific challenge in image processing that calls for original and creative ideas [10].

The natural and artificial evolution of image enhancement has raised several algorithms and models that help
solve, in particular, the lack of detailed input data or very low-resolution images due to the extension of deep
neural network usage. One such network is ESRGAN, which is used to enhance the sharpness and details of the
picture.

Recent studies showed that ESRGAN should be developed further as many issues need addressing, such as
producing consistently high-quality images. The key aspect of the problem involves correctly interpreting
images of peoples’ faces during hallucinations; the understanding of the images containing facial features is
completely lost during the hallucination. Some researchers have suggested extra layers to be put on top of the
ESRGAN algorithm to help improve the clarity of the facial images during hallucinations. With these additional
layers, the algorithm was expected to restore the detailed features of the picture and correct the hallucination
concerning facial features. Numerous studies have been conducted to address hallucinations, initially defined as
generating high-resolution images from low-resolution counterparts.

This technology is critical for security, facial recognition, and enhancement tasks [12-14]. Various deep
learning-based techniques for FH have been utilized, including autoencoders, deep convolutional neural
networks, and deconvolutional networks. Conventional deep neural networks have been employed to generate
super-resolution images, aiming to minimize mean square error and maximize PSNR between low-resolution or
high-resolution images and the resulting super-resolution image. The resulting image often exhibits blurred
effects and unrealistic textures. This network incorporates multiple enhancements, such as implementing
residual blocks [15], applying the Laplacian pyramid [16], using the residual dense network [17], and adopting
recursive learning [18-19].

Cascade architectures have been explored to enhance super-resolution performance and achieve picture fidelity
with increased precision. In [1, 21], we examined cascade techniques extensively. These structures operated
independently or in conjunction with face component heatmaps and attribute data [1,2,22]. We developed a
perceptual loss function to augment the super-resolution visual effect by reducing the perceived resemblance
between source high-resolution (HR) and low-resolution (LR) images, thus producing super-resolution (SR)
images [1, 3].

The primary objective of this study is to improve the perceptual quality of SR. In this phase, we outline and
analyze the proposed network architecture enhancements addressing discriminative and perceptual loss.

2. RELATED WORKS

The study of face hallucinations using a better ESRGAN architecture looks at how picture super-resolution and
deep learning techniques have improved. Researchers have explored diverse methodologies to augment facial
features and elevate perceived quality. In their study, Hernandez, Rowell M., et al. [23] pioneered Enhanced
Super-Resolution Generative Adversarial Networks (ESRGAN) for face hallucination, producing significant
advancements in facial image improvement. Wang, Xintao, et al. [24] enhanced the ESRGAN framework,
improving its capacity to reconstruct high-resolution face features accurately. Building on previous research, Li
and Mingda [25] developed innovative methods to enhance the ESRGAN model's ability to recover facial
details, pushing the boundaries of face hallucination. This section presents an overview of the pertinent
literature.

2.1 Enhancements of Network Architecture

In conclusion, each article, in one way or another, succeeds in image zooming and aspects in its way to conquer
approaches on how to create more realistic images. Sun et al. [26] proposed a new approach based on the sparse
coding inside a cascaded end-to-end framework model. In another study [27], authors presented an advanced

7922



J. Electrical Systems 20-10s (2024): 7921-7936

ProGanSR system incorporating a GAN model application to enhance the realistic representation of images. The
researchers proved that the gan models improved the reconstruction quality, especially when the upsampling
factor is high, such as 8 fold. They proposed a pyramid-asymmetric structure model with custom-designed
layers to reduce the negative impact caused by the increased data passing through the layers on the
computational cost, focusing on the lowest levels.

Lai, Zhibing et al. [28] adopted Laplacian ideas in parallel developments of pyramid architectures. This
facilitated the effort of progressively training and forecasting at multiple levels, hence improving output quality.
To fix problems with GAN-generated textures, Liu et al. [29] created a structured method with three main parts:
the reconstruction module, the structure model, and the photorealism model. This framework sought to reduce
the production of artificial textures in GAN-generated pictures, improving their realism.

