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ABSTRACT 
 
 
 

ADVANCED DEEP LEARNING TO GENERATE AND DETECT FAKE IMAGES OF 
EGYPTIAN MONUMENTS 

 
 

by 
 

Daniyah Alaswad 
 
 

Adviser:  Mohamed Zohdy, Ph. D. 
 
 

 This study examined the use of StyleGAN to create synthetic images of Egyptian 

monuments, addressing a critical gap at the intersection of generative artificial 

intelligence and cultural heritage. Through extensive experiments on a large dataset 

containing 5,000 Egyptian monument images, we show that architectural changes to the 

StyleGAN framework can significantly improve the quality and authenticity of the 

generated images. Our study contributes to the existing literature. First, we designed an 

enhanced discriminator architecture incorporating noise injection, squeeze-and-excitation 

blocks, and an improved MinibatchStdLayer, resulting in a Fréchet Inception Distance 

27.5% better than that of the original model. We further introduced a novel image-text 

alignment approach using SigLIP, which can generate semantically guided monuments. 

We applied Differential Evolution (DE) to optimize the latent space of the conditional 

generator to reduce the alignment error by 15% for the targeted monument-generation 

tasks. We systematically analyzed various truncation methods used to manage noise in 

generated images by finding the best parameters that fit the architecture best but are also 

diverse. Statistical validation using bootstrap confidence intervals, McNemar’s test and 
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DeLong’s ROC analysis show significant improvements with effect sizes in the moderate 

to large range (Cohen’s d ≈ 0.9-1.4) The discriminator was able to achieve 95.5% 

accuracy with a 5.3% false positive rate and 3.6% false negative rate. This 62% error 

drop was compared to the baseline. Under heavily corrupted conditions (JPEG quality = 

10; Gaussian blur σ = 5.0), it achieved 78-85% of the baseline performance, whereas the 

default achieved 65-72% of the baseline performance. Frequency domain analysis results 

revealed resilience, with AUC values generally >0.95, varying by frequency. The new 

discriminator was approximately 20 to 25 percent more robust to adversarial attacks. 

However, both architectures are fundamentally vulnerable to stronger attacks. Our 

research shows how strategic refinements of operations models can produce 

representations of Egyptian monuments that attain a high-quality and satisfactory level of 

diversity that we can detect. Innovations can greatly help in the preservation of cultural 

heritage, virtual tourism, visualization, and education. This study will allow the 

generation of high-quality and varied Egyptian monument images, which can help in the 

digital conservation and easy accessibility of one of the world’s great architectural 

heritages. 
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CHAPTER ONE 

INTRODUCTION 
 
 
 

This chapter explores the development and evaluation of a generative adversarial 

network model for creating realistic images of Egyptian monuments, detailing the 

techniques employed in this study. 

3.2 Introduction 

Generative Adversarial Networks (GANs) have revolutionized image synthesis, 

allowing the creation of highly realistic images in different domains [1]. Among these, 

StyleGAN has demonstrated state-of-the-art quality in the generation of high-resolution 

images through fine-grained style control [2]. The application of StyleGAN to generate 

high-fidelity synthetic images of Egyptian monuments has not been studied much, even 

though they are culturally and historically significant. 

Goodfellow et al. [1] proposed that GANs consist of two neural networks: a 

generator and a discriminator. The generator produces images, and the discriminator 

differentiates between real and generated images. These neural networks continually 

enhance themselves and create increasingly realistic images through adversarial training 

[9]. GANs have been used for various tasks, such as image synthesis, super-resolution, 

and style transfer [10]. StyleGAN [2] extends this architecture with a style-based 

generator that maps random vectors to intermediate latent spaces and controls the image 

styles at different detail levels [2]. This allows for enhanced control of the visual 

characteristics to obtain the quality and diversity of the results. .  



 2 

Egyptian monumental architecture presents unique challenges for generative 

modeling due to its distinctive architectural elements, hieroglyphic ornamentation, 

weathered stone textures, and complex geometric proportions that span millennia of 

construction techniques. These buildings demonstrate that ancient Egypt had beautiful 

architecture and a strong culture. Monuments have severely deteriorated due to time, 

weathering, and various human activities. Advanced techniques can generate realistic 

images that are useful for preservation and virtual restoration [12]. 

Prior research has demonstrated that GANs can be used in a variety of heritage 

applications. For instance, for cultural heritage data augmentation, researchers have used 

GANs to enhance the training of computer-vision models [7]. Chinese calligraphy images 

were generated using StyleGAN [68]. The details and antique design style were captured 

satisfactorily. Nonetheless, limited research has focused on using StyleGAN to generate 

Egyptian monuments, leaving a gap in this important area of study [10]. 

Egypt is well-known for its ancient monuments, which attract millions of visitors 

annually [5]. However, their preservation faces challenges, including environmental 

factors, tourism pressure, and limited resources [6]. The advanced computer vision 

method StyleGAN offers significant potential for applications in virtual tourism, 

educational, and cultural heritage resources [15], [15].  

This study investigated how StyleGAN can effectively generate realistic Egyptian 

monument images by examining the impact of different discriminator models and image 

manipulation techniques on the quality and realism. Chapter 2 presents a comprehensive 

literature review covering GANs, the StyleGAN architecture, and their cultural heritage 

applications. Chapter 3 details the methodology, including data collection, preprocessing, 
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model training, discriminator comparison. Chapter 4 describes image manipulation 

techniques and evaluation metrics. It also outlines the experimental setup and describes 

the SigLIP (Sigmoid Loss for Language-Image Pre-training) model and the Differential 

Evolution (DE) optimization approach implemented in this study. Chapter 5 presents a 

comprehensive performance evaluation using established metrics, including FID (Fréchet 

Inception Distance), KID (Kernel Inception Distance), and Precision-Recall, alongside 

rigorous statistical validation through bootstrap confidence intervals, McNemar’s test, 

and DeLong’s ROC analysis. Chapter 6 synthesizes the research findings, discusses their 

implications for both technical advancement and cultural heritage preservation, 

acknowledges the limitations, and proposes future research directions. 

1.2 Problem Statement 

Ancient Egyptian monuments are among the greatest architectural feats of 

humans. Nevertheless, they remain at risk due to environmental degradation, tourist 

pressures, and a lack of resources for development [6]. Despite the promising solutions 

offered by digital preservation, existing methods do not adequately portray the visual 

complexity and diversity of Egyptian monumental architecture [15]. 

Despite the demonstrated potential of GANs in cultural heritage applications, 

these applications have not yet addressed the challenges arising from Egyptian 

monuments, which are large in scale, precise in geometry, rich in ornamentation, and 

complex in weathering developed over millennia [3], [11]. This study aims to fill this gap 

by creating and assessing specialized StyleGAN architectures tailored for generating 

Egyptian monuments. This study investigates discriminator model variants that 

incorporate noise injection, squeeze-and-excitation (SE) attention blocks, and an 
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improved MinibatchStdLayer [4], [8]. It also considers image-text alignment techniques 

based on SigLIP [53]. In addition, it covers the discriminator statistical evaluation and 

noise control methods. The goal is to find effective ways to generate and detect 

historically accurate and visually compelling representations of Egyptian monuments in 

the future. The improved design of the discriminator showed significant improvements 

for each measure. 

The importance of this study goes beyond technological innovation and is useful 

for applications in virtual tourism [122], digital conservation [16], and educational 

resource development [152]. Well-prepared high-quality images can help improve the 

global accessibility of Egypt’s cultural heritage and serve as hardware for restoration 

efforts. The ability to produce realistic images of monuments with almost perfect 

discriminator performance can ensure trustworthiness for applications in heritage 

protection. This study will advance the technological toolkit for digital preservation and 

cultural heritage conservation efforts by proposing generative techniques for the 

visualization of monuments [12], [17]. 

1.3 Research Questions 

The use of StyleGAN to generate realistic Egyptian monuments was investigated 

in this study. We focused on the optimization of the discriminator architecture. Moreover, 

other operations were performed on the images to improve the project outcome. The aim 

of this investigation was to ascertain whether generative adversarial networks can be 

adapted to different cultural heritage applications while ensuring architectural fidelity and 

generation diversity. The generation pipeline model covers the whole process from 

architectural design to statistical validation. In this study, research questions were based 



 5 

on generation pipelines. Overall, five research questions – with included sub-questions – 

guided this study:  

1. How does discriminator architecture influence StyleGAN’s capability to generate 

authentic Egyptian monument images? 

• How can StyleGAN discriminator architecture be adapted to understand the 

architecture, hieroglyphics, and wear and tear common to Egyptian monuments? 

• What is the impact of architectural enhancements—including SE attention blocks, 

noise injection regularization, and improved minibatch statistical layers—on the 

quality and authenticity of generated monument images? 

• How well do hierarchical discriminator designs capture fine details (e.g., 

hieroglyphics, relief carvings) and global structures (e.g., columns and pyramids, 

temples) in Egyptian monuments? 

• Does the improved discriminator differentiate real photos from generated photos 

with greater accuracy than a baseline architecture? 

2. How effectively can image-text alignment models optimize the semantic 

correspondence between textual descriptions and generated Egyptian monument 

imagery? 

• How does SigLIP compare with CLIP? Specifically, how well does SigLIP 

encode images, textual descriptions of Egyptian monuments, and different 

architectural styles and historical eras? 

• Which evaluation metrics best measure the semantic alignment between 

monument descriptions and generated images? We will be focusing on image 

generation using architectural terminologies and cultural heritage contexts. 
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• What strategies and techniques can be used for optimizing the textual description 

of the monument and the created image? 

3. What optimization strategies most effectively navigate StyleGAN’s latent space to 

generate Egyptian monuments aligned with specific architectural specifications? 

• How does the deployment of DE optimization techniques impact latent space 

exploration enabling the discovery of seed populations that generate monuments 

aligned with descriptions? 

• Which optimization method is best at exploring the high-dimensional latent space 

to find optimal seeds for a specific monument type, architectural period, or style? 

4. How can noise control and truncation strategies optimize the trade-off between 

generation fidelity and architectural diversity for Egyptian monuments? 

• How do we find the appropriate truncation parameter range for Egyptian 

monument generation across monument types and stylistic periods to balance 

photorealistic fidelity and architectural diversity? 

• How do the different truncations of generated monuments affect their quality, 

architecture, and style? 

• What is the relationship between the noise control strategies, the architectural 

detail preservation, and the overall image realism of Egyptian monumental 

architecture? 

• How do systematic noise manipulation techniques affect the perceived 

authenticity and visual coherence of generated monument imagery?  
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5. What statistical evidence validates the performance improvements of the enhanced 

discriminator architecture compared to baseline StyleGAN3 (discussed later) 

implementations? 

• What improvements in various generation quality metrics, including FID, KID, IS 

(Inception Score), and Precision and Recall, does the enhanced discriminator 

achieve with respect to baseline architectures? 

• In what ways do bootstrap confidence intervals, McNemar’s test, and DeLong’s 

ROC analysis demonstrate statistical significance of observed performance 

differences between discriminator architectures? 

• What robustness improvements does the enhanced discriminator display across 

corruption types, adversarial perturbations, and frequency domain analysis? 

• How do the classification accuracy, error rates, AUC, and other metrics of the 

enhanced discriminator compared to baseline implementations in distinguishing 

authentic from generated monument images? 

Research questions give us a systematic way towards adapting and optimizing 

StyleGAN for generating Egyptian monuments. Challenging issues are tackled at the 

Discriminator architecture design, Semantic alignment optimization, Latent space 

exploration, Quality-diversity trade-offs, and Statistical validation of the framework. The 

various bits of research carried out and presented in the paper are useful towards 

personalized generative modeling. Applications may span cultural heritage preservation, 

virtual reconstruction, and educational content creation. 
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1.4 Research Objectives 

This study focused on leveraging StyleGAN to create photorealistic images of 

Egyptian monuments. A closer look was taken at architectural optimization and image 

manipulation techniques. Our research was guided by the following objectives: 

• To create and assess a StyleGAN Framework specialized in producing Egyptian 

Monuments capable of generating visually appealing and culturally representative 

models that possess the distinctive features of these cultural heritage assets; 

• To compare the impact of the discriminator architecture of StyleGAN on the quality 

of the generated images;  

• To determine the best complex settings of the discriminator in order to capture the 

details of the decorative elements and the overall design of Egyptian monuments; 

• To measure the performance of our architectural improvements using FID, KID, IS, 

and precision-recall curves, along with rigorous statistical validation using bootstrap 

confidence intervals, McNemar’s test, and DeLong’s ROC to quantify significance; 

• To build and analyze SigLIP to create semantics between text and images through the 

example of Egyptian monuments; 

• To compare the results of SigLIP with these standard CLIP models in terms of which 

one allows better control over the generated monument attributes; 

• To implement DE for latent-space optimization in monument generation; 

• To systematically study the effect of truncation parameters on the quality-diversity 

trade-off of the generated Egyptian monuments; 

• To assess specialized techniques for reducing noise that maintain architectural details 

without introducing intrusive alterations; 
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• To develop guidelines for noise control to achieve maximum visual quality and 

perceived authenticity through the generation of monuments; 

• To have a methodology that involves a robust evaluation against various corruption 

technique (e.g., JPEG compression, Gaussian blur, added noise, salt and pepper noise, 

and motion blur); 

• To carry out a complete robustness evaluation across different quality evaluation 

dimensions: robustness against corruption/faults, frequency domain (multi-scale 

feature learning), semantic perturbation (lighting, style, perspective invariance), and 

adversarial robustness. 

With these objectives in mind, we thoroughly studied the adaptation and 

optimization of StyleGAN for the generation and detection of Egyptian monuments. 

1.5 Organization of Dissertation 

The remainder of this dissertation is organized as a structured progression that 

guides the reader through the research process, findings and implications. Chapter 2 

discusses the related work by establishing the research context in reviewing the relevant 

literature in primary domains. Chapter 3 describes the research methodology and 

describes the technical approach used in this study. Chapter 4 presents the 

implementation and evaluation and presents the comprehensive results and analyses. 

