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ABSTRACT: The generation of high-quality, realistic face generation has emerged as a key field of research in
computer vision. This paper proposes a robust approach that combines a Super-Resolution Generative Adversarial
Network (SRGAN) with a Pyramid Attention Module (PAM) to enhance the quality of deep face generation. The
SRGAN framework is designed to improve the resolution of generated images, addressing common challenges such as
blurriness and a lack of intricate details. The Pyramid Attention Module further complements the process by focusing
on multi-scale feature extraction, enabling the network to capture finer details and complex facial features more
effectively. The proposed method was trained and evaluated over 100 epochs on the CelebA dataset, demonstrating
consistent improvements in image quality and a marked decrease in generator and discriminator losses, reflecting
the model’s capacity to learn and synthesize high-quality images effectively, given adequate computational resources.
Experimental outcome demonstrates that the SRGAN model with PAM module has outperformed, yielding an
aggregate discriminator loss of 0.055 for real, 0.043 for fake, and a generator loss of 10.58 after training for 100 epochs.
The model has yielded an structural similarity index measure of 0.923, that has outperformed the other models that are
considered in the current study for analysis.

KEYWORDS: Artificial intelligence; generative adversarial network; pyramid attention module; face generation; deep
learning

1 Introduction

Al-generated facial images play a crucial role in creating realistic representations for virtual environ-
ments such as social networking, online gaming, and virtual reality (VR) platforms [1]. These generated facial
images would enhance the user experiences by offering authentic representations that interact seamlessly
in the digital environment, fostering a better sense of presence and realism. Especially in social media,
Al-generated facial images can be used for profile images, avatars, and digital influencers, ensuring diversity
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and representation without the limitations of traditional photography. The other fields include online
gaming, where realistic characters enhance narrative immersion and emotional engagement, providing
players with a more captivating experience. In VR applications, realistic portraits are valuable for virtual
meetings, therapeutic sessions, and educational simulations, enabling participants to feel more connected
and engaged within shared virtual spaces. Al-generated faces bridge up the gap between real and virtual
worlds, enabling more authentic and inclusive digital interactions [2].

The recent advancements in the VR technology for human face generation relying on models like
generative adversarial network, residual frequency attention, Variational Autoencoders (VAEs) [3], Transfer
Models [4] and self-attention models [5] are widely used and studied. These models have been set as a new
benchmark for photorealism and controllability in face synthesis, enabling high-resolution image generation
with fine-grained control over significant facial attributes such as age, expression, and lighting. Residual
Frequency Attention, which is a refinement over residual learning, enhances feature representation by fusing
multi-scale frequency information, improving the preservation of precise facial textures and features [6].
VAEs are often integrated with GAN models to form VAE-GAN hybrid models, offer structured and
interpretable latent spaces that support smooth interpolation between identities, and facilitate conditional
generation. In parallel, Transformer-based, self-attention models and Multiview Attention Networks, such
as Vision Transformers (ViTs) and Swin Transformers, have introduced global context modeling to facial
synthesis tasks, boosting the model’s ability to maintain spatial coherence across complex facial features.

Deep learning has revolutionized many sub-domains of computer vision, particularly the generation of
high-quality and realistic images from low-resolution inputs. Among these recent advancements, Generative
Adversarial Networks (GANs) [7] have been proven as powerful tools for image synthesis and enhance-
ment. In the current study, a robust novel approach combining a Super-Resolution Generative Adversarial
Network [8] with a Pyramid Attention Module [9], specifically designed for facial image generation. The
proposed approach assists in handling the challenge of generating high-resolution face images from low-
resolution inputs while preserving both appearance and structural fidelity. The block diagram illustrating
various components of the proposed model is presented in Fig. 1.
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Figure 1: The flow diagram of proposed SR-GAN with PAM for deep face generation
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The rest of the sections in the manuscript are organized as follows: Section 2 presents the contributions
of the current study. Section 3 reviews existing studies on deep human face generation, while Section 4 details
the proposed Super-Resolution Generative Adversarial Network combined with the Pyramid Attention
Module for face image generation. Section 5 outlines the experimental outcome and compares the proposed
model with other state-of-the-art models. Finally, Section 6 concludes the study and outlines the future
research scope.

2 Contributions

The proposed SRGAN with PAM module will integrate super-resolution techniques with attention
mechanisms. The Pyramid Attention Module would enable the network to focus on multi-scale features,
capturing fine details across varying levels of image quality. By incorporating this module, the model
effectively enhances key facial features, ensuring that the generated images are both realistic and structurally
accurate. The multi-scale attention mechanism is essential in preserving essential facial characteristics and
textures, which are often degraded in conventional super-resolution approaches. The primary objectives of
this study are outlined below.

o The generation of realistic human face images is achieved using the Super-Resolution Generative
Adversarial Network combined with the Pyramid Attention Module, which leverages a multi-scale
attention mechanism to effectively extract feature-related information and enhance fine details from
low-resolution images, including subtle facial traits. This approach results in high-resolution images that
closely resemble realistic human faces.

o The Pyramid Attention Module that is used in the encoder module of the current model is efficient in
identifying the significant features that enable the network to focus on multiple levels of image resolution
simultaneously, ensuring that essential facial attributes are retained across various scales.

o The generator component would generate the high-resolution realistic images from the training data
that is available. The discriminator is designed to classify the original and model-generated images.

o The efficiency of the proposed model is evaluated using generator and discriminator loss metrics. In
addition to the standard metric to evaluate the performance of GAN models, the current study has
also included metrics like Fréchet Inception Distance, perceptual path length, and structural similarity
index measure.