In their further investigation of GAN networks, Kim et al. [30] observed difficulties generating realistic face
shapes, especially with increasing resolution. Their methodology utilised facial landmarks and progressive
training procedures, enhanced by facial attention loss values and improvements in facial alignment networks, to
enhance facial detail reconstruction.

2.2 Enhancements of the Loss Function

Igbal et al. [31] employed a diminutive thumbnail to generate the super-resolution FH. The input pictures were
too tiny, measuring 16x16. We subjected them to a multi-stage progressive upsampling and inpainting GAN,
which involved an eightfold increase in scale. Similar to earlier studies, this technique relies on a progressive
GAN strategy. We employed multiple network architectures for various goals. We employed the Pro-Ulnet to
generate heat maps of face landmarks. We employed the Local-D and Global-D modules to generate authentic
face landmarks.

Liu et al. [32] employed recurrent conventional neural networks for upsampling. The results fluctuated due to
the input provided to the network, attributable to the vanishing gradient inherent in recurrent networks.

Table (1) comprehensively compares the network and the suggested enhancements to the loss function. We
carefully categorize each enhancement into two primary sections: "Enhancements of Network Architecture™ and
"Enhancements of Loss Function." Each enhancement specifies the methodology, planned contributions, and
impacts, providing a comprehensive overview of the progress in network design and loss function techniques.

Table 1: Comparative Summary of Techniques, Contributions, and Effects in Relevant Studies

Model Method Contribution Effect
VDSR [33] Augments the number of Substantially enhances PSNR
convolutional network layers to value
20
EDSR [34] Employs residual blocks and Facilitates network convergence
Enhancements in eliminates superfluous batch and enhances performance
Network normalization layers
Architecture . -
RRDB [35] Incorporates residual structure Significantly enhances the

Adder SR [36]

SRGAN [37]

ESRGAN

derived from density

Develops an adder filter to

Integrates perceptual loss,
adversarial loss, and content loss
into the model.

Employs the attributes prior to

network's reasoning capability.

Minimises computational
complexity while maintaining
network performance

Minimises computational
complexity while maintaining
network performance

Possesses the capability to produce
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[35] Enhancements of activation to formulate the intricate texture details of the
Loss Function perceptual loss image, significantly enhancing
visual quality.
SROBB [38] Develops a specific perceptual Enhances the visual quality of
loss utilising object, backdrop, photographs and reconstructs
and border labels. intricate textures.

3. PROPOSED METHOD

The Enhanced Super-Resolution Generative Adversarial Networks (ESRGAN) follows the basic ResNet
architecture of the Super Resolution Generative Adversarial Networks (SRGAN), as shown in Section 1, and is
described in the literature. It replaces the residual block with a Residual-in-Residual Dense Block (RRDB). The
DenseNet design serves as the basis for the RRDB block. It establishes direct connections among all levels
inside the residual block.

The SRGAN employs a convolutional neural network as its generative network. It enhances its efficacy by
incorporating a discriminative network during training to generate detailed images and achieve superior visual
results. On the other hand, the residual network (ResNet) can be described as a deep learning model in computer
vision. This Convolutional Neural Network (CNN) model was designed and assembled to have several hundreds
or thousands of convolutional layers. Fusing multiple levels of residual networks with dense connections, the r
esidual in residual density block (RRDB). It is also based on the assumption that more structural depth will
improve performance and that the suggested RRDB is a more complicated and deeper structure than the
previous residual block.

As a result, the ESRGAN architecture also looks familiar to SRGAN, though there have been changes. The
multi-level residual network with dense connections not incorporating batch normalization is encoded in a dense
residual block termed RRDB. It was advocated that convolutional layers be incorporated into the basic block of
the RRDB approach to make these contributions.