Chapter 5 presents the comprehensive statistical results, including the quantitative 

performance metrics. Finally, Chapter 6 presents the conclusions and future directions of 

this study. The final chapter synthesizes the research findings and discusses their 

implications. 
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CHAPTER TWO 

LITERATURE REVIEW 
 
 
 

2.1 Generative Adversarial Networks 

2.1.1 Foundational Concepts 

Generative Adversarial Networks (GANs) were introduced by Goodfellow et al. 

[1] as a new method for performing general modeling. The basic idea of GANs is based 

on adversarial training, where two neural networks (generator and discriminator) are 

trained in a minimax game. While the generator attempts to create synthetic data like the 

target distribution, the discriminator seeks to differentiate real samples from generated 

ones. This adversarial process is formalized as: 

                  min
!
max
"

𝑉 (𝐷, 𝐺) = 𝔼𝑥 ∼ 𝑝𝑑𝑎𝑡𝑎(𝑥)[log𝐷 (𝑥)] + 𝔼#∼%!(#) :log ;1 − 𝐷>𝐺(𝑧)@AB              (2.1) 

where 𝐺 represents the generator, 𝐷 the discriminator, 𝑝{"#$#} the real data distribution, 

and 𝑝& the prior distribution from which the latent vectors are sampled [1]. 

Karras et al. [3] highlighted that this adversarial training method has serious 

issues with mode collapse, instability during training, and upscaling of high-resolution 

images. Owing to these challenges, many architectural innovations have been introduced 

to improve GANs.  

2.1.2 Architectural Innovations 

Several GAN architectures have introduced novel and unique features to the 

domain. Deep Convolutional GANs (DCGANs), introduced by Radford et al. [5], 

implement convolutional layers and batch normalization with leaky rectified linear unit 

(ReLU) activations to improve quality and stabilize training. Gulrajani et al. [56] also 
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improved this method by adding some regularization with a gradient penalty. Karras et al. 

[3] proposed the progressive growth of GANs (ProGANs). This proposal aims to solve 

the problem of generating high-resolution images by adding layers to both the generator 

and discriminator during training. This progressive method allows stable training at 

higher resolutions than ever before. Zhang et al.  [4] introduced self-attention GANs 

(SAGANs) that employed attention mechanisms to capture long-range dependencies in 

images to improve coherence in the generated content, notably for complex scenes with 

many objects. In this study, we applied deep learning-based techniques to the dynamic 

calibration of periodic or scrolling signals. We propose an automatic technique to 

calibrate a clock signal in an integrated circuit design.  

2.1.3 Evaluation Metrics 

The evaluation of GANs has evolved alongside architectural improvements. The 

IS quantifies the quality and diversity of the generated images. Salimans et al. [56] 

introduced this concept but noted the limitation of IS in capturing perceptual similarity 

with the training distribution. Heusel et al. [56] proposed the Fréchet Inception Distance 

(FID) – a more robust measure of generation quality – to compare the statistics of real 

and generated images in the feature space. Kynkäänniemi et al. [29] introduced the 

Precision and Recall metrics of GANs, which measure the quality and coverage of the 

learned distribution separately. These evaluation metrics are useful for improving the 

architecture and quantitatively comparing different GANs. 

2.1.4 Statistical Validation Methodologies 

Efron and Tibshirani [18] proposed the bootstrap method for estimating non-

parametric confidence intervals. They also developed a Bca approach that corrects for 
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systematic bias and skewness. Such distributional properties are common in GAN 

evaluations [23], [57]. McNemar [19] developed paired statistical tests for assessing 

whether the error patterns of two classifiers differ while DeLong et al. [20] extended this 

analysis to test whether the ROC curves of two classifiers differ. Cohen [21] devised 

effect size measures (Cohen’s d) to measure practical significance beyond p-values with 

d>0.8 considered large [21], [27], [54]. 

Hendrycks and Dietterich’s systematic protocols for corruption tests include 

JPEG compression [44], Gaussian blur [46], additive noise [45], and motion blur. All of 

these tests simulate real-world situations for heritage photography [33], [43]. According 

to Kaneko and Harada [8], injecting noise during training helps maintain discriminative 

performance even when it is severely degraded. As examined by Wang et al. [148], 

efficient discriminators can take advantage of multi-scale frequency information [149]. 

Härkönen et al. [49] discovered that interpretable latent directions for semantic attributes 

can be obtained via GANSpace. Goodfellow et al. [39] proposed FGSM for adversarial 

attacks that was later expanded by Madry et al. [40] using iterative PGD. Carlini and 

Wagner [41] stressed the need for a broad attack evaluation process, which is especially 

important in authentication [38], [42]. 

2.2 StyleGAN Architecture 

2.2.1 StyleGAN Development 

StyleGAN, developed by Karras et al. [2], includes elements from the style 

transfer literature that make significant modifications to the GAN architecture. The most 

notable innovation of StyleGAN is the mapping network that converts the input latent 

code into an intermediate latent space that controls the styles at different resolutions 
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using adaptive instance normalization (AdaIN). Authors also redesigned the original 

architecture of StyleGAN to address its drawbacks: the generator architecture was 

redesigned to eliminate the appearance of water droplets, the path length was regularized 

to enhance the latent-space properties, and the progressive growth model was redesigned. 

These changes led to better-quality images and a disentangled latent space. Karras et al. 

[3] later proposed StyleGAN3, which aims to solve aliasing problems that lead to the 

handling of image artifacts through latent codes. StyleGAN3 features a generator 

architecture free of aliasing, which achieves strong equivariance, enabling image 

transformations without quality degradation. 

2.2.2 Latent Space Properties and Manipulation 

Owing to their unique properties, the latent spaces of StyleGAN models have 

received considerable attention. Shen et al. [48] showed that this latent space can be 

traversed in semantically meaningful ways so that images can be meaningfully controlled 

by finding directions and modifying them in the latent space. Härkönnen et al. [49] 

proposed techniques for latent-space factorization, enabling the disentanglement of 

interpretable directions in the latent space without explicit supervision of the model. 

These methods facilitate the control of generation actions. Heyi et al. [150 propose a 

method for projecting real images into the latent space of StyleGANs for editing real 

images. This capability can significantly aid in image restoration and enhancement. 

2.2.3 Conditional Generation and Fine-tuning 

Patashnik et al. [52] created StyleCLIP to blend StyleGAN with CLIP for image 

manipulation using text input. By utilizing this strategy, we can manipulate the meaning 

of the generated images using text. Zhang et al. [144] explored techniques to fine-tune 
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pre-trained StyleGAN models on limited data and showed that domain adaptation can be 

achieved using little data. This is especially true for more specialized domains, such as 

those involving cultural heritage, where there may not be much training data. Wu et al. 

[51] proposed StyleSpace analysis techniques that allow for finer control of visual 

properties in generated images, permitting more accurate manipulation of features 

relevant to domains. 

2.3 GANs in Cultural Heritage Applications 

2.3.1 Monument and Artwork Generation 

Several studies have explored the application of GANs in cultural heritage. The 

unique features of a specific art style can be captured by image generation GANs. For 

example, GANs have been applied to generate historical art styles. Gao et al. [126] used 

GANs to generate realistic images of Chinese architectural heritage for application in 

architecture. Liu et al. [68] used StyleGAN to make complicated historical Chinese 

calligraphy images. The application shows that the model can learn fine-grained visual 

characteristics from the cultural domain. Sabatelli et al. [127] used GANs to generate art 

in specific, historical styles. They demonstrated that this generating ability is indeed 

possible. This study highlights how GANs can learn the visual grammar of culturally-

specific architecture and artistic forms. 

2.3.2 Digital Restoration and Reconstruction 

Zhang et al. [145] employed GANs to implement a procedure for virtual 

restoration of damaged artworks. The authors reconstructed the missing parts of the 

artworks based on the remaining parts. This application could be useful for the digital 

conservation and visualization of damaged cultural heritage objects. Nogales [151] used 
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generative models to reconstruct architecture in cases where only partial remains were 

available. Their GAN-based method visualized the complete structure from 

archaeological fragments. This application is relevant to Egyptian monuments, many of 

which are in partially preserved conditions. 

2.3.3 Virtual Access and Education 

In reference, Mehta et al. [122] explored the use of GAN-generated imagery for 

virtual tour experiences of cultural heritage sites to help improve accessibility and 

engagement of global audiences with historic monuments. According to Mulders et al. 

[152], GANs can generate cultural heritage images for various teaching scenarios.  The 

integration of GAN-generated imagery in education offers a great opportunity to teach 

history and architecture immersivity. 

2.4 Egyptian Monuments in Digital Contexts 

2.4.1 Digital Documentation and Preservation 

Most existing studies on Egyptian monuments in the digital realm are documented 

and 3D reconstructed. YastiklI et al. [152] surveyed the use of photogrammetry and laser 

scanning to gather detailed information on Egyptian monuments for the establishment of 

digital baselines. Basu et al. [153] describe techniques for acquiring the lighting and 

material properties of Egyptian monuments so that they can be digitally reconstructed 

accurately. The data from this type of analysis can be used to train generative models that 

replicate the spatial characteristics of the structures. 

2.4.2 Computer Vision Applications 

Barucci et al. [11] used computer vision to classify and analyze hieroglyphics 

appearing on Egyptian monuments, highlighting the feasibility of performing automatic 
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visual analysis in archaeology. Hassan et al. [10] studied the techniques of image-based 

localization with respect to Egyptian archaeological sites, which pose various challenges 

to image recognition. The unique visual characteristics of Egyptian monuments have 

been understood from these findings. 

2.4.3 Virtual Reconstruction 

According to Pietroni et al. [12], the virtual reconstruction of partially destroyed 

Egyptian temples is based on archaeological data and procedural modeling techniques. 

This shows that even if GANs are not practically used, generative methods for 

archaeological visualization could be useful. Pietroni [12] developed methodologies for 

the evidence-based virtual reconstruction of Egyptian architectural heritage. The creation 

of GAN models for the creation of Egyptian monuments considers these factors. 

2.5 Research Gaps and Opportunities 

The literature identifies some crucial gaps and opportunities that can be useful for 

this study: 

• Although StyleGAN architectures have proven their worth in several domains, 

including architectural heritage and Egyptian monuments, this has not yet been 

thoroughly investigated. 

• Existing methods for the digitization of Egyptian monuments have only focused on 

documentation and reconstruction, not on generative modeling. Therefore, there is a 

huge potential.  

• The unique appearance of Egyptian monuments, including their special architecture, 

hieroglyphics, and the materials they are made of, offers general modeling a 

challenge. 
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• The use of GAN-generated images of Egyptian monuments can have significant 

applications in cultural heritage, education, and virtual tourism. 

• The technical contributions of optimizing the discriminator architecture of StyleGAN, 

implementing semantic control methods, and improving quality diversity, etc., in 

generating Egyptian monuments and architecture, are discussed. 

• There is a lack of research on the discriminator part of StyleGAN. 

These identified gaps reveal a critical need for domain-specific architectural 

adaptations of StyleGAN for cultural heritage applications, particularly for Egyptian 

monuments. While existing work demonstrates the feasibility of generative approaches in 

heritage contexts, no prior research has systematically addressed the unique challenges of 

Egyptian architectural generation with comprehensive discriminator evaluation and 

statistical validation. This dissertation addresses these gaps through developing and 

evaluating methods based on StyleGAN for generating Egyptian monuments with 

corresponding discriminator architectures, image-text alignment methods, optimization, 

and noise control methods. 
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CHAPTER THREE 

METHODOLOGY 
 
 
 

3.1 Introduction 

The chapter on the intersection of Egyptian monumental architecture and AI 

examines the role of Generative Adversarial Networks (GANs) in the visual generation of 

Egyptian monuments. The methodology deals with the implementation, training, and 

evaluation of StyleGAN models for creating realistic artwork representing Egypt. The 

center of this technique is the adversarial training process that characterizes GANs, where 

two neural networks engage in competitive learning dynamics. Over the years, the 

generator network improved the creation of synthetic images of Egyptian monuments. 

Meanwhile, the discriminator network improved the ability to distinguish photos from 

generated images. The competitive relationship forces both networks to improve their 

characteristics. 

The methodology explains how StyleGAN was adapted to Egyptian monuments 

while also maintaining variety in architectural components and the quality of images. 

Through a range of parameter tuning and training techniques, including truncation 

optimization, we produced photos that were both realistic and architecturally authentic to 

the specifics of Egyptian monuments. 

The 1818aluation methods (FID, PR, and IS) and the evaluation of architectural 

authenticity were important parts of this study. The evaluation methods allow for the 

knowledge that a model has regarding a specific image subject. The methodology 

incorporates ethical concerns in response to issues raised regarding representing Egypt 
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culturally, repeating history, and the abuse of AI images. This study explores the use of 

generative algorithms in AI image generation for the architectural heritage and historic 

monuments of Egypt. 

3.2 Generative Adversarial Networks (GANs) 

In 2014, Goodfellow et al. proposed Generative Adversarial Networks (GANs) 

for unsupervised machine learning. GANs utilize an adversarial framework between a 

generator and discriminator (two distinct neural networks), which is vastly different from 

traditional feed-forward algorithms [1]. 

4.2.2 Fundamental Architecture 

The GAN architecture consists of two main components that work against each 

other. 

1. A generator network synthesizes fake data (in our case, images of Egyptian 

monuments) from random noise vectors. It takes random latent space vectors and 

generates images resembling the statistics and appearance of actual Egyptian 

monuments. 

2. The discriminator network is essentially a binary classifier that determines whether 

the input image belongs to the training dataset of real Egyptian monuments or is 

generated by the generator. The probability scores indicate the accuracy of the 

images. 

3.2.2 Adversarial Training Dynamics 

The competitive framework of the two networks is the key to the GAN concept. 

This relationship can be conceptualized as a minimax game: 
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• The generator attempts to make the discriminator think that its outputs are real so that 

the discriminator cannot distinguish them. 

• The goal of the discriminator is to maximize the accuracy of distinguishing between 

real and generated images. 