This study shows the impact of combining an attention mechanism with super-resolution techniques
that can significantly improve the quality of generated human face images. By using the Pyramid Attention
Module, the model is better at capturing important facial details that are often lost in low-resolution images.
This helps create clearer, more realistic faces. The study also uses several evaluation methods to measure
how well the model performs, making it a useful reference for future work in image enhancement and
face generation.

3 Literature Review

In recent years, the generation of human facial images using artificial intelligence (AI) technology
has significantly transformed the fields of augmented and virtual reality. These technologies are extensively
used in divergent fields like entertainment and media to create realistic characters, avatars, and deepfake
technologies, for a better visual effect. In Social Media and Advertising, Al-generated faces are employed
for synthetic influencers, personalized marketing content, and virtual models, enabling more engaging
and customizable user interactions [10]. Additionally, deep face technology contributes significantly to the
healthcare sector, aiding in facial reconstruction from low-quality images. Furthermore, deep face generation
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is instrumental in data augmentation, enabling the creation of larger datasets for training the supervised
models, thereby improving performance in tasks such as facial recognition.

Various techniques have been developed for human face generation. One approach involves condi-
tioning diffusion models through attributes and semantic masks, where Generative Adversarial Networks
(GAN ) assist in generating high-resolution, high-fidelity images. Although these models, when trained on
semantic masks, produce accurate results, they often lack the ability to diversify outputs. Diffusion models
address this limitation by generating varied samples under the same conditions. These models have been
evaluated on the CelebFaces Attributes Dataset (CelebA) [11], demonstrating reasonable performance in
achieving fine-grained control over multiple attributes across image regions [12]. However, diffusion models
rely on existing datasets, and if the data lacks diversity in terms of ethnicity, texture, or variables such as age,
the generated faces may exhibit biases reflecting the training data.

Another approach for facial image generation utilizes an attention-guided domain alignment module
(DAM) [13], which excels in handling spatial details of facial features. This method aligns information from
different sources using attention mechanisms focused on specific facial regions. The model is being assigned
with a dedicated index for each feature block and employs a top-k ranking procedure to match block-wise
features among the domains. This approach exploits the spatial relationships of facial components while
preserving texture structure during alignment. Recovered blocks are then subsequently used in training the
local attention models, thereby reducing the computational costs and enabling high-resolution alignment.
Finally, adaptive weights are being derived from long-range correlation coefficients are combined with
aligned features to capture the semantic coherence of style characteristics across domains.

A model based on StyleGAN2 for human face image generation was proposed by Pries et al. [14].
StyleGAN2’s generator component effectively analyzes the distribution of the input dataset. However, higher-
level human facial elements may not be preserved. Despite this limitation, the model can generate new
faces using face recognition and transfer typical human traits, such as age and gender, to the output dataset.
StyleGAN2 has been demonstrated to efficiently generate unique facial images distinct from the training data.

In another study, Krishna Katta et al. [15] investigated facial image generation using the Deep Convo-
lutional Generative Adversarial Network (DCGAN) [16], which was evaluated on the CelebA dataset. The
DCGAN model outperformed others in terms of the Structural Similarity Index (SSIM), demonstrating its
effectiveness for facial image synthesis.

GAN models have also been applied in medical image augmentation [17]. Studies have explored
generating 3D images by training the generator module with 2D input data. For instance, the Dual-Attention
Generative Adversarial Network (DA-GAN) [18] was proposed to generate photorealistic frontal faces. DA-
GAN achieves realistic image generation by capturing both contextual dependencies and local consistencies
during training, allowing it to address positional and illumination discrepancies effectively.

Several GAN variants, including Vanilla GAN [19], Conditional GAN (cGAN) [20], Wasserstein GAN
(WGAN) [21], BigGAN [22], and Latent-Space GAN (LS-GAN) [22], offer unique advantages and feasibility
for image generation. A detailed comparison of these models is presented in Table 1, highlighting their
respective strengths and feasibility for use in image generation.

Table 1: Comparison of different types of GANs

Type of GAN Key characteristics Technical specifics Limitations
Vanilla One generator and one Uses binary cross-entropy loss, Unstable training and
GAN discriminator comprise the relies on Jensen-Shannon challenging convergence.
fundamental architecture. divergence.