Figure (1) serves as a schematic representation of the architecture of the proposed pre-trained neural network
model. The diagram depicts the model's architecture, showcasing the layers, connections, and pre-trained
components utilized. This layout guides understanding of the model's design, indicating the data flow and
integration points for pre-trained parameters that contribute to the model’s performance and efficiency.

Convolutional layers execute convolution procedures, which mathematically multiply the pixel spectra of high-
quality images to enhance the clarity among the components of the learnt picture data.
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Figure 1: The proposed model uses some pre-trained neural networks
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The network has several characteristics, indicating that increased features correlate with enhanced prediction
outcomes. This network consists of two primary components: the generator and the discriminator networks.
These networks must be trained to get optimal performance in optimisation.

3.1 loss functions

Instead of pixel-wise discrepancies, a pre-trained neural network calculates perceptual loss by contrasting high-
level feature representations. VGG 16—characterized by its lightweight architecture and inverted residuals—is
very effective for these tasks. By taking feature maps from the middle layers, perceptual loss measures the
difference between produced and reference pictures at several levels of abstraction. This loss can be expressed
as:

Lperceptual: Zi\l:l /ll //¢I(ISR) _¢I(IHR) "% ................................................... (1)

Where gi(l) represents the feature map from the i-th layer and Is; and Iy, IHR are the super-resolution and
high-resolution images, respectively [39].

3.2 Dataset

For this study, we chose the DIV2K dataset [40], which contains 1000 images. The standard approach divides
the database into three subsets: the training set, comprising 800 photographs; the validation set, containing 100
images; and the test set, containing 100 images. During the training phase, we use the training set to train our
model and the validation set to check our results. When testing the SR, the test set measures how well it works.
Quantitative super-resolution measures include industry-standard picture quality metrics, such as PSNR, SSIM,
and LPIPS. The initial phase of picture preparation entails reading datasets. We divide the dataset into two
segments.

Each training and testing dataset consists of two files. One file has low-resolution photos, while the other
provides high-resolution photographs. We partition the low-resolution photos into patches and upscale them to
create the high-resolution model. We then catalogue these photos in lists with their corresponding labels. The
datasets must possess identical names during training, adhering to a designated naming convention.

Each patch must remain uncomplicated and unflattened to facilitate thresholding. Obtain arbitrary coordinates
for the top left corner in LR space and multiply by the scaling factor. The subsequent objective is to get HR
coordinates. This process entails determining the batch size and including potential locations for it. We only
accept the batch if the standard deviation of pixel intensities surpasses a specified threshold or if we have
already rejected n patches. We execute the square crops using the specified patch size derived from the chosen
top left corners.

A transformation may be used to invert the input picture based on the selected transformation; these patches will
be stored in a designated route for testing and validation datasets after that.

3.3 Training Process

Establishing and executing the training falls under a specialized class object. This class requires a generator
capable of producing SR pictures for input. It may optionally incorporate a discriminator network and a feature
extractor to formulate the elements of the perceptual loss.

When a discriminator is included, the model(s) and training procedures are GAN-like when we include a
discriminator. Alternatively, the training adheres to a conventional ISR methodology. This stage includes
numerous essential components, such as the generator, a Kera model with super-scaling capability, or a
generating network. Furthermore, the discriminator, another Keras model, functions as the adversarial element
of the perceived loss. The third crucial element is the feature extractor, a Keras model engineered to discern
deep characteristics and enhance the perceptual loss function. It needs training and validation datasets,
designated learning rates, and loss weights as inputs. This component encompasses the 'generator' for the
generator loss component and may incorporate the ‘discriminator' and 'feature extractor'. Many consecutive
networks require post-combination synchronization, particularly for their weights. A specific building method
for the integrated model included the generator network, discriminator, and gesture extractor.
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4. RESULTS
Prediction Process

Upon completion of network training, the weights remain unchanged; these weights are preserved for utilisation
with a predictor. The predictor class manages predictions based on an input model. Upon loading the photos in
the input directory, the training of the specified model is conducted, and the results are stored in the output
directory. It can accept a path for the weights or let the user navigate the weights directory to select the
necessary weights. Subsequently, input the validation path or a designated picture for its reconstruction.