This adversarial system increases through continuous improvement: 

1. As the discriminator becomes more adept at detecting synthetic images, it provides 

more precise feedback to the generator. 

2. The generator uses this feedback to refine its outputs, producing increasingly 

convincing images of Egyptian monuments. 

3. As the generated images improve, the discriminator must further enhance its detection 

capabilities. 

As a result of this repetitive adversarial training, both the generator and 

discriminator improved over time. Eventually, the generator produced Egyptian 

monument images that maintained the original training samples’ architecture, culture, and 

visuals. 

3.2.3 Model Architecture 

A typical GAN architecture comprises two fundamental neural network 

components: a generator and discriminator. In the initial training phase, both networks 

randomly initialize the parameters. The generator transforms random noise vectors into 

synthetic data, whereas the discriminator evaluates both authentic examples from the 

training dataset and the artificial data produced by the generator. 
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Figure 3.1: GAN 

The GAN framework can be formalized as a minimax game where the generator 

𝐺 aims to minimize this objective while the discriminator 𝐷 aims to maximize it, creating 

the adversarial dynamics central to GAN training, represented by the following value 

function [42] [43]: 

                min
!
max
"

𝑉 (𝐷, 𝐺) = 𝔼𝑥 ∼ 𝑝𝑑𝑎𝑡𝑎(𝑥)[log𝐷 (𝑥)] + 𝔼#∼%!(#) :log ;1 − 𝐷>𝐺(𝑧)@AB                (3.1) 

where 

𝐺   the generator function; 

𝐷   the discriminator function; 

𝑉(𝐷, 𝐺)   the value function representing the objective of the GAN; 

𝑥   a real data sample from the training dataset; 

𝑧   a random noise vector sampled from a prior distribution (e.g., Gaussian); 

𝑝"#$#   the true data distribution; 

𝔼    the expected value. 

3.2.4  Training Phases 

The training alternated between two different phases: 

1. Discriminator Training: The discriminator learns to distinguish between real and fake 

data. It aims to minimize the classification errors. Specifically, it aims to:  
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• Identify real images as true (value 1) 

• Identify generated images as fake (value of 0) 

The discriminator optimizes its parameters to maximize 𝑉(𝐷, 𝐺), effectively 

maximizing the log probability of the correct classification of real and generated samples. 

2. Generator Training: The generator is improved to generate data that could deceive the 

discriminators. Its objective is to: 

• Create images that the discriminator thinks are real but are false 

• Minimize the term 𝔼&∼(((&) +log /1 − 𝐷2𝐺(𝑧)345 

In practice, to prevent gradient saturation during early training, the generator 

often maximizes 𝔼&∼(((&)6log𝐷 2𝐺(𝑧)37 rather than minimizes the original term. 

 

Figure 3.2: GAN Architecture 

For generating Egyptian monuments, the discriminator 𝐷 learns to differentiate 

between real architectural features like hierarchies, hieroglyphs, weathering, proportions, 

and artifacts from the generator.  
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3.2.5 Loss Function 

The loss function in a machine learning model serves as an indicator of its 

performance. The predictive accuracy of the model was evaluated by comparing its 

predictions with actual outcomes. In the case of a generative adversarial network (GAN), 

the loss function typically comprises two components: one associated with the generator 

and the other with the discriminator. 

The discriminator loss function measures the effectiveness of the discriminator in 

distinguishing between real Egyptian monument images and those generated by the 

generator model. It aims to maximize the probability assigned to real images while 

minimizing the probability assigned to the generated images. A well-performing 

discriminator produces values close to 1 for real monument images and values close to 0 

for generated images, thus minimizing the loss function. 

                           𝐿" = −𝐸𝑥 ∼ 𝑝𝑑𝑎𝑡𝑎(𝑥)[log𝐷 (𝑥)] − 𝐸#∼%!(#) :log ;1 − 𝐷>𝐺(𝑧)@AB                           (3.2) 

The generator loss function evaluates the success of the generator in creating 

images that deceive the discriminators. The generator aims to maximize the probability 

that the discriminator incorrectly classifies its output as authentic. 

                                                         𝐿! = −𝐸#∼%!(#)Elog𝐷 >𝐺(𝑧)@F                                                         (3.3) 

This formulation encourages the generator to produce Egyptian monument images 

that the discriminator misclassifies as real images. The objective of the generator is to 

minimize the loss function. These two components create an adversarial dynamic: 

• The discriminator tries to minimize 𝐿+, improving its classification accuracy. 

• The generator tries to minimize 𝐿, , enhancing its ability to create convincing 

Egyptian monument images. 
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Figure 3.3: Loss Function Plot 
 

The ultimate objective is to achieve equilibrium, where the generator creates 

Egyptian monument images such that the discriminator can perform no better than 

random guessing, effectively generating samples that are indistinguishable from authentic 

monument photographs [44], [45]. 

3.2.6 Generator 

A generator in a GAN transforms random noise or input vectors into data sampled 

similar to the training data distribution of the Egyptian monument. The architectural 

structural process gradually builds complex visuals through transformation. The typical 

generator architecture consists of some important parts that act in the following order: 

1. The process begins with a dense layer that maps random noise vectors (usually 

sampled from a Gaussian or uniform distribution) to a specific representation. 

2. The second path of the network deals with a process known as upsampling. The 

transposed convolutional layers are arranged such that the network can 

StyleGAN Loss Function

0

5

10

15

20

0 40 80 120 160 200

Lo
ss

Epochs

G Loss
D Loss



 25 

progressively upsample the low-dimensional latent representation into a high-

dimensional image. 

3. To stabilize training, normalization is usually followed by batch normalization in 

every transposed convolutional layer, which accelerates the process. 

4. After normalizing the output, nonlinear activation functions, mainly rectified 

linear units and leakyReLUs, were employed. 

5. The last layer uses the tanh or sigmoid activation function to provide a pixel value 

within the correct range for the image data. 

 

Figure 3.4: Summary of the Generator 

3.2.7 Discriminator 

The discriminator is an important evaluative component of the GAN, which acts 

as an expert classifier to distinguish between real Egyptian monuments and those 

generated by the generator. This neural network was trained to classify the input data as 

real or artificial. The structure of the discriminator usually has a sequence of convolutions 
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that downsample spatially and upsample feature-wise. The standard implementation 

includes the following steps: 

1. First is a series of convolutional operations which help identify whether an object 

exists in an image. The layers at the beginning capture simple features, such as edges 

and textures. More complex features, particularly those of Egyptian architecture, such 

as hieroglyphics, column shapes, and monumental scales, are found in deeper layers. 

2. After the convolution operations, the batch-normalization layers stabilize the learning 

process by normalizing the activations. The reduction in the internal covariate shift 

allows the use of considerably higher learning nonlinear activation function (usually 

Leaky ReLU with a low negative slope). This adds nonlinearity to the model. This 

helps the model learn complex patterns and prevents the dying ReLU problem. 

3. The four Dropout Layers randomly deactivate some neurons in the model during 

training to prevent overfitting and improve generalization. 

4. In the flattening operation, the feature maps obtained from multiple convolutional 

layers are transformed into a one-dimensional vector. 

5. Complex relationships between features are established using fully connected layers.  

6. The output layer contains a single neuron and uses a sigmoid activation function. The 

output layer compresses the final decision into a probability between 0 and 1. This 

indicates whether the input image is real or fake. 

During training, the discriminator alternates between analyzing real Egyptian monument 

images aiming to obtain output values close to 1 and evaluating generator-created images 

aiming to output values close to 0. 
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As training progresses, the discriminator becomes increasingly adept at spotting 

flaws in the generated images, including impossible spaces, lighting, and proportions 

specific to Egyptian monumental architecture. The generator relies on feedback from the 

discriminator for guidance and improvement, adapting to implicit suggestions regarding 

the unrealistic features and appearance of the generated Egyptian monuments. Through 

this feedback loop, the generator is gradually forced to generate increasingly convincing 

representations of Egyptian monumental architecture [47], [48], [49]. 

 

Figure 3.5: Summary of the Discriminator 

 

Figure 3.6: Model Architecture [148] 
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3.2.8 Evaluation and Iterative Refinement 

Evaluating StyleGAN models for the generation of Egyptian monuments requires 

both quantitative and qualitative assessments of the generated outputs. The objective of 

this multi-pronged evaluation strategy is to iterate the process to improve the quality and 

diversity of the generated imagery of the monument.The main metric for comparing the 

distribution of generated images of Egyptian monuments to real ones will be the Fréchet 

Inception Distance (FID). The mathematical formulation is expressed as follows [3]: 

                                    FID(𝑝, 𝑞) = HIµ% − µ)IH
*
+ Tr ;Σ% + Σ) − 2>Σ%Σ)@

+/*
A                                    (3.4) 

where 

FID(𝑝, 𝑞)   Fréchet Inception Distance between distributions 𝑝 and 𝑞 

µ( and µ-   mean feature vectors of distributions 𝑝 and 𝑞 respectively 

Σ( and Σ-   covariance matrices of distributions 𝑝 and 𝑞 respectively 

|| ⋅ ||.   squared Euclidean norm 

Tr(⋅)   the trace of a matrix 

2Σ(Σ-3
//.   the matrix square root 

A lower FID score indicates that the generated monument distribution is more 

similar to the authentic distribution, and an FID score of 0 implies a perfect match. This 

metric is meaningful in terms of how well the model can capture the different 

architectural styles and features of Egyptian monuments [2]. 

The IS provides an additional evaluation of the monument image generation 

because it measures quality and diversity:  

                                            𝐼𝑆(𝐺) = exp ;𝔼-∼%"E𝐷./>𝑝( 𝑦 ∣∣ 𝑥 ) ∥ 𝑝(𝑦)@FA                                            (3.5) 
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where 

𝐼𝑆(𝐺)  Inception Score of the generator 𝐺 

𝑥   an image generated by the generator 𝐺 

𝑝(𝑦|𝑥)  conditional class distribution of the Inception classifier given image𝑥 

𝑝(𝑦)  marginal class distribution of the InceptionV3 classifier 

𝐷{12}  Kullback-Leibler divergence 

𝔼3∼(0  expectation over images generated by 𝐺 

𝑒𝑥𝑝  exponential function 

Higher IS scores indicate that the image generated by the model is diverse and 

identifiable and can take multiple styles from different historic periods of the Egyptian 

monument. 

The ability to precisely measure the coverage of the learned distribution, with an 

emphasis on quality, can provide a better evaluation of the generative model. 

                              𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = #	34	567689:6;	<9=%>6<	:?9:	=9:@?	869>	;9:9	;A<:8ABC:A37
:3:9>	#	34	567689:6;	<9=%>6<

                              (3.6) 

                                𝑅𝑒𝑐𝑎𝑙𝑙 = #	34	869>	;9:9	;A<:8ABC:A37	<9=%>6<	@9%:C86;	BD	56:7689:38
:3:9>	#	34	869>	;9:9	;A<:8ABC:A37	<9=%>6<

                               (3.7) 

In practice, these values are approximated using nearest-neighbor calculations in 

feature spaces. This evaluation method is useful for identifying situations in which a 

model can have an excellent FID score but still suffers from low recall (high precision 

but mode collapse) or generates diverse samples that have low quality (high recall but 

low precision). 

Visual inspection occurs during the early stages of training, when quantitative 

metrics do not represent the perceptual quality of the images. As evidenced by the 
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example images from the initial epochs of training, the model has yet to learn what a 

coherent-looking monument structure is like. By this exhaustive evaluation strategy, the 

iterative refinement process enhances the model’s capability to generate true, diverse, and 

historically accurate representations of Egyptian monuments [3].  

 

Data Collection and Preparation 

This study used a combination of different complementary methods to create a 

composite database of the Egyptian monuments. The primary data sources included the 

following: The primary data source was the Egypt Monuments Dataset (222MB; 

available on Kaggle); this source provided a curated base for the monument images. The 

key features of the collected dataset are as follows: 

• The dataset size was approximately 5,000. 

• Different formats were standardized in the preprocessing step; resolution was 

standardized to 256×256 during the preprocessing of the inputs. 

• There was a diverse inclusion of ethnicities, cultures, and countries in a global 

content context. 
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• Images includes pyramids, temples, obelisks, sphinxes, and other architectural 

elements of Egypt. 

3.3.1 Ethical usage 

Several measures were taken to ensure the quality and ethical use of the dataset: 

• We developed a method to remove duplicate images in any format; this ensures that 

the standard is maintained. The images will be inspected. 

• Public domain verification was performed. 

• Data was handled ethically, according of the various data collection platforms. 

The dataset is so comprehensive that it comes from multiple sources and pertains 

to different types of monuments in Egypt. Thus, it will provide an excellent training set 

for the StyleGAN model to generate authentic images of monuments. 

3.3.2 Color Space Normalization 

We removed the alpha channels where applicable and converted all images to 

RGB in order to standardize the colors of the dataset. For images with alpha channels, 

this involved either alpha compositing against a white background or direct channel 

removal from the image. 

                                                              𝐼RGB = 𝑓conversion>𝐼original@                                                            (3.8) 

3.3.3 Dimensional Standardization 

The bilinear interpolation method was used to resize all images to 256 × 256 

pixels. The resizing operation can be mathematically formulated as: 

                               𝐼resized(𝑥E, 𝑦E) = ∑ ∑ 𝐼original(⌊𝑥⌋ + 𝑖, ⌊𝑦⌋ + 𝑗)+
FGH

+
AGH ⋅ 𝑤(𝑖, 𝑗, α, β)                              (3.9) 

where 

𝐼original, 𝐼resized  original, resized images; 
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𝑤(𝑖, 𝑗, α, β)  bilinear interpolation weights;  

𝑤(𝑖, 𝑗, α, β)  =	(1 − α)/45 ⋅ α5 ⋅ (1 − β)/46 ⋅ β6; 

𝛼, 𝛽    fractional parts of the source coordinates; 

α	   	 =	𝑥 − ⌊𝑥⌋; 

β		 	 		 =	𝑦 − ⌊𝑦⌋; 

𝑥, 𝑦   source coordinates  

(𝑥′, 𝑦′): 𝑥 	 		 = 𝑥7 ⋅ 𝑆3 ,	  

𝑦			 	 		 =	𝑦7 ⋅ 𝑆8 

𝑆3, 𝑆8    scaling factors in x and y directions 

3.3.4 Pixel Intensity Normalization 

To ensure that the gradient behaved consistently during training, the pixel values 

were normalized to between 0 and 1. 