(Continued)
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Table 1 (continued)

Type of GAN

Key characteristics

Technical specifics

Limitations

DCGAN

cGAN

BigGAN

wGAN

StyleGAN

CycleGAN

Convolutional and
convolutional-transpose layers
are used for both the generator

and discriminator.
Considerable enhancement in

performance over the image
data.
Facilitates the regulation of
generated data through
conditioning.

Enhances the architecture by
using bigger batch sizes and
datasets to produce
high-quality images. Generates
very high-resolution images
with complex information.
Employs Wasserstein distance
in place of JS divergence to
enhance training stability.
Enhanced training stability
with a reduced likelihood of
mode failure.
Facilitates style regulation of
produced images using distinct
style inputs at various stages.
Generation of high-quality
images with precise control
over features.
Concentrates on
image-to-image translation in
the absence of paired training
data.

Employs batch normalization
and Leaky ReLU activations.

Conditioned on label inputs
combined with a noise vector,
the objective function was
adjusted to include
conditioning.

Utilizes bigger batch sizes,
orthogonal regularization, and
adds some loss to enhance
scalability.

Uses weight clipping

Uses adaptive instance
normalization and hierarchical
architecture to introduce style.

Employs cycle consistency loss
to ensure uniform mapping of
the data.

Unstable training, and
prone to model failure.

Necessitates labeled data
for conditioning and is
susceptible to instability.

Highly resource-intensive,
requiring large datasets and
computational resources.

Slower convergence

High computational cost,
large memory
requirements.

Complex training process.

Super-Resolution Generative Adversarial Networks (SRGANSs) represent a significant advancement
in image processing, particularly for deep face generation. The integration of a PAM further enhances
the performance of neural networks by enabling more precise feature extraction and improved image
reconstruction quality. The existing literature on SRGANs highlights their ability to generate high-resolution
images from low-resolution inputs through adversarial training, where a generator network synthesizes
images and a discriminator network evaluates their authenticity. The PAM employs hierarchical attention
mechanisms that prioritize multi-scale features, allowing the network to capture fine-grained details and
contextual information more efficiently [23]. Studies have demonstrated that SRGANs combined with PAM
outperform traditional methods in terms of facial detail, texture quality, and overall image fidelity.
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4 Background

The current section of the manuscript discusses human face extraction from images as a pre-processing
step for effective processing. It also provides details about the dataset and the implementation environment.

4.1 Human Face Extraction

Accurate face detection is a critical pre-processing step for Al-based face generation models. This
section presents the Single-Shot Multibox Detector (SSMD) model for human face detection in images [24].
The SSMD model, known for its efficiency in object detection with a single forward pass, is highly suitable
for real-time applications as it predicts bounding boxes and confidence scores across multiple scales. When
integrated with GANS, this detection approach enhances adversarial training by providing accurate input
for the generation process. A key component of the SSMD model is the feature pyramid network (FPN),
which leverages a convolutional layer to extract feature maps represents the objects at various scales. The
FPN architecture consists of a bottom-up pathway linked to a top-down pathway via lateral connections.
The SSMD head comprises multiple output maps of varying sizes, where each grid divides the image
into pixel groups. Each cell determines whether it corresponds to a specific object using bounding box
coordinates and object class information. Lower-resolution output images, consisting of smaller grids with
larger pixels, are better suited for identifying larger objects. Conversely, higher-resolution grids with denser
pixels are employed to detect smaller objects. The inclusion of multiple output scales significantly improves
the model’s accuracy while maintaining its ability to localize a wide range of object sizes. The primary
objective of SSMD is to minimize the model’s overall loss. The loss function, L, is defined as the combination
of three components: the localization loss (L,;), the classification loss (L), and the loss associated with
distinguishing boxes from backgrounds in the SSD output grids (L;, ). The loss function is shown in Eq. (1).

L=1Ly +Lejs+ Lpy (1)

The loss associated with object localization is computed using the pseudo-Huber loss function [25].
Here, the ground truth coordinates of the face object are denoted by z = (m, n, w, h), where (m, n) represent
the center coordinates of the bounding box, and w and h represent its width and height, respectively.
The predicted bounding box coordinates are denoted by z’ = (m’, n’,w’, h"). The difference between the
ground truth and the predicted coordinates is used to calculate the loss, defined as v = |z — 2’|, with
individual components (vy,v2,v3, v4) = (|jm — m'|, |n — n’|,|w — w'|, |h — h’|). The overall localization loss is
then determined as shown in Eq. (2).

4
L, = 82(,/1 E—1) 2
I ; 5 (2)

In the above equation, the parameter § controls the steepness of the pseudo-Huber loss function,
balancing sensitivity to small errors with robustness to larger errors, where the loss transitions to a linear
form. The classification loss for the object class k., where there are n distinct classes (c =1,2,3,...,n), is
approximated using the probability distribution function represented by p.. The cross-entropy between the
actual class and the predicted class is computed using the formula shown in Eq. (3).