This research employs a model with a standard layer for input and a ReLU activation function. The primary
function of this layer is to extract initial key characteristics and augment the incoming image. The subsequent
component employed was the B residual blocks, including three structures of three primary blocks: convolution
layer, Batch Normalisation, and ReLU. Each block is designated as an input for the subsequent block.

Subsequently, data is sent to the up-sampling layer with a sample value of two. The up-sampling occurs in two
stages, each at a factor of 2x, resulting in a cumulative up-sampling of 4x for the entire system. The
discriminator stage comprises an input conventional layer, followed by two sets of three layers each, which
include convolution, activation, and batch normalisation. Subsequently, there are four phases of convolution and
batch normalisation. This stage concludes with a flattened layer and a thick layer. Figure (2) delineates the
structures employed in the suggested methodology.

Effect of Parallel Computing on the Proposed Method

Implementing a parallel structure in the discriminator stage is challenging since it consists of a series of
sequential phases where each step is contingent upon the preceding one. Three RDS blocks in the generator
enabled each stage to operate on a single core utilising threads. The training duration for the dataset improved
and increased by around 30%. Figure (2) illustrates the data stream and the upsampling process. The diagram
visually represents how data flows through the system and highlights the steps in increasing the sample rate. It
emphasizes transforming the input data into a higher-resolution output, making it easier to analyze and interpret.
Key components of the process are clearly labeled, allowing for a better understanding of how upsampling
enhances data quality. The standard system needed 4 hours and 34 minutes, whereas the parallel structure took 3
and 22 minutes. The training assignment was conducted on a core-i7 CPU (3.4 GHz), supplemented by a GPU
(4G) and a maximum memory capacity of 16GB.

Performance Metrics

Metrics such as PSNR, SSIM, and LPIPS are widely used to evaluate the quality of super-resolution images.
PSNR is a traditional metric that measures the pixel-level similarity between the generated image and the
ground truth, focusing on the overall error but often failing to capture perceptual quality [41]
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Figure 2: Diagram of the data stream and the upsampling process.

Where L represents the maximum intensity of the picture, often 255 due to using 8-bit images, SSIM improves
upon PSNR by considering luminance, contrast, and structural information, offering a better understanding of
image degradation in human visual perception [41]. However, both metrics can struggle with perceptual
similarity.
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MSE = ZSMASIA(0(1, 1) = D(0,1))* oo 3)

Where O represent the restored picture, D denotes the super-resolution image, and m and n signify the width and
height of each image, respectively. Consequently, we can ascertain that an increased PSNR correlates with
superior quality in compressed or reconstructed images.

LPIPS is a newer metric that addresses this limitation by comparing the feature representations from a pre-
trained network, such as AlexNet or VGG, making it more aligned with the human judgment of visual quality
[42]. These metrics complement one another in assessing image quality across different dimensions.

LPIPS (%,y) = Xy W -#B1X) —di(1) 13 oo (4)
Where x and y are the original and generated images, respectively, ¢l represents the deep network feature
activations at layer |, wl is a learned weight for each layer I, [I-I% is the squared Euclidean distance between the

feature representations of the two images at layer .
Experiments

A deep learning model as advanced as ESRGAN is designed by [24]. In the field of image, the role of ESRGAN
is quite significant in the area of super-resolution. The aim of this model is to upscale images of low resolution
by focusing on the key elements and the textures, which end up adding more to the enlargement. Applying
advanced concepts from deep learning and GANSs together with perceptual loss functions enables ESRGAN to
produce convincing outputs which include finer image details.

This is useful in many areas, including improving images such as photography, medicine, satellites, and
surveillance cameras. The ability of the ESRGAN to enhance the quality of images by increasing their
resolution has made it a useful tool for image enhancement in many situations.