                                                           𝐼normalized(𝑥, 𝑦) =
Iresized(-,D)

*KK
                                                           (3.10) 

3.3.5 Data Storage Format 

The standardized images were converted to the TFRecords format, a binary 

storage format useful for handling training data in TensorFlow-based models such as 

StyleGAN3. This format has several advantages: 

1. Efficient serialized binary storage is supported. 

2. Optimized I/O performance for training purposes. 

3. Preprocessing overhead during training iterations is reduced. 

4. Parallel data loading and prefetching is supported. 
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The training process was bottlenecked owing to the slow read speeds of the 

datasets, which was solved by using TFRecords. A preprocessing pipeline was designed 

and developed to allow the StyleGAN model to receive consistent inputs. This is said to 

influence the training dynamics and convergence [3].  

 

Figure 3.8: StyleGAN Data-processing Pipeline 

3.4 Training Configuration 

To determine whether the improved StyleGAN model could produce images of 

Egyptian monuments, experiments were conducted. The model was trained on a 

specialized dataset to improve the generation of Egyptian landmarks and enhance the 

image quality. The StyleGAN model, pretrained on an extensive dataset, used its prior 

learning to improve certain details of Egyptian monuments. We were able to manipulate 

facial expressions, pyramids, and architectural details.  [2]. 

The experimental process involved fine-tuning of hyperparameters, 

implementation of progressive growth techniques, data augmentation, and calculation of 

performance metrics to evaluate the quality, diversity, and authenticity of the generated 

Egyptian monument images. This study aimed to indicate, through qualitative and 
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quantitative evidence, that the StyleGAN model generates convincing images of Egyptian 

monuments that closely resemble photographs of actual Egyptian monuments. 

3.4.1 Training Configuration 

The following configurations were used for fine-tuning: 

• Base Model: stylegan3-t. 

• The model was trained for a total of 25,000 iterations (approximately 7 days on 2 

NVIDIA A100 GPUs (40GB memory each)). 

• The batch size was set to 16 and the learning rate to 0.002 with adaptive discriminator 

augmentation strength. 

3.4.2 StyleGAN Generator and Discriminator Training Process 

The process of training StyleGANs is like that of GANs; the framework is 

adversarial and consists of a generator and discriminator. The training methodology is 

formalized in this overview. 

The forward pass takes random noise vectors (sampled from a predefined noise 

distribution z~p_z(z)) after producing synthetic images, and the generator network G uses 

these vectors. 

                                                             𝐺(𝑧) → synthetic image                                                             (3.11) 

The D is fed these fake images and evaluates these images to output the following 

probability: 

                                                                   𝐷>𝐺(𝑧)@ ∈ [0,1]                                                                  (3.12) 

The objective of the generator is to maximize the probability that the 

discriminator misclassifies its synthetic outputs as authentic ones. Formally, the generator 

loss function 𝐿,  is defined as: 
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                                                      𝐿! = −𝐸#∼%!(#) :log ;𝐷>𝐺(𝑧)@AB                                                     (3.13) 

To minimize this loss function, backpropagation was employed to compute the 

gradients with respect to the generator parameters θ, . The parameters are then updated 

using gradient descent as follows (where η denotes the learning rate): 

                                                                θ! ← θ! − η∇L#𝐿!                                                                 (3.14) 

 

Figure 3.9: Early Stage of Generating Images Trained 1000 Times 

The discriminator network 𝐷 was trained using both authentic images from the 

real data distribution 𝑝"#$#(𝑥) and synthetic images produced by the generator. The 

objective of the discriminator was to correctly classify the two types of images. 

1. For real images 𝑥 ∼ 𝑝"#$#(𝑥),𝑚𝑎𝑥𝑖𝑚𝑖𝑧𝑒𝐷(𝑥) 

2. For generated images 𝐺(𝑧)𝑤ℎ𝑒𝑟𝑒	𝑧 ∼ 𝑝&(𝑧),𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒𝐷2𝐺(𝑧)3 

This dual objective is formalized using a discriminator loss function: 

                        𝐿" = −𝐸𝑥 ∼ 𝑝𝑑𝑎𝑡𝑎(𝑥)Elog>𝐷(𝑥)@F − 𝐸#∼%!(#) :log ;1 − 𝐷>𝐺(𝑧)@AB                         (3.15) 
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Like the generator training process, the gradients of 𝐿+ with respect to the 

parameters of the discriminator 𝜃+ are computed through backpropagation, and the 

parameters are updated via gradient descent, as follows: 

                                                                 θ" ← θ" − η∇L$𝐿"                                                                (3.16) 

The generator and discriminator training processes were repeated. At theoretical 

equilibrium, the generator generates samples similar to the real data, and the 

discriminator produces a probability output that indicates that it cannot distinguish 

between real and fake data [1]. StyleGAN builds on this foundation by introducing a 

style-based architecture with a mapping network and using progressive growth, resulting 

in improved quality and a greater degree of control over the generated images [2]. 

3.5 Discriminator Architectural Analysis 

The StyleGAN discriminator's Convolutional Neural Network (CNN) is complex 

and specifically designed to distinguish between real and fake images. The hierarchy in 

the discriminator allows for the discovery of different and specific features. 

3.5.1 Convolutional Layers 

The discriminator consists of sequential convolutional layers that extract features 

from images in a hierarchical manner. 

                                                            Conv(𝑥) = σ(𝑊 ∗ 𝑥 + 𝑏)                                                           (3.17) 

where 𝑊 denotes the convolutional kernel, ∗ denotes the convolution operation, 𝑏 

denotes the bias term, and σ denotes the activation function. These layers employ: 

• Convolution Operations: Extract progressively complex features (edges → textures 

→ patterns) 
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• Leaky ReLU Activation: Defined as 𝑓(𝑥) = max(α𝑥, 𝑥) where 	𝑥 is typically 0.2, 

allowing gradient flow even for negative inputs 

• Reducing the size of an image while increasing its feature depth (10 words) 

Residual blocks are used in StyleGAN3 to improve the gradient flow stability 

during training: 

                                                                  𝐹(𝑥) = ℋ(𝑥) + 𝑥                                                                 (3.18) 

The identity shortcut connection is denoted by 𝑥 whereas the mapping to be learned 

through the convolutional layers is denoted by ℋ(𝑥). The use of this architecture 

improves the deepening of networks and the vanishing gradient problem [59]. 

3.5.2 Minibatch Standard Deviation Layer 

The StyleGAN discriminator has a unique layer called the minibatch standard 

deviation layer, which tackles mode collapse by computing statistics over minibatches: 

                                           σbatch =
+

MNO
∑ ∑ ∑ (𝑥7?P − µbatch)*O

PG+
N
?G+

M
7G+                                            (3.19) 

where N represents the batch size and H and W refer to the spatial dimensions. In this 

layer, the computed standard deviation of the feature maps at each spatial location is 

concatenated to the input. This can provide global statistical information to the 

discriminator. 

                                                             𝑦 = concat(𝑥, σbatch ⋅ 1)                                                             (3.20) 

where 1 is a tensor with appropriate dimensions. 

3.5.3 Fully Connected Layers 

Feature extraction transforms the input into binarized data, with interpretability 

through visualization based on the pixel-space areas of the attributed output. 

                                                                  𝑦 = σ(𝑊Q𝑥 + 𝑏)                                                                  (3.21) 
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where 𝑊 is the weight matrix, 𝑥 represents the flattened input features, and 𝑏 is the bias 

vector. 

 

3.5.4 Output and Loss Function 

The output layer generates a scalar authenticity score, which is usually processed 

with the sigmoid function, as shown below: 

                                                               𝐷(𝑥) = 𝜎(𝑧) = +
+R6%!

                                                              (3.22) 

During training, the discriminator optimizes the non-saturating logistic loss function 

as follows: 

• For real images (𝑥real): 𝑚𝑎𝑥 𝔼 E𝑙𝑜𝑔>𝐷(𝑥real)@F 

• For generated images (𝐺(𝑧)): 𝑚𝑎𝑥 𝔼 :𝑙𝑜𝑔 ;1 − 𝐷>𝐺(𝑧)@AB 

The discriminator architecture is an important advancement in GANs, especially its 

ability to detect fine artifacts that were previously discovered in edges. The minibatch 

standard deviation layer was introduced to counter mode collapse, which is a failure 

mode of GAN training, where the generator produces only a few modes of outputs [2]. 

Major architectural updates to the StyleGAN discriminator improved its feature 

extraction capability, resulting in greater training stability and generalization. The 

mathematics behind the enhanced discriminator architecture and its technical analysis 

were studied. 
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Figure 3.10: Flowchart Of the Original Discriminator Architecture 

3.6 Enhanced StyleGAN Discriminator Architecture 

3.6.1 Noise Injection 

We injected noise into the discriminator to add variability to its output. It is added 

to the input features during training according to the Gaussian noise: 

                                                𝑥noisy = 𝑥 + α ⋅ ϵ	 where	 ϵ ∼ 𝒩(0, 𝐼)                                                (3.23) 

where α and ε are selected from a standard normal distribution. The networks learn 

features that are not uniquely constrained to the training datasets owing to this 

perturbation. 

3.6.2 Dropout Integration 

The architecture applies a dropout to prevent overfitting, which turns off random 

neurons during training. 

                                                𝒴 = Dropout(𝑥) + 𝑥 ⋅ Bernoulli(1 − 𝒫)                                               (3.24) 
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where 𝒫 represent the dropout rate. This technique prevents the co-adaptation of feature 

detectors, leading to more independent and robust feature extraction methods. 

3.6.3 Additional Convolutional Layer 

By adding a third convolutional layer, the discriminator improves its capability to 

extract features pertaining to different scales. This extension detects fine textures and 

artifact properties of generated images. 

3.6.4 Squeeze-and-Excitation (SE) Block 

The SE block explicitly models the channel interdependencies through two 

operations as follows: 

1. Squeeze: Global average pooling compresses the spatial information into channel 

descriptors. This operation is computed as follows: 

                                                      𝒵𝑐 = +
N×O

∑𝑖 = 1N ∑ 𝑥@(𝑖, 𝑗)O
FG+                                                       (3.25) 

2. Excitation: Two fully connected layers learn the channel-wise weights. This operation 

is computed as follows: 

                                                     𝑠@ = σ(𝑊* ⋅ δ(𝑊+ ⋅ 𝑧@ + 𝑏+) + 𝑏*)                                                    (3.26) 

where 𝜎 is the sigmoid activation, δ is typically a ReLU, and 𝑊/, 𝑊., 𝑏/, 𝑏. , and are the 

learned parameters.  

3. Scale:Channel-wise scaling is a method of recalibrating feature maps that emphasizes 

certain channels that are informative and suppresses those that are not. Thus, the 

representation of the discriminator is greatly enhanced. 

                                                                       𝑥@~ = 𝑥@ ⋅ 𝑠@                                                                       (3.27) 

3.6.5 ResNet-style Skip Connections 

Skip connections facilitate improved gradient flow through the network. 
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                                                                     𝑦 = ℱ(𝑥) + 𝑥                                                                     (3.28) 

This formulation mitigates the vanishing gradient problem in deeper networks and 

enhances training stability and convergence speed. 

3.6.6 Enhanced MinibatchStdLayer 

Our enhanced formulation extends [2] by incorporating variance computation and 

adaptive group sizing. The updated MinibatchStdLayer tackles mode collapse by 

calculating the standard deviation between instances. Standard deviation calculation for 

the minibatch feature tensor 𝑋 ∈ 𝑅9×;×<×= is as follows: 

First is the mean calculation per channel: 

                                                     µ@ =
+

M⋅N⋅O
∑ ∑ ∑ 𝑋7,@,A,FO

FG+
N
AG+

M
7G+                                                      (3.29) 

Then standard deviation is calculated per channel: 

                                          σ@ = � +
M⋅N⋅O

∑ ∑ ∑ >𝑋7,@,A,F − µ@@
*O

FG+
N
AG+

M
7G+ + ϵ                                         (3.30) 

where 𝜖 =104>ensures numerical stability. 

The layer optionally computes variance as: 

                                    Var𝑐 = σ@* =
+

M⋅N⋅O
∑𝑛 = 1M ∑ ∑ >𝑋7,@,A,F − µ@@

*O
FG+

N
AG+                                     (3.31) 

The effective group size was adjusted adaptively as follows: 

                                                                  𝐺644 = min(𝐺,𝑁)                                                                 (3.32) 

                                                         𝐺644 = �𝐺, 𝑖𝑓	𝑁	𝑚𝑜𝑑	𝐺 = 0
𝑁, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                         (3.33) 

The final output tensor dimensions depend on whether the variance is included. 

                                                  𝑋out ∈ ℝM×(YR*)×N×O (with variance)                                                  (3.34) 

                                                𝑋out ∈ ℝM×(YR+)×N×O (without variance)                                               (3.35) 

 The layer calculates the standard deviation across a minibatch of size 𝑁: 
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                                                         Stddev = �+
M
∑ (𝑥7 − µ)*M
7G+                                                          (3.36) 

where 

𝑁  minibatch size 

𝑥?  feature values at a specific spatial location for the 𝑛th sample 

µ  mean value across the minibatch for that spatial location 

This calculation measures the extent of variation among the samples in a batch are 

less varied. The discriminator can use this lack of variety in the generated pictures to 

identify a pattern. More commonly, mode collapse indicates a lack of variation.  After 

calculating the standard deviation, this information was added to the initial input features. 