Lcls = _ch log(ﬁc) (3)
c=1

The boxing loss is selected for the ability to discard the false positives, which are the background points
that the model incorrectly detects as objects. The SSD model predicts boxes as a real number b,, € [0, 1]. This



Comput Mater Contin. 2025;85(1) 2123

value denotes the model’s confidence in detecting objects in network output grid pixels. The parameter by, =
1 - b, specifies the magnitude of confidence that assumes each cell would be the part of the background. The
corresponding formula to estimate the boxing loss is shown in Eq. (4).

Lpx = - [abgplog(bp) +(1- “)b;log(bbp)] N

From the above equation, the parameter o designates the weight assigned to pixels within the bounded
box, while (1 — ) denotes the weight for pixels outside the bounded box, assumed to be background pixels.
The coeflicient y controls the shape of the bounded box, with higher values of y requiring minimal loss to
effectively distinguish the foreground face from background pixels.

4.2 Dataset Description

The current study utilizes the CelebFaces Attributes Dataset [11], a publicly available, large-scale
dataset for training the SR-GAN model. The dataset contains 202,599 distinct images of 10,177 celebrities,
each annotated with 40 binary attributes such as bald, bangs, big nose, gray hair, blurry, brown hair,
chubby, eyeglasses, male, no beard, oval face, and others. These images encompass a wide variety of poses,
expressions, lighting conditions, and backgrounds, offering a diverse representation of real-world scenarios.

4.3 Implementation Environment

The proposed SR-GAN with PAM model for deep face generation was implemented on a standalone
computer using Google Colab with GPU support. Additional details of the implementation environment are
provided in Table 2.

Table 2: Implementation environment

Component Details
Machine Standalone laptop
Make HP Pavilion
Model 15-eg3027TU
Operating system Windows 11
Processor Intel Core i5 (13th generation)
Main memory 16 GB DDR4
Platform Google Colab
Runtime type GPU (NVIDIA Tesla K80)
Programming language Python
Libraries TensorFlow, Keras, NumPy, Matplotlib, PIL

5 Proposed Methodology

This section of the manuscript presents the proposed Super-Resolution Generative Adversarial Network
is being integrated with a Pyramid Attention Module for deep face generation. The model leverages the
strengths of both components: SRGAN excels at generating high-resolution images that closely resemble
actual images, while PAM enhances these outputs by emphasizing essential features at multiple scales, thereby
improving overall image quality and precision.

This integration enables the network to effectively learn contextually relevant information, making
the model more robust to variations in facial images, including differences in pose, expression, focus,
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and illumination conditions. The SRGAN comprises two primary components: the generator module and
the discriminator module. The generator creates high-resolution deep-face images based on the provided
training data, while the discriminator acts as a classifier to distinguish between the original images and the

generated images [26].

5.1 Generator Module

The Generator Module of the SRGAN processes a low-resolution input through a convolutional layer
with 9 x 9 kernels and 64 feature maps, followed by a Parametric ReLU activation function [27]. The
Parametric ReLU efficiently transforms the low-resolution input image into a high-resolution output. The
subsequent layers in the feed-forward architecture consist of multiple residual blocks. Each residual block
includes a convolutional layer with a 3 x 3 kernel and 64 feature maps, followed by batch normalization, a
Parametric ReLU activation, another convolutional layer, and an elementwise summation. The elementwise
sum combines the outputs of the feed-forward and skip connections to generate the final result. The generator
G is designed to produce high-resolution images, H;,,, from low-resolution inputs, L;,,¢. The formula for
the generator network is presented in Eq. (5).

Himg = G(Limg) (5)

The elements of the generator model, along with the size of the kernels used in generating the high-
resolution image, are shown in Fig. 2. Residual blocks play a crucial role in addressing the vanishing gradient
problem by introducing shortcut connections, which allow gradients to flow more directly through the
network. This mechanism preserves the gradient magnitude and facilitates more effective training. To achieve
super-resolution, the pixel shuffler is applied after the convolutional layer, performing a 4x upsampling
operation. Pixel shufflers redistribute values from the channel dimension to the height and width dimensions,
effectively doubling both the height and width of the image.
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Figure 2: Architecture of the generator module in SRGAN model
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The loss function in the generator module is critical for guiding the generator to produce high-quality
images from low-resolution inputs. It manages the tradeoft between the accuracy and perceptual quality of
the generated images. The generator’s overall loss comprises content loss, adversarial loss, and perceptual
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loss. Content loss measures the pixel-wise differences between the generated high-resolution image, I, and
the actual high-resolution image, I,,. This loss ensures the generator retains the overall structure and content
of the actual image, aiding in the production of realistic outputs. The corresponding formula for content loss
is presented in Eq. (6).

1A (i N
Leon = 2|17 1" (6)
P i=1

In the above equation, the notation ¢, designates the total number of pixels in the image. This equation
calculates the mean square error across all pixels in the original and generated images. The next component
is the perceptual loss, which measures the variance between the high-level features of the actual image
and the generated image. Perceptual loss focuses on rendering textures and finer details, rather than solely
emphasizing pixel-wise accuracy. The corresponding equation for perceptual loss is presented in Eq. (7).