The generated image turned out impeccably accurate with fewer prediction value errors. This followed the
recommended framework and the outcomes of the Picture Ultra High-Resolution Adam Becker system. Tables
(2) and Figure (2) present the analysis results of the various super-resolution techniques based on PSNR, SSIM,
and LPIPS metrics. In this table, a comparison is made between the present results and studies conducted in the
past. It indicates the relative performance of each technique. This evaluation addresses the overall picture of the
ability of super-resolution methods to improve the quality of images as progression is made across these well-
known and widely used metrics.

Table 2: Comparative Analysis of Super-resolution Techniques Using PSNR, SSIM, and LPIPS Metrics
Limiting findings of us to considering previous related works only.

Method  GAFH-RIDN  VDSR SRCNN[44] SelfEx [45] RFL [22] A+ [46]  Ours
[17] [43]
PSNR 24.28 25.18 24.52 26.44 2586  26.03 26.83
SSIM 0.71 0.75 0.722 0.80 0.79 79.73 0.8108
LPIPS 30.30
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Performance metrics

GAFH-RIDN

Ours A+[46] RFL[22] | SelfEx[45] | SRCNN[44] | VDSR [43]
[17]
EPSNR| 26.83% 26.03% 25.86% 26.44% 24.52% 25.18% 24.28%
EmSSIM | 81.08% 79.73% 79.00% 80.00% 72.20% 75.00% 71.00%

Figure 3: The comparison of results mentioned in the proposed method with the others.

As shown in Figures 4-6, the model's performance has been evaluated over the training period of 100 epochs on
three selected image quality measures alongside noise ratio. Each Figure corresponds to a specific loss value:
Figure 4 shows the average loss of PSNR, which measures how much input signal has been preserved. Figure 5
displays the average loss of SSIM where requirements on the image structure are of interest. Figure 6 illustrates
the average loss of LPIPS regardless of its fashion. Over the training period, these metrics demonstrate the
model’s performance and gradual improvement.
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Figure 4: Performance metric across 100 epochs for PSNR average loss value
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Figure 5: Performance metric across 100 epochs for SSIM average loss value
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0250 - LPIPS

0225

0.200

0175

0.150

LPIPS Value

0125

0.100

0.075

Epochs
Figure 6: Performance metric across 100 epochs for LPIPS average loss value
4.5 The New Contributions

As said, operating face super-resolution systems necessitates increased hardware complexity and time
investment. The primary objective of the research was to achieve an appropriate balance between the output
image's accuracy and the network's complexity. Minimising the network size will lead to diminished
performance but with the advantage of reduced computational resource demands and decreased time
consumption. Initially, we reduce the network's complexity by constructing a smaller network based on a pre-
trained VGG16 architecture.

In Figures 7-8, the architecture of the proposed ESRGAN-based method is detailed, focusing on both the
Generator and Discriminator networks. Figure 7 illustrates the layered design of the Generator network,
emphasizing components like residual dense blocks that enhance feature extraction and image upscaling. Figure
8 displays the structure of the Discriminator network, which aims to distinguish generated high-resolution
images from real images, ensuring quality and realism in the super-resolution results. These structures
collectively drive the method's effectiveness in producing high-quality images.

Modefing increased hardware complexity and time investment. The primary objective of the research was to
achieve an appropriate balance between the output image's accuracy and the network’s complexity.

Conv2D
I
Batch Norm
l
Relu
l
Conv 2D
!
Batch Norm
!
Conv 2D
!
Batch Norm
|
Conv 2D
v
Batch Norm

Figure 7: The structure of the Generator network in the proposed method
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Figure 8: The structure of the Discriminator network in the proposed method
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The most important features of this research include:

Network Architecture Optimization: The study proposes a modified Enhanced Super-Resolution Generative
Adversarial Network (ESRGAN) that utilizes a smaller version of the pre-trained VGG16 architecture to
balance output image accuracy with computational resource requirements.

Enhanced Feature Mapping: Incorporation of a multi-scale refine block for 4x and 8x up-sampling, which
preserves existing features at various resolutions while generating new features with high accuracy, leading to
improved image quality.