                                                                 𝑋out = [𝑋in,Stddev]                                                                 (3.37) 

By linking the average and variance features, we obtained a feature representation 

that enabled the discriminator to become more adept at distinguishing the generated 

images. The strengths and weaknesses of this concatenation are discussed in the 

following sections. The MinibatchStdLayer is a mathematical presentation of one 

solution to mode collapse. It provides the discriminator with useful information regarding 

the variability of features across samples. This helps the discriminator better distinguish 

diverse real images from potentially homogeneous generated images [2]. 
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Figure 3.11: Flowchart of the Enhanced Discriminator Architecture 

 

Figure 3.12: Results of the Enhanced Discriminator Architecture  
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CHAPTER FOUR 

IMPLEMENTATION AND OPTIMIZATION 
 
 
 

4.1 Introduction 

In this chapter, the data presented is used for a practical experiment in improving 

existing data, optimizing a new generative style of architectural creations, and gaining 

further insight into what can be achieved with AI and monument construction. In this 

phase, some of the key parts of the societal building process come together, are analyzed, 

and are assessed. The framework involves a new way of discrimination by implementing 

blocks to enhance the quality of the outputs. The chapter tested several new architectural 

ideas on a large collection of photos of Egyptian monuments resulting in greatly 

improved performance of the "generation model" to create fake images by alternating 

between generating images and recording how well those images compared to real ones. 

The chapter is structured to provide comprehensive detail about the 

implementation procedure. In the fourth section, we deliver numerical evaluation results 

utilizing three widely accepted metrics which include FID, IS, and Precision-Recall and 

then compare their improved discriminator against a baseline measure of the StyleGAN3 

system. Section 4.3 focus into effective management techniques of interruption and 

artificial modifications for reductions in architectural discretion. Section 4.4 uses SigLip 

to measure the accuracy of text-image-alignment, setting forth a framework for the 

assessment of coherence in this specific process. The topic of section 4.5 has to do with 

the application of DE optimization to the resource of exploration. Doing so was found to 
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have an overall positive effect, with accuracy showing continuous increase. Section 4.6 

aims to combine the practical results from this measurement into a bigger picture. 

This chapter promotes the introduced architectural enhancements based on 

experimental verification and compilation. Studying the differences in generator 

architectures reveals that some results produce significantly fewer errors than other 

methods, allowing us to find a working solution in much less time and understand why 

certain may not work as well as other run iterations. 

4.2 Implementation Results 

The StyleGAN models for generating Egyptian monuments were evaluated for 

their quality, diversity, and latent space properties using various quantitative metrics. The 

analysis used the support of TensorFlow and PyTorch frameworks, which have extensive 

support for GAN implementation and evaluation [60][61]. The model performance was 

evaluated using three main metrics. 

4.2.1 Fréchet Inception Distance (FID) 

FID determines the similarity between the distributions of real and generated 

images by measuring the Wasserstein-2 distance between multivariate Gaussian 

distributions fitted to their feature representations [39], as follows: 

                                  FID = HIµ8 − µ5IH
*
+ Tr ;Σ8 + Σ5 − 2>Σ8Σ5@

+/*
A                                   (4.1) 

where µ@ ,  µA represents the mean feature vectors and Σ@ , ΣA represents the covariance 

matrices for the real and generated images, respectively. Lower FID scores indicate 

generated distributions that are closer to real data distributions, with the evaluation 

conducted across 50,000 samples (fid50k_full). 
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Figure 4.1: FID Score Comparison between Default and Custom discriminators 

4.2.2 Inception Score (IS) and Precision-Recall 

The IS evaluates both the quality and diversity by measuring the Kullback-Leibler 

divergence between the conditional and marginal class distributions as follows: 

                                     𝐼𝑆(𝐺) = exp ;𝔼-∼%"E𝐷./>𝑝( 𝑦 ∣∣ 𝑥 ) ∥ 𝑝(𝑦)@FA                                    (4.2) 

where 
G   Generator model 

x ∼ 𝑝A   Generated images sampled from G 

p(y | x) Class probabilities for a pretrained classifier for image x 

p(y)   Overall label distribution across all generated images 

𝐷12 (p(y | x) ǁ p(y)) KL divergence measuring how distinct each image’s class 
distribution is from the overall distribution 

E[·]   Expectation (average) over all generated images. 

exp(·)   Exponential to keep the score positive and interpretable. 
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 Higher IS values in the enhanced discriminator indicate that the generated images 

are both high-quality and diverse. Enhanced Discriminator has a better inspection score 

difference: 0.60 (12.0%). 

 

Figure 4.2: IS Score Comparison between Default and Custom discriminators 

Precision-recall evaluation offers a more comprehensive assessment of generative 

models by measuring two distinct aspects. 

• Precision: Measures quality of generated content (authenticity of Egyptian 

monuments with minimal artifacts) 

• Recall: Measures coverage of the learned distribution (diversity of architectural styles 

and monument types) 

These metrics are calculated through nearest-neighbor comparisons in the feature space 

and provide crucial insights that single metrics, such as the FID, may miss. This approach 

effectively identifies common failure modes such as mode collapse (high precision but 

low recall) or diverse but poor-quality outputs (high-recall but low-precision).  The 

enhanced discriminator produces higher-quality outputs and achieves better coverage of 

the data distribution, while both models demonstrate similar overall performance. 
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Figure 4.3: Precision–recall score comparison 

4.2.3 Evaluation Results 

The quantitative assessment showed that there was an improvement in 

performance owing to architectural changes.  

Table 4.1: Evaluation results 
 

Model FID ↓ IS ↑ Recall ↑ Precision ↑ 
StyleGAN3 33.3 4.98 0.13 0.34 
Enhanced StyleGAN3 24.21 5.58 0.19 0.41 

  
The model with the fine-tuned discriminator architecture is the best one in all 

metrics. It was found that noise injection, addition of SE blocks, and an improved 

MinibatchStdLayer allowed the network to classify realistic Egyptian monument images 

with more diversity among generated images. 

1. 27.5% reduction in FID compared to default model (33.3 → 24.21) 

2. 12.0% improvement in latent space smoothness as measured by IS (4.98→ 5.58) 
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3. 38.1% substantial gains in precision and recall metrics, indicating both higher quality 

and improved diversity 

4.3 Noise Control Strategies 

This study implemented systematic noise control strategies to enhance the visual 

quality and perceived realism of the generated Egyptian monument images. Central to 

this approach is the exploration of truncation in the latent space, a technique that 

modulates the trade-off between image fidelity and diversity [55]. 

4.3.1 Mathematical Formulation of Truncation 

StyleGAN truncation modifies the sampling distribution in the latent space based 

on certain criteria: 

                                                     𝑤E = 𝑤� + ψ(𝑤 −𝑤�)                                                      (4.3) 

where 

𝑤  latent code that is initially sampled from 𝑊	space 

𝑤k   mean latent vector in the training distribution 

ψ  truncation parameter regulating deviation from the mean 

𝑤7  truncated latent code used for image generation 

4.3.2 Experimental Analysis of Truncation Effects 

A comprehensive analysis was conducted by systematically varying the truncation 

parameters (ψ) between 0.1 and 1.0, with the following observations [2]: 

1. Low Truncation Values (0.1-0.3) [48]: 

• Produced highly photorealistic monument images 

• Enhanced visual quality and reduced artifacts 

• Exhibited limited architectural diversity 
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• Generated samples clustered near modes of the training distribution 

2. Medium Truncation Values (0.4-0.7): 

• Aligned with findings from similar cultural heritage applications [3] 

• Achieved optimal balance between fidelity and diversity 

• Image quality was maintained, and architecture varied 

• ψ=0.7 was found to be particularly efficient 

• Results are consistent with those of similar studies [3] 

3. High Truncation Values (0.8-1.0): 

• Maximized architectural diversity and creative variations 

• Increased likelihood of artifacts and unrealistic features 

• Generated examples explored broader regions of the latent space 

• Occasional appearance of novel architectural combinations 

 

Figure 4.4: Noise control Application 
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4.4 Image-Text Alignment 

Researchers used sophisticated learning and tools to assess the visual semantic 

alignment of Egyptian monuments and texts. This study relates particularly to the use of 

VQA (Visual Question Answering). This was done using SigLIP (Sigmoid Loss for 

Language-Image Pre-training), a modified CLIP model for better performance in cross-

modality alignment tasks. 

4.4.1 Mathematical Foundation of SigLIP 

SigLIP improves the CLIP architecture by using a sigmoid-based loss function 

instead of the contrastive version, resulting in more stable and effective training 

dynamics. The basic mathematical structure for measuring image-text alignment is based 

on the Euclidean distance between normalized embedding vectors [52], [57]: 

                               Error = �normalize ;𝑓img(𝐼)A − normalize>𝑓text(𝑇)@�
*
                               (4.4) 

where 

𝑓img(𝐼)  image embedding vector 

𝑓text(𝑇)  text embedding vector 

‖⋅‖.  𝐿2 norm between the normalized vectors 

The semantic difference between the image of the generated monument and its 

corresponding text is measured by this distance. 

4.4.2 SigLip Implementation  

The implementation used a pre trained SigLIP model (siglip-base-patch16-224) 

with the following components [53]. The text-processing pipeline changes the description 

of the target, that is, “A photo of King Tutankhamun” into a tokenized input. Text 

embeddings are then obtained using the SigLIP encoder. 
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Figure 4.5: SigLip Architecture [53] 

SigLip outperformed CLIP by a significant margin when evaluating picture-

concept pairs from the Tutankhamun dataset. It achieved a 95% accuracy score, whereas 

CLIP achieved a score of 30% only. However, it should be noted that CLIP processes 

more quickly. 

 

Figure 4.6: SigLip Identification 
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Table 4.2: SigLip and CLIP comparison 

Model SigLip  CLIP  
Top Match A photo of King Tutankhamun A photo of King Tutankhamun 
Max Score 0.999 0.302 

Tutankhamun? YES YES 
Processing Time 0.052s 0.025s 

 
SigLIP’s accuracy is a lot better than hard negative mining (95% vs. 30%). In cultural 

heritage applications where accuracy matters more than speed, this trade-off is 

acceptable. Unlike CLIP, SigLIP employs a sigmoid loss formulation designed to better 

discriminate the similarities between monuments themselves. 

4.5 Differential Evolution (DE) 

The use of Differential Evolution (DE), an optimization algorithm of the 

evolutionary kind, which aids in exploring the latent space, was utilized to improve the 

generated Egyptian monument images to resemble the text more closely [56]. This 

method systematically searches the seed space for optimal values that produce images 

that are most aligned with the target [59]. 

4.5.1 Mathematical Formulation 

The DE algorithm performs latent space optimization in a structured manner [57]: 

1. Initialization: The algorithm starts with a randomly initialized population of seed 

candidates. 

                                                        𝑃H = 𝑠+, 𝑠*, … , 𝑠M&                                                       (4.5) 

where 𝑁( represents the population size. Each seed was evaluated using an error function 

based on the StyleGAN3 generation and SigLIP similarity: 

                             𝐸(𝑠A) = Hnormalize ;𝑓img>𝐺(𝑠A)@A − normalize>𝑓text(𝑇)@H
*
                             (4.6) 
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The best seed 𝑠best is identified as having minimal error: 

                                                      𝑠best = argmin
<'∈[

𝐸 (𝑠A)                                                     (4.7) 

2. Mutation: For each seed 𝑠5 in the population, a mutant vector 𝑣5 is generated: 

                                                   𝑣A = 𝑠8+ + 𝐹 ⋅ (𝑠8* − 𝑠8\)                                                  (4.8) 

where	𝑠@/, 𝑠@., 𝑠@B are randomly selected seeds (distinct from 𝑠5) and 𝐹 is the mutation 

factor (typically 0.5-0.8) controlling exploration scale 

3. Crossover: The mutated seed 𝑣5 is combined with the original seed 𝑠5 through 

crossover: 

                                      𝑐A
F = �

𝑣A
F , 𝑖𝑓	𝑟𝑎𝑛𝑑(0,1) ≤ 𝐶𝑅	𝑜𝑟	𝑗 = 	 𝑗897;
𝑠A
F , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                                      (4.9) 

where	𝑗 indicates the dimension index, 𝐶𝑅 represents the crossover probability (typically 

0.7-0.9), and 𝑗rand is a randomly selected dimension to ensure at least one parameter from 

𝑣5 is used 

4. Selection: The candidate seed 𝑐5 is evaluated: 

                           𝐸(𝑐A) = �normalize ;𝑓img>𝐺(𝑐A)@A − normalize>𝑓text(𝑇)@�
*
                          (4.10) 

The seed with the lowest error was selected for subsequent generations. 

                                             𝑠A76P = �𝑐A	, 𝑖𝑓	𝐸
(𝑐A) =< 𝐸(𝑠A)

𝑠A	, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                              (4.11) 

This process iteratively refines the population towards optimal solutions that 

minimize the alignment error between the generated image and the target description. 

The integration of DE optimization further reduced alignment error by 8-15% across 

different monument types. 
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4.6 Summary of Implementation Findings 

As such, we can observe the implementation results and optimization strategy of 

the upgraded StyleGAN3 discriminator architecture for Egyptian monument generation. 

The results from the experiment affirm the theory proposed in Chapter 3. The results 

equally show statistically significant improvement over a number of evaluation 

dimensions. Furthermore, the results give practical insight into the optimization of 

generative models in specialized domains. 

 

Figure 4.7: Image after DE optimization 

4.6.1 Quantitative Performance Achievements 
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The upgraded architecture of the discriminator showed remarkable improvement 

in all major metrics. The numbers outline a clear advantage over the baseline 

StyleGAN3. 

• Fréchet Inception Distance (FID): The updated design lowered FID from 33.3 to 

24.21, an improvement of 27.5%. This reduction shows much better perceptual 

quality and more similar distribution between the generated Egyptian monuments and 

the real ones. The magnitude of this improvement exceeds typical gains in general-

domain GAN research, indicating that domain-specific discriminator improvements 

have particularly large benefits for architectural images. 