Ly = 1 oo g

In the equation, the notation 9 denotes the feature vector representing high-level features such as
textures and edges. Adversarial loss is another key component of the total loss function. It is crucial
for guiding the generator to produce high-quality images, thereby making the discriminator’s task of
distinguishing between real and generated images more challenging. The adversarial loss, L4, is defined
based on the discriminator’s output. The corresponding formula for adversarial loss is presented in Eq. (8).

Loa = —Ei, [log(Pp(Iy))] (8)

In the equation, the notation E designates the expected values associated with the generated image,
while P, denotes the probability assigned by the discriminator that the generated image is real. The overall
function is defined as negative values to maximize the likelihood of fooling the discriminator, encouraging
it to classify generated images as real. The total loss, L., is computed as a combination of content loss,
perceptual loss, and adversarial loss, as shown in Eq. (9):

Ltot = >(Lcon +ﬁprcp+)’><Lad (9)

Here, «, f3, and y are the weights assigned to each loss component to fine-tune their contributions.
Selecting appropriate weights helps in generating more realistic images.

5.2 Discriminator Module

The second key component of the SRGAN is the discriminator module, which evaluates the loss by
distinguishing between original and generated images. The discriminator is composed of several components
that collaboratively classify inputs into distinct classes. It is implemented as a convolutional neural network
(CNN) [28], which extracts features from input images through a series of convolutional layers.

These convolutional layers employ small-sized filters of 3 x 3 to capture complex patterns and fine
details. A non-linear activation function, such as Leaky ReLU, introduces non-linearity, enabling the network
to learn intricate patterns effectively. The architecture of the discriminator module is illustrated in Fig. 3.
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Figure 3: Architecture of the discriminator module in SRGAN model

The adversarial loss encourages the generator to produce samples indistinguishable from real images.
This loss is calculated separately for the generator and the discriminator, as represented by Eqs. (10) and (11),

respectively.
Lgen = En,,,, [10g(1= D(G(Limg)))] 1)
L4is = En,,, [10g(D(Himg))] + Lgen D

In the above equations, L., designates the loss associated with the generator, while Lg;; designates
the loss associated with the discriminator. The notation E indicates the expected value of low- and high-
resolution images, G denotes the generator network, and D denotes the discriminator network. The term
log(1-D(G(Limg))) evaluates the discriminator’s ability to distinguish between generated high-resolution

images and real high-resolution images.

5.3 Pyramid Attention Module

The Pyramid Attention Module integrates attention mechanisms at multiple pyramid levels, enabling
the network to effectively capture fine details and contextual information from images PAM consists of
several attention layers, each designed to capture features at a specific level of granularity [29].

In pyramid attention, affinities are computed between the target feature vector and image regions.
Consequently, the response feature is calculated as the weighted sum of multi-scale similarities within the

input feature map. Using a set of scaling factors represented as S = {s,s;, ..., 5, }, the pyramid attention is
evaluated using the formula shown in Eq. (12).

i_ 1 i j
T a(p)é?“p i) 0 (i) 12)

In the above equation, §(s) designates the s* neighborhood centered at index j within the given input
image p. Pyramid attention operates on a non-local, multi-scale level, processing larger regions of sizes
specified by the scale pyramid S across all positions j. When only one scale factor s = 1is used, the proposed
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attention mechanism reduces to a standard non-local operation. Pyramid attention computes correlations
across multiple scales, aggregating pixel-region correspondences into a complete feature pyramid.

. D1 _ H w . .
This feature pyramid is denoted as F = { fi, f, ..., fu }, where f; (s—i X s_,-) represents a region descriptor
map for the input p, generated by downscaling the image. The correlations between the pyramid scales and
the initial input can be interpreted as scale-agnostic attention. Consequently, pyramid attention is evaluated

using Eq. (13).
i 1 i1j ‘
q =WZZ¢(PJ<J)9(’<]) (13)

keF jek

In the equation, the notation k; denotes the region descriptor at different levels of summarization across
regions of varying sizes. When this information is mapped back to the original region i, the non-local multi-
scale data is combined to produce an output that is noticeably more detailed than single-scale matches. The
architecture of the Pyramid Attention Module (PAM) is illustrated in Fig. 4.

Generator Module : i Discriminator Module

Processing # :

Layers : ; Processing :

i ! Layers 1

Input output ! | Resultant @ :
Image Image | . Image

Figure 4: The architecture of pyramid attention module

The hyperparameters that have been applied in this study are outlined in Table 3. These hyperparameters
were consistently utilized throughout the evaluation process of the proposed model. The hyperparameters
were selected based on standard configurations commonly used in this method and aligned with existing
studies to ensure a fair and consistent comparison in the performance analysis.

The hyperparameters, as fine-tuned in Table 3, are optimized to enhance the efficacy, efficiency, and
adaptability of the model. This fine-tuning improves the model’s performance on unseen data and enhances
its generalization capabilities. Adjustments to batch sizes significantly impact the network’s stability and
convergence rate. The learning rates of the discriminator and generator are carefully balanced to ensure that
neither dominates during training. The corresponding algorithm for the SRGAN with PAM is presented in
Algorithm 1.