Improved Loss Function: Utilization of a combination of loss functions, including Mean Square Error (MSE),
VGG loss, and GAN loss, to enhance the training process and achieve better perceptual quality in the generated
images.

Performance Metrics: The proposed model has method provides high level of performance metrics with a PSNR
of 30.30, SSIM of 0.8757, and LPIPS of 0.0817 which is high and quality than existing methods

Parallel Computing Implementation: The study also investigates the impact of parallel computing on the time
taken to train, accomplishing an enhancement of about 30% relative to normal systems in terms of calculation
time.

Focus on Facial Hallucination: The objective of this study is limited to the improvement of facial features in
images and also the role of the techniques in ameliorating face hallucination difficulties integrating them to
enhance realism of the images generated

Comprehensive Dataset Utilization The standard DIV2K dataset, which contains resolution as low as 1000
images, is used in the research to enable quality training and validation of the model.

These features collectively contribute to advancing the field of image super-resolution more so the enhancement
of facial images.

5. DISCUSSION

Discussion Figure (9) presents output samples generated by the proposed method of face hallucination, a
detailed exploration of pixels that makes it possible to recreate a high final resolution face image starting with a
lower one with the samples showing reconstruction details. The applicability of the techniques above on images
with fine features and the expected result, which is the enhancement effect that improves the sharper images of
the face vividly, is achieved. And the figure shows that the improved method details face image characteristics
by utilizing better upscaling and fine details recreation functions, especially for applications that require clear
recognition of the face characteristic details.

The findings stemming from the research which improved on the ESRGAN architecture for face hallucination
show that the quality of the generated images in detail has been enhanced significantly. The model’s
performance, as measured by the metrics PSNR and SSIM together achieved the following values: PSNR:
30.30, SSIM: 0.8757 and LPIPS: 0.0817. These numerical measurements cover an understanding of the high
quality of the images in terms of details and how they are perceived. In order to contextualize these figures
better, it is crucial to compare them with the earlier attempts that have carried out such methods.

IR Tmage
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Figure 9: The output samples for face hallucination using the proposed method

Compared to our results, the original ESRGAN model by [24], employed for general super-resolution tasks,
achieved a PSNR of 29.40 and SSIM of 0.845 on the benchmark dataset. While ESRGAN excels in preserving
finer details, our proposed method surpasses this performance, particularly in tasks requiring facial image
enhancement. The improvement can be attributed to our model’s modifications, including additional residual
blocks and parallel computing in the discriminator phase. Additional residual blocks and parallel computing in
the discriminator phase. These modifications improved the resolution and reduced artefacts, as evident from our
superior LPIPS score.

Another relevant study [45], one of the earlier GAN-based architectures for image super-resolution. Their model
yielded a PSNR of 29.08 and SSIM of 0.815 on the same benchmark dataset. While SRGAN brought GANs
into the spotlight for super-resolution, it struggled with balancing pixel-level accuracy and perceptual quality.
Our model’s LPIPS score of 0.0817 indicates a significant enhancement in perceptual quality. LPIPS is designed
to better capture human-perceived image quality by comparing feature maps rather than pixel-wise differences.
In contrast, SRGAN reported a higher LPIPS value, indicating less accurate perceptual similarity to human
vision.

Additionally, [47] introduced the LPIPS metric to measure perceptual similarity more effectively. Their studies
showed that even high PSNR values do not necessarily correlate with good perceptual quality, a problem that
our approach addresses by lowering the LPIPS score to 0.0817. This demonstrates the utility of integrating
perceptual loss into the training process to enhance the realism of generated images. The lower LPIPS score
from our model demonstrates that our face hallucination results are closer to what a human observer would
expect from high-resolution images.