• Inception Score (IS): The improved model received an IS of 5.58 whereas the 

baseline received an IS of 4.98, an improvement of 12.0%. There is an enhanced 

smoothness in the latent space and a better quality-diversity trade-off. The 

improvement in both the FID and IS metrics, which sometimes show a negative 

correlation, shows that the architectural changes are effective in multi-generation 

objectives. 

• Precision-Recall Metrics: The new structure showed improvement in terms of 

precision (0.34 to 0.41, 20.6% improvement) and recall (0.13 to 0.19, 46.2% 

improvement). The improvements in both cases to the impacts of sample qualities and 

distributional coverage are due to the enhanced discriminator. As the recall improved 

by 46.2%, the architectural changes mitigate the mode collapse problem, which is 

often experienced by GANs when trained in specialized domains. 

The fact that various measures support the improvements is an important indicator 

of success. First, the FID measures how similar the distributions of real and generated 
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data are. Second, IS measures the trade-off between quality and diversity. Finally, 

precision-recall splits performance into dimensions we can think of as independent. The 

multi-faceted approach of the evaluation methodology ensures observed improvements 

reflect true enhancements in generative capability rather than optimization of a metric. 

4.6.2 Architectural Component Contributions 

The performance improvements caused by some design enhancements are 

highlighted through implementation results. The SE attention blocks allow for an 

adaptive recombination of channels. This means the discriminator can focus on important 

architectural features associated with Egyptian monuments. Among these, hieroglyphics, 

columns proportions, and weathered stone effects stand out. This adaptive feature 

weighting mechanism is particularly useful for architectural images, where specific 

structures carry unique semantic information. 

Noise injection regularization enhances the robustness of a superior discriminator. 

This regularization technique produces a discriminator that is more robust to corruption 

and adversarial attacks at evaluation by promoting the learning of features that are 

invariant to perturbations of the input at training time. The improved MinibatchStdLayer 

implementation combats mode collapse by indicating to the discriminator that the current 

batch is not very diverse. This works in contradiction to the generator, which is 

incentivized to search a more diverse part of the latent space. 

4.6.3 Optimization Strategy Effectiveness 

Investigating the effects of truncation parameters has shown how diversity and 

fidelity within latent space can be balanced. The experimental analysis shows that for 

producing Egyptian monuments, medium truncation values (ψ=0.4 to ψ=0.7) are optimal 
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and that a particularly effective truncation value was ψ=0.7. The outcome of our research 

can help in the deployment of agents that need particular quality-diversity profiles.  

Results of truncation analysis reveal that low values (ψ=0.1 to ψ=0.3) yield highly 

photorealistic but stylistically restrictive outputs appearing close to modes of training 

distribution. In contrast, high values of ψ (ψ = 0.8 to ψ = 1.0) produce architectures with 

high diversity. But it causes the generation of excessively artefacts and extreme cases. 

The best medium range achieves these competing goals and leads to architecturally 

diverse yet convincingly Egyptian monuments. This type of characterization gives a 

principled framework for truncation selection according to application requirements. 

4.6.4 Semantic Alignment and Optimization 

The use of SigLIP image and text alignment evaluation allows us to assess the 

semantic consistency between generated monuments and the text. SigLIP outperforms 

CLIP in models trained in zero-shot protocol. In a specific example, it achieved 95% 

accuracy on the Tutankhamun dataset, whereas CLIP attained only 30% accuracy. This 

framework helps in assessing whether the generated monuments have any architectural 

features similar to the ones mentioned in the text. This is a useful feature where we want 

controlled generation of certain monument types or certain periods. 

The use of DE optimization for latent space exploration was shown to 

systematically improve image-text alignment by 8-15% depending on the type of 

monument. In this work, we present an evolutionary optimization framework for 

discovering latent codes that produce images maximally aligned with target descriptions. 

The mathematical model would consist of initialization, mutation, crossover, and 

selection operations to allow the coordinate search in high-dimensional latent space. 
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Moreover, the above would prevent the search from falling into local optima through 

population-based search. 

This optimization strategy is useful for systems creating interactive monuments 

where users input architectural features they want through text. Using control seeds to 

generate images of user-specified content while still keeping up the quality as defined by 

the improved discriminator is obtained via the DE framework by searching the latent 

space systematically.  
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CHAPTER FIVE 

STATISTICAL ANALYSIS AND DISCRIMINATOR EVALUATION  
 
 
 

5.1 Introduction 

This analysis included multiple complementary approaches to ensure robust 

model performance. Metrics measured at the generator level, such as FID [7], KID [147], 

and precision-recall [56], can quantify the quality and diversity of the generations. The 

literature on generative adversarial networks extensively validates these metrics, offering 

standardized benchmarks for cross-model comparisons [30]. 

The evaluation protocols of the discriminator assess the ability of either the 

default StyleGAN3 or improved architectures to discriminate adequate Egyptian 

monument images under stringent conditions. The assessment approach is based on 

established computer vision practices but is tailored to the architectural domain [31]. 

We performed statistical significance testing using methods such as bootstrap 

confidence intervals [18], McNemar's test for paired comparisons [19], and DeLong’s test 

for differences in ROC curves [20] to ensure that the performance improvement was real. 

This stringent analytical technique conforms to the standard practice of machine learning 

evaluation and provides the necessary validation for the architectural modifications 

recommended in this study [55]. 

The robustness assessment protocol consists of corruption tests against various 

types of degradation, following the methodology used in adversarial robustness [33]. This 

evaluation framework checks whether the improvements exhibit performance under 
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realistic-deployment conditions. The evaluation of the robustness of generative 

adversarial networks has not been well studied in the available literature [34]. 

5.2 Generator-Level Metrics Analysis 

5.2.1 Fréchet Inception Distance Evaluation 

The primary quantitative metric for measuring the distance between the 

distribution of the generated and authentic Egyptian monument images is the Fréchet 

Inception Distance (FID) [7]. FID is considered the best method for assessing GANs 

because it reflects human thought [7]. In addition, it is sensitive to quality and diversity 

problems [7] [36]. We used the standard formulation from the original paper. 

                                       𝐹𝐼𝐷	 = 	 HI𝜇ᵣ	 −	𝜇5IH
*
+ 	𝑇𝑟 �𝛴ᵣ	 +	𝛴5 − 	2>𝛴ᵣ	𝛴5@

(
)�                                      (5.1) 

where 𝜇ᵣ and 𝜇Arepresent mean feature vectors extracted from the pool3 layer in the 

pretrained network [35], and Σᵣ and 𝛴A represent covariance matrices for real and 

generated distributions respectively. The trace operation Tr(·) computes the sum of 

diagonal elements, while the matrix square root(·)
]
^	is computed using 

eigendecomposition [91]. The first term ||𝜇@ − 𝜇A||.	 captures the global distributional 

shift. It measures the distance between the means of distributions. The second term 

quantifies the dissimilarity between the covariance matrices. It captures the spread of 

features and the correlation between them [7]. 

The use of 5,000 samples is in line with existing work on comprehensive GAN 

evaluations, which shows that small sample sizes can lead to unreliable FID estimates, 

especially for high-quality generators [36]. Resampling with 1000 bootstrap iterations 

enabled us to obtain robust confidence intervals. This method provides a non-parametric  
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Table 5.1: Comparison of comprehensive FID results. 

Model Architecture FID Score Standard Error 95% CI 
StyleGAN3 Baseline 33.3 1.82 [30.85, 36.12] 

Enhanced Discriminator 24.21 1.45 [21.76, 26.89] 
 

 

Figure 5.1: FID Score Distribution Analysis 

evaluation of uncertainty without requiring any models for the FID distribution. This may 

not be normal, given that the metric is computed in a nonlinear manner [89]. A lower FID 

indicates better perceptual quality and distribution matching than a higher FID. The new 

structure performed 27.4% better than the baseline. 

This means that the enhanced discriminator architecture achieved a significant 

reduction in the FID score, from 33.3 to 24.21, which is an improvement of 27.5%. This 

reduction suggests that the model can match the real and generated distributions of a 

monument. The magnitude of improvement is notable in the StyleGAN3 evaluation 

literature, where FID reductions of 2-5 points are typically considered significant [3], 

[66]. Our observed reduction of 9.17 points substantially exceeds normal architectural 

variations and approached the performance improvements of major architectures. The 
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drop in the standard error from 1.82 to 1.45 indicates that the generator produces far more 

stable samples across different random seeds [144]. 

5.2.2 Kernel Inception Distance Analysis 

The Kernel Inception Distance (KID) is another distributional similarity measure 

based on the maximum mean discrepancy (MMD), which offers complementary insights 

to the FID. KID responds to several theorems critiquing FID, including its sensitivity to 

outliers and its Gaussian feature distribution assumption [8], [94]. In contrast to the FID 

method, which uses second-order statistics, the KID is a kernel-based method that 

captures higher-order distributional differences. Moreover, KID is a distribution-free 

measure, meaning that we need not make any parametric assumptions about the 

distributions [95]. The KID metric is computed as the squared MMD between feature 

distributions: 

      𝐾𝐼𝐷	 = 	𝔼-,-E~%ᵣ[𝑘(𝑓(𝑥), 𝑓(𝑥′))] 	+	𝔼D,DE~%"[𝑘(𝑓(𝑦), 𝑓(𝑦′))] 	− 	2𝔼-~%ᵣ,D~%"[𝑘(𝑓(𝑥), 𝑓(𝑦))]      (5.2) 

where 𝑘(⋅,⋅) represents a polynomial kernel function of degree 3, defined as 𝑘(𝑥, 𝑦) =

(1 + 𝑥C𝑦/𝑑)B	[95] where 𝑑 is the feature dimensionality, and 𝑓(⋅) denotes the feature 

extraction function using InceptionV3. The kernel approach provides a more robust 

distance estimation than the FID's reliance on second-order statistics, particularly when 

the feature distributions exhibit non-Gaussian characteristics or heavy tails. The 

polynomial kernel implicitly maps features to a higher-dimensional space where linear 

separability may be enhanced. The KID provides a complementary MMD-based 

distributional assessment of the same [8], [94].  
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Table 5.2: Comprehensive KID Results Comparison 

Model Architecture KID (×10³) Standard Error 95% CI 
StyleGAN3 Baseline 8.47 0.52 [7.58, 9.43] 

Enhanced Discriminator 5.23 0.38 [4.61, 5.91] 
 

 

Figure 5.2: KID Score Analysis with Confidence Intervals 

The KID analysis supported the FID finding, showing a decrease of 38.3% from 

8.47 to 5.23 (×10⁻³). This effect is even more pronounced than the reduction in the FID, 

which may suggest that the new architecture excels at matching higher-order 

distributional characteristics. The agreement of the FID and KID gains provides essential 

convergent validity: architectural improvements improve the quality of the generated 

samples, not just metric artifact optimization. 

The decreased standard error in the improved architecture (from 0.52 to 0.38) 

indicates not only a superior mean performance but also an enhanced consistency across 

the evaluation samples. Such stability is particularly useful for real-world deployment 

[129], which indicates good performance across various generations rather than sporadic 

good generations with failures. 
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5.2.3 Precision-Recall Evaluation 

Precision-recall measures provide independent measures of generation quality 

(precision) and diversity coverage (recall). This decomposition overcomes significant 

issues in the use of aggregate metrics, such as the FID and KID, by providing an 

independent assessment of whether the generated samples are realistic (precision) and 

whether they sufficiently cover the training distribution (recall) [28], [29], [37]. This 

distinction plays a key role in the detection of two phenomena: mode collapse, in which 

generators create high-quality samples of the same category, and mode invention, in 

which generators create similar but unrealistic samples. Mathematically, this is performed 

through k-nearest neighbor analysis in the feature space. Formulae for these metrics are: 

                                                  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 = abD	∈	c":	∃-	∈	f*,;(-,D)g	hia
ac"a

                                                  (5.3) 

                                                     𝑅𝑒𝑐𝑎𝑙𝑙	 = ab-	∈	f*:	∃D	∈	c",;(-,D)g	hia
|f*|

                                                    (5.4) 

where 𝑋@ represents real samples, 𝑌A represents generated samples, 𝑑(⋅,⋅) represents the 

Euclidean distance in InceptionV3 feature space, and 𝜀 is the neighborhood threshold 

determined using 𝑘-nearest neighbor with 𝑘 = 3 [55]. The threshold 𝜀 is determined in an 

adaptive manner based on the real data manifold structure and can be consistently 

evaluated in different feature spaces and data sets [100]. In particular, 𝜀 is chosen to be 

the distance to the third-nearest neighbour in the real data distribution, capturing the local 

density structure of the monument manifold [29]. The improved architecture exhibited 

more than 20.6% precision and 46.2% recall. 
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Table 5.3: Comprehensive Precision/Recall Results Comparison 

Model Architecture Precision↑ Recall↑ F1-Score↑ 
StyleGAN3 Baseline 0.34 0.13 0.19 

Enhanced Discriminator 0.41 0.19 0.26 
 

 

Figure 5.3: Precision-Recall Trade-off Analysis 

The precision-recall analysis shows a convincing story of architectural 

improvements. The basic StyleGAN3 architecture had very limited recall (0.13), which 

means that only 13% of the real data distribution was covered by the generated samples. 

This indicates that while some generated monuments are realistic, the generator does not 

cover the entire diversity of Egyptian architectural styles present in the training data. 

The better discriminator model showed significant improvements in both 

precision (+20.6%) and recall (+46.2%). This significant recall improvement indicates 

that a better architecture avoids mode collapse and adopts a wider range of architectures. 

Essentially, while diversity increased, quality decreased. The increase in precision from 

0.34 to 0.41 (+20.6%) shows that 41% of the generated samples fall within the manifold 
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of the real data, creating a nearly two-fold increase in quality. It is interesting to note that 

both precision and recall improved simultaneously. GAN training normally shows a 

quality-diversity trade-off [37]. The enhancement of the F1-score from 0.19 to 0.26 

(+36.8%) indicates a balanced improvement in precision and recall, as it is the harmonic 

mean of both [24]. 