2128

Table 3: Details of hyperparameters

Hyperparameter Details
Number of kernels 64
Learning rate 0.0001
Learning rate decay rate 0.5
Dropout factor 0.4
Optimizer Adam
Number of epochs 160
Batch size 125
Loss measure Binary cross entropy
Activation function ReLu, Leaky ReLu
Patience 10

Comput Mater Contin. 2025;85(1)

Algorithm 1: SRGAN with PAM model

Input: Original Human Face Images
Input: Feature Map F;,
Output: SRGAN Generated High-Resolution Human Face Images
Step 1: Initialization
Initialize Hyperparameters
Initialize Generator and Discriminator with random weights
procedure MULTI-SCALE FEATURE EXTRACTION
Extract multi-scale features from F;,,
S; = Conv2D(F;,, kernel_size =1x 1)
S; = Conv2D(F;,, kernel_size = 3 x 3)
S; = Conv2D(F;,, kernel_size = 5 x 5)
Concatenate multi-scale features:
F = Concat($;, S,,S3)
end procedure
procedure GENERATOR
Input: Low-Resolution Image Limg
Output: High-Resolution Image Himg
Initial Convolution Block:
fy = LeakyReLU(Conv2D(Ling, kernel_size))
Residual Blocks with PAM:
f,.s = PAM(fy) +
end procedure
procedure DISCRIMINATOR
Input: High-Resolution Image Himg
Output: Classification Outcome
Classification Architecture:
f; = LeakyReLU(Conv2D(Hjmg, kernel_size))
Dense Layer for Classification:
¥ = sigmoid(Dense(f;))

(Continued)
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Algorithm 1 (continued)

end procedure
procedure Loss MEASURE
for each epoch do
Train Discriminator:
Compute loss Lgj:
Lais = En,,, [log(D(Himg))] + Lgen
Update Discriminator weights 0p:
Op < Op — Ve, Lais
Train Generator:
Compute loss Lgep:
Lgen = Ep,,, [log(1- D(G(Limg)))]
Update Generator weights 0¢:
HG <~ GG - WVGGLgen
end for
end procedure

The learning rate is a crucial parameter that determines the speed of learning during the training
process. On selecting a higher learning rate increases the risk of overshooting the optimal solution, while a
lower learning rate would require more time for the model to converge. Additionally, lower learning rates
may result in convergence to a local minima, which can have a negative impact on the model’s generalization
capability. The learning rate graph for the proposed model is shown in Fig. 5.

Learning Rate Graph
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Figure 5: The learning rate graph of the proposed model

6 Results and Discussion

This section of the manuscript presents the experimental outcomes of the proposed SRGAN with PAM
module for human face generation. The model was evaluated over multiple epochs, with the outcomes of
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each epoch analyzed in terms of the loss metric. The corresponding generated images across the batches are
presented in Figs. 6 to 13.

(@) (b)

Figure 6: The generated Face Images at Epoch = 1, (a) SRGAN with PAM module, and (b) SRGAN without PAM
module

(@) (b)

module

(@) (b)

Figure 8: The generated Face Images at Epoch = 40, (a) SRGAN with PAM module, and (b) SRGAN without PAM
module
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Figure 9: The generated Face Images at Epoch = 60, (a) SRGAN with PAM module, and (b) SRGAN without PAM
module

Figure 10: The generated Face Images at Epoch = 80, (a) SRGAN with PAM module, and (b) SRGAN without PAM
module

(a) (b)

Figure 11: The generated Face Images at Epoch =100, (a) SRGAN with PAM module, and (b) SRGAN without PAM
module

Additionally, the proposed model is assessed over the loss metric across batches. The corresponding
graphs demonstrate the model's performance, showing a consistent decrease in loss over the batches,
indicating effective training and improved model performance over the batches.
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&

Figure 12: The generated Face Images at Epoch = 150, (a) SRGAN with PAM module, and (b) SRGAN without PAM
module
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Figure 13: The graph represents the loss measures, (a) SRGAN without the PAM module, and (b) SRGAN with the
PAM module

The performance of the model is further evaluated using loss metrics. The generator aims to minimize
perceptual loss by combining adversarial loss with content loss derived from pretrained perceptual networks.
This approach ensures that the generated face images not only deceive the discriminator but also closely
resemble the original images in terms of perceptual attributes. Meanwhile, the discriminator employs a
hybrid loss that integrates traditional adversarial components with feature matching, improving its accuracy
across various scales. Together, these sophisticated loss strategies facilitate the creation of higher-quality face
images with enhanced detail. The Pyramid Attention Module (PAM) further optimizes feature extraction
and spatial attention, enhancing the precision of image generation in the SRGAN with PAM.