Furthermore, our study utilized the VGG network to compute perceptual loss, combining it with traditional
losses such as mean square error (MSE) and adversarial loss to optimize the network. This approach allowed for
a more comprehensive loss function that balances pixel-level accuracy and feature-level perceptual quality.
Prior work by [48], which also employed perceptual loss based on VGG features, demonstrated its effectiveness
in generating visually appealing super-resolution images. However, their model primarily focused on general
image super-resolution tasks. In contrast, our study specifically fine-tuned the ESRGAN architecture to handle
face hallucination tasks. Adding perceptual loss in our work helped achieve a higher PSNR and SSIM. It
significantly improved perceptual similarity, as reflected in our LPIPS score.
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Our parallel computing approach in the discriminator phase also plays a crucial role in the improvements
observed. In our case, however, the images employed in the model's training were generated within a shorter
period, enabling us to split the training time for the dataset by approximately 30%, though the picture quality
was not compromised in the end. On the other hand, studies that did not use parallelism had longer training
periods attached to achieving similar images. For example, Kim et al. [43], on their VDSR model, which is
based on a set of residual blocks for super-resolution, achieved a peak signal-to-noise ratio (PSNR) of 28.03 on
the faces dataset but spent a lot of time training due to a lack of parallel processing. It was shown that
parallelism increases performance and saves time, making training a viable solution for large-scale usage.

Using RRDB provided us with possibilities concerning the extraction and reconstruction of features during the
super-resolution process. This approach enabled the network to learn important features of the face and thus
enhance the small features improved in the final output images, which include the eyes, nose and lips. Some
works, for example, [49], which look at how DenseNet is used for super-resolution, reported similar
achievements using dense connections but had problems with instability during training because of vanishing
gradients in the deeper parts of the network.

Our implementation overcame these issues using a more stable training process facilitated by RRDBs and
adaptive learning rates.

6. CONCLUSION

This paper presents a modified GAN network architecture for facial hallucination. It specifically formulates a
mapping structure that directly calculates facial parsing from LR. It subsequently uses the retrieved parsing map
to produce the SR image by forecasting the final facial pictures. A multi-scale refine block with 4x and 8x up-
sampling structures is included to preserve prior features at different resolutions and to generate new features
with exceptional accuracy. This method results in a significant performance improvement. The new map relies
on the interrelationship among pixels, perhaps disregarding the formation of the new image, and generating new
pixels results in less similarity in certain regions, such as the eyes, mouth, or other features. Ultimately, the
research juxtaposes the outcomes of other GAN architectures to demonstrate the efficacy of the suggested
technique.

Including three further layers to the ESRGAN algorithm enhances its capacity to improve picture clarity. These
layers improve the capacity to recover intricate details and provide ever-sharper outcomes. Minimise noise and
blur By adding supplementary layers. The trained model can comprehend and produce clearer and sharper
pictures, improving the quality of the resultant image and diminishing the blur in the original photographs.
Enhance intricate details: Incorporating further layers improves the model's capacity to recover intricate
information in the picture, including edges and tiny structures, enhancing overall image clarity. The executive
summary recommends applying Face Recognition Technology to places such as Nebraska, while improving
image quality in low- lighting environments. Additional layers improve image quality in difficult lighting
conditions or situations where the model has been trained. They can select extra information data to resolve
images and utilize it for further clarification. To reduce noise in the image, expect the algorithm readers to
expect close supervision from the staff members, which assists in the clear generation of images through the
enhancement of photos while Improving the algorithm with additional layers enhances its performance across
different photos, including those of lower quality and those characterized with being blurred or emoting noise

Glossary

PSNR: Peak Signal to Noise Ratio

SSIM: Structural Similarity Index Measure
LPIPS: Learned Perceptual Image Patch Similarity
VDSR: Very Deep Super Resolution

RRDB: Residual-in-Residual Dense Block

VGG: Visual Geometry Group

GAFH-RIDN: Generative Adversarial Face
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Hallucination
Residual in Dense Network
SelfEx: Self-Example-based Super-Resolution
RFL: Random Forest Learning
CBN: Conditional Batch Normalization
Data Availability
The datasets generated during and/or analyzed during the current study can be downloaded from

https://www.kaggle.com/datasets/soumikrakshit/div2k-high-resolution-images
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