We can obtain much more than aggregate metrics with precision-recall 

decomposition. The baseline's low recall (813.45) but moderate FID (33.38) is an 

excellent example of how aggregate metrics camouflage mode collapse. The equal gains 

from the improved architecture suggest that the improvements to the discriminator, 

especially the new MinibatchStdLayer and attention mechanism, encourage the generator 

to try out the entire architectural space while preserving quality constraints. The 

generator’s metrics show better output quality and diversity. Discriminators can 

differentiate authentic and generated images. This is evidence that the discriminator 

learned the architecture. We next examine discriminator classification performance. 

5.3 Discriminator Performance Evaluation 

5.3.1 Real vs. Fake Classification Performance 

The discriminator architectures were systematically evaluated on a holdout validation 

set consisting of 2,000 authentic Egyptian monument images from the dataset’s test 

partition and 2,000 generated samples from the StyleGAN3 generator. This balanced 

design ensured that the performance evaluation was free of bias and had adequate power 

to indicate meaningful differences. The evaluation followed established practices in 

adversarial training evaluation with a domain-specific view of architectural imagery 

[156].  
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We evaluated output via a comprehensive evaluation method: 

1. Data Preparation Protocol: We sampled real images from the holdout test set, which 

was separate from the training set to avoid optimistic bias [40], [98].  Using the 

trained StyleGAN3 generator, images were generated with a truncation parameter 	

𝜓 = 	0.7	according to best practices for a balanced quality and diversity. The 

truncation parameter works on the latent codes as follows [2], [3]:  

                                                                  𝑧E = 𝑧̅ + 𝜓(𝑧 − 𝑧̅)                                                                   (5.5) 

where 𝑧̅ represents the mean latent code computed over the training distribution, and 

𝜓 ∈ [0,1] controls truncation strength [2][48]. A value of 0 produces safer, more 

typical samples, whereas a value of 1 produces more diversity but potentially lower 

quality. The choice of 𝜓 = 	0.7 is a standard evaluation choice for StyleGAN 

evaluation as it produces reasonable quality while maintaining sufficient diversity [3]. 

2. Scoring Protocol: Each discriminator processed all 4,000 images, outputting 

continuous probability scores 𝑝+(𝑥) ∈ [0,1] representing the discriminator's 

confidence that input 𝑥	is authentic. Values approaching 1 indicate a high confidence 

in authenticity, whereas values near 0 suggest generated content. These continuous 

scores enabled ROC curve analysis across multiple decision thresholds, providing a 

comprehensive performance characterization beyond the single-threshold metrics. 

3. Threshold Analysis: Binary classification performance was evaluated across threshold 

values 𝜏 ∈ [0.1, 0.9]		with detailed analysis at 𝜏 = 	0.5. The classification rule is as 

follows: 
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                                                      𝒴�𝒾 = �1			𝑖𝑓	𝒫D(𝑥𝒾) > τ
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 	                                                           (5.6) 

Table 5.4: Detailed ROC Analysis Results 

Discriminator Condition AUC↑ 95% CI 
Default Clean 0.922 [0.906, 0.938] 
Default Noisy (σ=0.1) 0.905 [0.890, 0.920] 

Enhanced Clean 0.954 [0.943, 0.965] 
Enhanced Noisy (σ=0.1) 0.922 [0.907, 0.937] 

 
The ROC curve analysis systematically varies the classification threshold 𝜏 and 

measures the resulting trade-off between True Positive Rate (sensitivity) and False 

Positive Rate (1-specificity) [96]: 

                                               FPR(𝜏) = FP(")
FP(")$TN(") , 	 TPR(𝜏) = TP(")

TP(")$FN(")                                               (5.7) 

The Area Under the ROC Curve (AUC) provides a threshold-independent 

performance measure [96]. The AUC represents the probability that the discriminator 

assigns a higher score to a randomly selected real image than to a randomly selected fake 

image, providing an intuitive interpretation of the ranking quality [101]. This area is 

calculated: 

                                                       AUC = ∫ TPR ;FPRl+(𝑥)A+
H  𝑑𝑥                                                       (5.8) 

 
 The baseline discriminator performed reasonably well under clean conditions, 

achieving an AUC value of 0.922. This indicates a 92.2% probability of correctly ranking 

randomly selected real and fake samples. However, the performance drops to 0.905 for 

noise corruption of σ=0.1, indicating susceptibility to noise corruption. The 1.7 pp drop 

in AUC may seem small, but it corresponds to approximately a 17% increase in ranking 

errors, with further consequences on generator training stability [158]. 
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Figure 5.4: ROC Curves for Default and Enhanced Discriminators 

In contrast, the enhanced discriminator achieves near-perfect separation with an 

AUC of 0.954 or a 95.4% chance of correct ranking. Even when the data were noisy, the 

enhanced discriminator obtained an AUC of 0.922, which is similar to the default 

discriminator's performance on clean input. The superiority of robustness indicates that 

architectural improvements (such as noise injection during training and the injection of 

attention mechanisms) confer built-in robustness to disturbances [158]. 

5.3.2 Comprehensive Confusion Matrix Analysis 

Using the standard threshold, 	𝜏 = 	0.5, for binary classification performance 

helps in understanding the behavior pattern of the discriminator via confusion matrix 

decomposition. The confusion matrix displays the joint distribution of the predictions and 

actual values  [158]:  

                                                               𝐶𝑀 = :𝑇𝑁 𝐹𝑃
𝐹𝑁 𝑇𝑃B                                                                   (5.9) 
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where TN (true negatives) represents correctly identified fake images, FP (false positives) 

represents real images misclassified as fake, FN (false negatives) represents fake images 

misclassified as real, and TP (true positives) represents correctly identified images. 

Table 5.5: Default Discriminator Performance 

 
 

 
 
Derivation of the performance metrics: 

• Accuracy: The proportion of correct classifications across both classes. 
Acc =

TP+ TN
TP+ TN+ FP+ FN

=
1712 + 1822

4000 = 88.3% 
• Sensitivity (True Positive Rate): Proportion of correctly identified real images. 

TPR  =  
TP

TP  +  FN
  =  

1712
1712  +  288   =  85.6%  

• Specificity (True Negative Rate): proportion of fake images correctly identified. 
TNR =

TN
TN+ FP

=
1822

1822 + 178 = 91.1%	 
• F1-Score: The harmonic mean of precision and recall, providing a balanced 

assessment [24]. 
𝐹+ =

2TP
2TP+ FP+ FN

=
2 × 1712

2 × 1712 + 178 + 288 = 88.0% 
• False Positive Rate (FPR): 8.9% 

FNR =
FN

FN+ TP
=

178
178 + 1822 = 8.9% 

• False Negative Rate (FNR): 14.4% 
FPR =

FP
FP+ TN

=
288

288 + 1712 = 14.4% 
 

Table 5.6: Enhanced Discriminator Performance 

 
 
 
 
Performance Metrics: 

• Accuracy:  

Acc =
1928 + 1894

4000
= 95.5%	

 
Predicted Fake Predicted Real 

Actual Fake 1822 178 
Actual Real 288 1712 

 
Predicted Fake Predicted Real 

Actual Fake 1894 106 
Actual Real 72 1928 
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• Sensitivity (True Positive Rate):  

TPR =
1928

1928 + 72
= 96.4%	

• Specificity (True Negative Rate):  

TNR =
1894

1894 + 106
= 94.7% 

• F1-Score:  

𝐹+ =
2 × 1928

2 × 1928 + 106 + 72 = 95.5% 

• False Positive Rate (FPR): 5.3% 

FNR =
FN

FN + TP =
106

106 + 1894 = 5.3% 

• False Negative Rate (FNR): 3.6% 

FPR =
FP

FP + TN =
72

72 + 1928 = 3.6%	

 

 

Figure 5.5: Confusion Matrices Visualization 

A comparison using a confusion matrix showed significant improvements in all 

parameters. The improved discriminator had an overall accuracy of 95.5%, which is an 

improvement of 7.25 pp over the default architecture. Although this absolute 

improvement is small, the relative improvement is large; the drop from 11.7% to a 4.45% 

error rate represents a 62% reduction in classification errors. 

The drop in FPR from 8.9% to 5.3% (-3.6pp) is significant for the GAN training 

dynamics. When the FPR is too high, the discriminator rejects the real training samples. 

This may destabilize the generator training and encourage mode collapse. The 5.3% FPR 
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indicates that, on average, one in every 19 authentic samples was still incorrectly 

classified. However, compared to more relaxed FPRs, this represents a substantial 40% 

relative drop. This further provides more stable signals during training and affords safe 

learning opportunities from authentic samples for the generators. [107][64]. 

The drop in FNR from 14.4% to 3.6% addresses a complementary failure mode. 

Owing to the high FNRs, low-quality generated samples can pass off as real, weakening 

the training signal of the discriminator. Hence, it allows the degradation of the generator. 

The 3.6% FNR suggests that approximately 1 in 28 fakes created evades detection. While 

this is a substantial improvement over the baseline, it is likely that some poor-quality 

generations still pass. The improved architecture maintains quality requirements that are 

rather tight, which encourages the generators to work harder. 

The equal increases in sensitivity (85.6%→96.4%) and specificity 

(91.1%→94.7%) indicate that the architectural improvements facilitate the processing of 

real and fake images similarly to each other, rather than degrading one class for another. 

The fact that the sensitivity is slightly higher than the specificity indicates that this 

enhanced discriminator is slightly better at predicting that an image is real than at 

predicting that it is fake. This asymmetry seems realistic under the assumption that real 

images contain consistent architectural features, whereas generated images contain subtle 

artifacts that are harder to characterize [102], [107]. 

5.3.3 Noise Robustness Analysis 

The noise robustness evaluation analyzes the stability of the discriminator when it 

processes degraded inputs. This operation is realistic because, during deployment, images 

may be compressed, transmitted over lossy channels, or acquired under poor conditions. 
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This assessment raises a practical question: Do the discriminators still function when the 

image quality is degraded? Tests were performed by applying Gaussian noise at various 

intensities to the generated samples. 

The function that quantifies robustness is the stability score, which is defined as 

the change in the discriminator output under perturbation:  

                                                 𝑆(𝜎) = 1 − 𝐸A[|𝑝"(𝒙𝒊 + 𝝐𝒊) − 𝑝"(𝒙𝒊)|]                                                (5.10) 

where higher values indicate greater robustness to noise perturbations, with 𝝐𝒊 ∼

𝒩(0, 𝜎.𝐈). Perfect robustness (𝑆 = 1)) would indicate discriminator outputs unchanged 

by noise, while 𝑆 = 0 represents complete disruption. 

Table 5.7: Comprehensive Noise Robustness Results 

Discriminator Noise Level (σ) AUC FPR (%) FNR (%) Accuracy (%) 
Default 0.00 0.922 8.9 14.4 88.4 
Default 0.05 0.913 9.7 15.1 87.6 
Default 0.10 0.905 10.5 15.9 86.8 
Default 0.20 0.887 12.1 17.3 85.3 

Enhanced 0.00 0.954 5.3 3.6 95.5 
Enhanced 0.05 0.939 6.2 5.1 94.3 
Enhanced 0.10 0.922 7.8 6.5 92.8 
Enhanced 0.20 0.891 10.2 8.9 90.4 

 
The evaluation of noise robustness showed significant architectural differences. 

The default discriminator was moderately sensitive to noise corruption, as seen from the 

AUC degrading from 0.922 (clean) to 0.887 (σ=0.20), a reduction of relative performance 

by 3.8%. As the quality worsens, the error rates also worsen. The FPR increased from 

8.9% to 12.1% (+36% relative increase). The FNR increased from 14.4% to 17.3% 

(+20% relative increase). The overall accuracy of the model decreased from 88.4% to 

85.3% (-3.1pp), revealing its sensitivity to input degradation. 
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Figure 5.6: Noise Robustness Degradation Curves 

In contrast, the enhanced discriminator exhibited a good level of noise resilience. 

The AUC dropped to 0.891 when the corruption level σ was the highest (0.20), which is a 

relative drop of 6.6% over the clean baseline of 0.954. This is a meaningful drop but not 

as bad as the default discriminator, which drops 3.8% from a lower baseline. As the 

intensity of the background noise increased, the FPR increased from 5.3% to 10.2%, and 

the FNR increased from 3.6% to 8.9%. Although these were significant increases, they 

were still much better than the default discriminators’ error rates under similar 

conditions. 

Remarkably, the enhanced discriminator, which can withstand heavy noise 

corruption (σ=0.20, AUC=0.891), performs better than the default discriminator 
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(AUC=0.922) under clean performance conditions. The reason for this resilience is likely 

due to noise injection regularization during training, which promotes the learning of 

features that are robust to perturbations at the input level, and the attention mechanisms 

that focus on semantically meaningful architectural elements rather than texture details 

that are easily corrupted by noise [4]. 

5.4 Robustness Evaluation Through Image Corruption Analysis 

5.4.1 Image Corruption Protocols 

To assess the discriminator robustness against something more than Gaussian 

noise, systematic corruption testing was conducted over five different types of 

corruptions, as described by Hendrycks and Dietterich. Using this multifaceted approach, 

various degradation models can be tested, including storage/transmission-induced 

compression artifacts, camera-induced misses (motion blur and defocus), noise induced 

by sensor surliness, and transmission errors that corrupt pixels [33][43]. 

1. JPEG Compression Artifacts 

JPEG compression with quality parameter 𝑞	 ∈ {10, 30, 50, 70, 90} simulates 

lossy image storage and transmission: 

                                                  𝒞JPEG(𝑥) = IDCT·¸DCT(-)
n())

¹ ⊙ 𝑄(𝑞)¼                                                  (5.11) 

where DCT represents the discrete cosine transform, Q(𝑞) is the quality-dependent 

quantization matrix, ⌊⋅⌋ rounding to integers. IDCT performs inverse transform. When 

quality values are lower, compression is stronger, but artifacts of the block become 

visible with distortion of colors. 
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Figure 5.7: JPEG Compression Corruption Analysis  

2. Gaussian Blur Degradation 

Gaussian kernel convolutions with a standard deviation σ ∈ {0.5, 1.0, 2.0, 3.0, 

5.0} pixels were used to simulate defocus and motion blur. 