The performance concerning loss metrics is evaluated both with and without the PAM module in the
SRGAN for face image generation. The loss measures for the model with and without the PAM module are
shown in Fig. 13.
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From the loss graphs of the proposed model, it can be observed that the generator loss is generally
higher than the discriminator loss, as the generated facial images are legible. As the clarity of the generated
facial images improves, the generator loss is expected to decrease. Notably, the loss consistently declines
over the epochs, reflecting the model’s ability to generalize effectively. The SRGAN with PAM exhibits
significantly lower loss values compared to the model without PAM, highlighting the effectiveness of the
attention mechanism.

However, if the generator becomes too proficient during training, the discriminator may struggle to
distinguish between generated and real images, resulting in low discriminator loss [30]. Conversely, if the
discriminator performs well, the generator may face difficulties in learning, leading to higher generator loss.

The discriminator loss for real and fake images is summarized in Tables 4 and 5. The discriminator’s
output for actual data samples from the training dataset is denoted as dis_real. Ideally, this value should be
close to 1, indicating the discriminator’s confidence in correctly identifying real images. This loss measure
aids the discriminator in further optimization. Similarly, dis_fake designates the loss associated with
recognizing fake images.

Table 4: Comparison of observed loss measures with and without the PAM module

Epoch Without PAM With PAM
Dis_Real Dis_Fake Gen_loss Dis_Real Dis_Fake Gen_loss

1 0.149 0.195 9.325 0.085 0.005 9.575
10 0.004 0.291 9.881 0.018 0.003 11.860
20 0.011 0.082 9.921 0.003 0.003 12.432
30 0.043 0.006 12.596 0.009 0.017 12.997
40 0.025 0.055 10.066 0.074 0.035 6.244
50 0.014 0.006 11.020 0.048 0.021 11.157
60 0.001 0.139 10.419 0.115 0.032 10.235
70 0.019 0.004 10.878 0.053 0.016 8.977
80 0.041 0.077 7.768 0.132 0.033 7.989
90 0.003 0.054 9.403 0.008 0.084 7.540
100 0.029 0.008 11.646 0.007 0.186 6.812
125 0.023 0.007 11.973 0.006 0.192 6.003
150 0.018 0.006 12.007 0.006 0.197 5.650

Table 5: Observed loss measures of the proposed model

Epoch Dis_Real Dis Fake Gen_loss

SRGAN without PAM 0.0339 0.0918 11.2923
SRGAN with PAM 0.0552 0.0435 10.5811

The generator loss, denoted as Gen_loss, evaluates the performance of the generator, specifically its
ability to produce images that the discriminator cannot reliably distinguish as real or fake. The assessment
is conducted across multiple epochs to evaluate model performance. Minimizing the loss values over the
epochs is indicative of a well-tuned model.
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The proposed model is also evaluated with and without the PAM module, and the results are presented
in Table 4. The corresponding graphs for all losses, including generator and discriminator losses, are
displayed in Figs. 14 and 15.

Generator Loss
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Epochs

Figure 14: The graph presents the loss measures of the generator module image
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Figure 15: The graph presents the loss measures of the discriminator module, (a) Associated with a real image, and (b)

PAM module.

The summary of discriminator and generator loss over 100 epochs is being aggregated and presented

in Table 5. It can be observed that the SRGAN with PAM has outperformed the model without the

The loss graphs for the generator and discriminator modules demonstrate the significant impact of
the PAM module on the performance of the SRGAN model. The inclusion of the PAM module enhances

the processing of features across multiple scales, facilitating better aggregation of contextual information.
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Notably, the loss in the discriminator module suggests that the model struggles to generalize effectively
between original and generated images. Conversely, lower loss in the generator module indicates improved
precision in the generated images, highlighting the effectiveness of the proposed approach.

The proposed SRGAN with PAM module is being evaluated with other standard metrics for evaluating
the performance of the model, Which includes the Fréchet Inception Distance (FID) score, perceptual
path length (PPL), and Structural Similarity Index Measure (SSIM) for evaluating the performance of the
proposed model. FID evaluates both the quality and diversity of generated images by measuring how close
the synthetic image distribution is to the real image distribution in the feature space. The corresponding
formula for FID is presented in (14).

FDI = |uy — g+ T (Ar F g2 mg) (14)

From the above equation, i, and A, designate the mean and the covariance values associated with the
features of the real image. Similarly, 4, and A, designate the mean and the covariance values associated with

2
the features of the real image. Hyr —U g” represents the squared difference among the mean values. The

notation T represents the trace of the matrix, and /1,1, designates the square root of matrix with product
of covariances.

Perceptual path length is the other crucial metric that is used in assessing the performance of the image-
generating models. PPL measures how consistent the changes in the generated image are, relative to small
changes in the latent input. Usually, PPL ensures model doesn’t suddenly jump from one face to another with
minor changes in the input. The corresponding formula for PPL is shown in Eq. (15).

PPL - Zl[elz -4 (G (lerp (21,22, £)), (G (lerp (21, 20, t+ e)))] (15)

From the above equation, the notation n represents the total number of samples, the notation z, z;
represents the latent vectors, lerp(z1, z2, t) denotes the linear interpolation between z; and z,. The notation
e is a very small step size, G() is the generator function, and d() is the a perceptual distance measure. SSIM
is another important metric that is used in comparing images with regard to structural similarity, such as
contrast, brightness, and texture of regions that align with human visual perception rather than pixel-wise
differences. The corresponding formula is presented in Eq. (16).

(2uppq + a) (20,4 + )

SSIM =
(up+ pi+ ) (o7 + 05 +B)

(16)

From the above equation, the notation «,  represents the small coeflicients to stabilize the division
operation. The notation y,, 4 represents the mean intensities of the pixels p and g, oﬁ and 0‘? represents the
variances of pixels p and q. The notation 0,, designates the covariance among the pixles.

The proposed model is evaluated with regard to FID, PPL, and SSIM; the obtained results are presented
in Table 6. The observed results are compared with other state-of-the-art (SOTA) models like X2Face,
Pix2pixHD, Multi-Scale Gradients for Generative Adversarial Networks (MSG-GAN), StyleGAN, Condi-
tional GAN, CycleGAN [31], Diversified realistic face image generation GAN (DRFI), of Pose-Controllable
Audio-Visual Syste (PC-AVS), and Facial Scene Representation Transformer (FSRT) as shown in Table 7. For
some studies, for which the values are not obtained is identified as N/A.
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Table 6: Performance of proposed model with and without PAM module

Approach FID PPL SSIM

SRGAN without PAM 538 13239 0.876
SRGAN with PAM 377 975  0.923

Table 7: Comparative analysis with SOTA models

Approach FID SSIM

X2Face [32] 45.8  0.68
Pix2pixHD [33] 427  0.56
Few-shot adversarial learning [34] 295  0.74
MSG-StyleGAN [35] 6.37 N/A
MSG-ProGAN ([35] 8.02 N/A
StyleGAN [36] 44 N/A
Conditional GAN [37] N/A 074
Conditional CycleGAN [37] N/A 092
DiscoFaceGAN [38] 1557 N/A
DRFI GAN [39] 205 N/A
PC-AVS [40] N/A  0.48

FSRT [41] N/A 0.86

SRGAN with PAM 3.77 0.923

6.1 Experimental Observation

The experimental results indicate that the proposed model has been effective, with loss values consis-
tently decreasing over epochs. This trend demonstrates the model’s ability to learn progressively from the
training data. Additionally, the quality of the generated images has improved over the epochs, with human
faces becoming more discernible and realistic.

The spikes observed in the loss graphs are attributed to the raw dataset, as the images were acquired
from various sources, and no data augmentation was performed on the original images used in the training
process. Furthermore, the generator module strives to produce realistic images, while the discriminator
attempts to distinguish fake images from real ones. This adversarial training dynamic often causes temporary
oscillations in the loss values as each network improves, leading the other to adapt.

The proposed model could benefit from rigorous evaluation over additional epochs to enhance perfor-
mance comprehensibility. A key limitation of this study is the evaluation in a limited number of training
rounds. Future work could involve evaluating the model under varying hyperparameters, such as learning
rate, optimizer, and activation functions, to identify optimal settings for generating realistic images.

6.2 Potential Limitations

The current study is conducted over the CelebA dataset, and thus, the evaluation of the proposed
model is restricted to the specific distribution and features that are associated with this dataset. The model
does not account for dynamic environmental conditions, such as variable lighting conditions, background
noise, motion artifacts, pose, heterogeneity, and facial features, which are significant in synthesizing
the human faces in real-time settings. Resultantly, the model’s ability for real-time facial synthesis and
generalization across diverse conditions remains limited. Additionally, the evaluation is performed under
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standard hyperparameter configurations, without performing the hyperparameter tuning. A comprehensive
hyperparameter optimization would further enhance the model’s generalizability and performance in the
real-time scenario.

7 Conclusion

The current study focuses on generating high-resolution human face images using the Super-Resolution
Generative Adversarial Network with a Pyramid Attention Module. The proposed model demonstrates the
ability to generate high-quality human face images with reasonable accuracy. The model’s performance
was evaluated using loss metrics and showed consistent improvement over the executed epochs. However,
the study was limited to a relatively small number of epochs due to computational resource constraints.
Future evaluations could extend the number of epochs to achieve more comprehensive performance insights.
Additionally, the performance of generator and discriminator could be further assessed using alternative loss
measures such as MinMax and Gradient Penalty losses.

Future research directions for the proposed model include enhancing feature engineering mechanisms
to efficiently capture long-range dependencies, such as incorporating cross-modal attention. Improved data
pre-processing techniques, including batch normalization, data augmentation, and semantic processing,
could contribute to better results. Furthermore, integrating Explainable Artificial Intelligence (XAI) tech-
niques could provide deeper insights into the feature engineering processes and improve the interpretability
of the generator and discriminator models. Integrating more advanced attention mechanisms or combining
the model with other deep learning techniques like transformers could enhance its performance even more.
There’s also potential to apply the approach to other types of images beyond human faces, such as medical or
satellite images, where fine detail is important. Additionally, reducing computational costs while maintaining
image quality would make the model more practical for real-time applications.
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