                                                               𝐶!9C<<(𝑥) = 	𝑥	 ∗ 	𝑔o                                                               (5.12) 

where the 2D Gaussian kernel is expressed as [46]: 

                                                       𝐺(𝑖, 𝑗) = ; +
*po)

A exp ;− A)R	F)

*o)
A                                                        (5.13) 

The kernel size was automatically adjusted to ensure Gaussian coverage and computational 

efficiency. 

3. Additive Gaussian Noise 

To simulate various forms of noise that may occur in robotics, a zero-mean 

Gaussian noise with standard deviation σ∈{0.01,0.05,0.10,0.20,0.30} was introduced to 

the detection of the process [45]: 

                                                     𝐼73A<6 = 	𝑐𝑙𝑖𝑝(𝐼	 + 	𝑁(0, 𝜎*), 0, 1)                                                     (5.14) 

where𝒩(0, 𝜎.)	this indicates Gaussian noise; the clip operation will keep pixel values in 

the valid range, 0,1. The clipping bounds were adapted to -1 and 1 [33]. 
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Figure 5.8: Gaussian Blur Corruption Analysis 

4. Impulse (Salt-and-Pepper) Noise 

Random pixel replacement with probability 𝑝	 ∈

{0.01, 0.05, 0.10, 0.20}  simulates transmission errors and dead pixels [33]:  

                                             [𝒞s>𝑥A,F@ 	= 	½
0		𝑤𝑖𝑡ℎ	𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦	𝜌/2
255	𝑤𝑖𝑡ℎ	𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦	𝜌/2
𝑥A,F 		𝑤𝑖𝑡ℎ	𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦	1 − 𝜌

	                                             (5.15) 

In this process, pixels are randomly switched to their minimum (black) or maximum 

(white) intensity with equal probability, creating a “salt and pepper” appearance [43]. 

 

Figure 5.9: Salt-Pepper Corruption Analysis 

5. Motion Blur 

Linear motion blur with displacement lengths 𝑑	 ∈ {2, 4, 6, 10} pixels simulate 

camera shake and subject motion [46]: 

                                                       𝐶=3:A37(𝑥) = 	𝑥	 ∗ 	𝐾=3:A37(;,q)                                                       (5.16) 
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where 𝐾motion represents a motion blur kernel of length 𝑑 pixels at angle 𝜃 =

0°	(horizontal motion). The kernel was implemented as a normalized one-dimensional 

(1D) line [46]. 

 

Figure 5.10: Motion Blur Corruption Analysis 

 

Figure 5.11: Systematic Corruption Taxonomy of the Egyptian Monuments 
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5.4.2 Implementation and Scoring 

The enhanced discriminator produced a test set of 32 synthetic images, to which 

all corruptions were systematically applied. We experimented with five possible severity 

levels for each type of corruption, making 25 corruption conditions, plus one clean 

baseline. The pool3 layer of InceptionV3 (2048-dimensional features) [35] was used for 

feature extraction, and the discriminator scores were computed as the negative Euclidean 

distance from the centroid of the actual feature distribution: 

                                                           𝑠𝑐𝑜𝑟𝑒	 = 	−||𝑓	 −	𝜇869>||₂                                                          (5.17) 

where 𝑓 represents extracted features and 𝜇real is the mean feature vector computed over 

authentic monument images [35]. Higher (less negative) scores indicate greater similarity 

to authentic images. 

5.4.3 Robustness Assessment Results 

Robustness was measured using three complementary metrics [33], [47]. The 

Pearson correlation coefficient measures the rank preservation between the clean and 

corrupted scores, and values near 1.0 indicate the robust of the rank [51]. The retention 

rate measures the percentage of discriminative performance [33]: 

                                      Retention Rate = �1 − scoreoriginallscorecorrupted
scoreoriginal

� × 100%                                     (5.18) 

The Kolmogorov-Smirnov Statistic measures maximum deviation between score 

distributions, with small values indicating distributional stability [26]. 
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Figure 5.12: Corruption Robustness Matrix 

The enhanced discriminator consistently outperformed the default model in the 

corruption tests. With severe JPEG compression (quality=10), It maintained about 78–

83% performance, while the default model managed only 65-70%. The performance 

decreased notably, first as compression increased with quality=30, showing ~88-92% 

retention, and then with quality=50 showing ~93-96% retention. The pattern of 

increasing degradation observed in this study suggests a realistic sensitivity of the learned 

features to the compression artifacts. This indicates that the learned features focus on 

semantic architectural properties and not on high-frequency texture details that are 

susceptible to compression [55], [43].  

The results of the Gaussian blur testing produced similar patterns. For example, at 

σ=1.0 pixels, a mild blur, retention was ~94-97%. At σ=3.0, moderate blur, retention 

dropped to ~84-89%. At σ=5.0, severe blur, retention fell to ~77-82%. The default 

discriminator failed more markedly (62-68% at σ=5.0); thus, although the better 

architecture was more robust, it was not perfect. Notably, robustness emphasizes shape, 

structure, and spatial relationships instead of fine edges or textures. The pattern of 

graceful degradation shows that there is minimal performance loss when the blur is low, 

and the performance begins to drop when the blur is extreme. This behavior is suggestive 
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of multi-scale feature learning, meaning that coarse features remain intact during the blur 

while fine details are damaged. 

The results showed graceful degradation of noise robustness, with correlations of 

~0.91 at σ=0.15 and ~0.86 at σ=0.30.  Although these values suggest meaningful 

performance degradation with serious noise, they are still significantly above the 

correlations of the default ~0.81 and ~0.74 at the same level of noise. This robustness can 

likely be attributed to the use of noise injection regularization during training, which 

directly encourages the learning of noise-invariant features [148]. The architecturally 

semantic signals learned by the discriminator were robust to the noise introduced by 

pixel-level perturbations. 

Among the corruptions, it was observed that salt-and-pepper noise was the least 

harmful, as it had an approximately 89-92% retention level even at a corruption density 

of p = 0.20. Because impulse noises are spatially isolated, they do not appear to be as 

objectionable as spatially correlated corruptions such as blur. After a thorough analysis 

and testing, we established that the presence of impulse noise does not significantly 

modify the perception of robustness. Spatial pooling in convolutional architectures filters 

out local corruption while preserving global structures.  

Motion blur yielded results comparable to those of Gaussian blur: ~93-96% 

retention at d=2 pixels, degrading to ~79-84% at d=10 pixels. Directional blur primarily 

affects fine details while preserving coarse structures, allowing both discriminators to 

maintain functional performance, with the enhanced architecture showing consistent 12-

18 pp advantages. Directional blur primarily affects fine details while preserving coarse 
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shapes and structures, allowing the discriminators to maintain their performance despite 

visible motion artifacts. 

5.5 Statistical Validation and Significance Testing 

5.5.1 Bootstrap Confidence Interval Analysis 

Bootstrap confidence intervals are constructed using the bias-corrected and 

accelerated (BCa) method of Efron and Tibshirani [57], which adjusts the bias and 

skewness in the bootstrap distributions. What distinguishes the BCa bootstrap from the 

usual percentile method is that through the bias-correction (combined with the empirical 

estimator  𝑧𝑜) and the adjustment for the skewness of the bootstrap distribution (i.e. the 

acceleration factor 𝑎), it provides better coverage probability. This is especially true for 

small samples or asymptotically skewed distribution.  

The endpoints of the BCa confidence intervals were calculated as follows [23]: 

                                                                   CIr = E𝜃r(∗Â ,𝜃r)∗Â F                                                                   (5.19) 

where the adjusted percentiles account for the bias and acceleration: 

                                                         𝛼A = Φ·𝑧H +
#+R#,-'.

+l9t#+R#,-'.
u
¼                                                          (5.20) 

with Φ(⋅)	representing the standard normal cumulative distribution function, 𝑧(G) the 

normal quantile at level 𝛼, 𝑧H the bias correction factor, and (𝑎) the acceleration 

parameter estimated from jackknife resampling [23], [57]. 

Table 5.8: Bootstrap Result (1,000 Iteration) 
 AUC: 95% CI: Bias correction 

(𝒛𝟎): 
Acceleration 
(𝒂): 

Default 
Discriminator: 

0.922 [0.9061, 
0.938] 

-0.0089 -0.0062 
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Enhanced 
Discriminator: 

0.954 [0.945, 
0.963] 

:-0.0124 -0.0095 

 

 

Figure 5.13: Bootstrap Distribution Comparison 

The two 95% confidence intervals for the two samples did not overlap, suggesting 

significance. The interval [0.906, 0.938] for the default discriminator lies entirely below 

the interval [0.945, 0.963] for the enhanced one. The upper bound of the default and the 

lower bound for the enhanced had a gap of 0.0007 AUC points.  

Statistical tests showed that the improvement was significant. A large sample size 

(4,000 test samples × 1,000 bootstrap iterations = 4,000,000 evaluations) resulted in an 

extremely small (p<0.001). Furthermore, effect sizes were found to be moderate-to-large 

(Cohen's d ≈ 0.9-1.4), which indicates practically significant differences rather than 

statistical artifacts.  

The bias correction values (𝑧H) show a small negative bias in both estimates. 

Hence, the observed AUC slightly overestimated the population parameter. Nonetheless, 

it was demonstrated that this bias is small (less than 0.013 standard deviations) and does 

not have a significant effect on the conclusions [57]. The negative values of acceleration 
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point at right-skewed bootstrap distribution, which is correctly adjusted in the BCa 

method [23]. 

5.5.2 McNemar's Test for Paired Error Analysis 

McNemar's Test is used to check if the dissimilarity of error patterns of paired 

classifiers on identical samples is statistically significant [19]. Unlike independent two-

sample tests, McNemar’s test can take advantage of the paired structure of the samples. It 

does so by focusing on samples where the classifiers disagree. This “3rd type” of samples 

provides valuable information about the performance of the classifiers and the 

performance difference detection [19], [112]. For paired binary classifications on 𝑛 

samples, the 2×2 contingency table of agreement/disagreement is: 

 

Table 5.9: McNemar's Test Confusion Matrix for Default Discriminator 

 
 

 

The test statistic under the null hypothesis of equal error rates follows a 𝜒. distribution: 

                                                                 𝜒. = (?v]4	?]v)^

(?v]K	?]v)
                                                                 (5.21) 

where 𝑛H/ = 320 represents cases where default is correct but enhanced is wrong, and 

𝑛/H = 2,275 represents cases where default is wrong but enhanced is correct [19]. The 

large discrepancy (𝑛/H − 𝑛H/ = 1,955) indicates systematic superiority of the enhanced 

architecture. 

The large 𝜒. statistic (-1471.3) provides considerable evidence against the null 

hypothesis of equal error rates. The improved discriminator rectified 2,275 errors made 

 
Enhanced Correct Enhanced Incorrect 

Default Correct 17,352 320 
Default Incorrect 2,275 53 
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by the default architecture, introducing only 320 new errors. Thus, the ratio of 

improvements to regressions was 7:1. Asymmetry not only shows different error patterns 

but also enables systematically better classification. 

According to Cohen’s conventions, Cramér’s V = 0.2712 confirms that the effect 

size is moderate-to-large (V > 0.25 is also large for df=1). This means that the type of 

architecture is closely associated with correct classification, which extends beyond 

statistical influence to practical significance [22][27]. 

Discordant pair analysis indicated that 12.98% of the samples (2,595/20,000) 

were misclassified by the two architectures. The improved architecture was correct in 

87.7% of instances (2275/2595) among these disagreements, indicating that these 

architectural improvements help challenging cases primarily and do not just move around 

the errors [24]. 

5.5.3 DeLong's Test for ROC Curve Comparison 

DeLong's test is a statistical comparison of AUC values in case of correlated ROC 

curves. In statistics, we denote the comparison between the AUC values in a two-sample 

test if the ROC curves are independent or unrelated. Similarly, if the test samples are 

similar, the ROC curve is correlated. Thus, DeLong’s approach handles the correlation 

structure arising from common test samples. Thus, inference would be more powerful 

and appropriate compared to an independent two-sample test [20], [25]. The test statistic 

is as follows: 

                                              𝑍	 = (wxY(l	wxY))
yz98(wxY()R	z98(wxY))l	*Y3{(wxY(,wxY))

                                              (5.22) 
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where the variances and covariances are estimated using the structural components 

approach based on the Mann-Whitney U-statistic formulation [4]. Under the null 

hypothesis of equal AUCs, follows a standard normal distribution. 

 

Figure 5.14: ROC Curve Comparison with Statistical Bands 

The Z-score of 32.60 indicates that the AUC difference we observed (0.0402) has 

a height of 32.60 standard errors above zero. Under normal approximation, this yields 

𝑝 < 104.HH. The high importance rate confirms that the optimized architecture exhibits 

superior ranking performance across the entire ROC operating range, not only at specific 

cut-off values [25]. 

The AUC increase of 0.0402 was meaningful and actionable. As the AUC denotes 

the possibility that a random actual-fake instance pair is ordered with the actual in front 

of the fake, the improvement represents a 4.02 pp improved ranking accuracy [101][25]. 

In this case, such an architecture makes the correct ranking in 97% of the cases that the 

default architecture gets wrong for a baseline error rate of 4.14% (1–0.9586). 
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The minuscule standard error value (0.001233) in relation to the effect size 

denotes that this improvement is stable and precisely estimated despite the large test set. 

This accuracy allows for confident conclusions about how population performance differs 

from that of samples. 

5.6 Advanced Robustness Analysis 

5.6.1 Frequency Domain Robustness Assessment 

Frequency-domain analysis evaluates the discriminator sensitivity across different 

spatial frequency components, providing insights into the features that drive the 

classification decisions [121]. Images contain information across multiple spatial scales: 

low frequencies encode coarse structures and shapes, whereas high frequencies capture 

fine textures and edges [122]. Discriminators that are robust across frequency bands learn 

multi-scale representations rather than relying on specific frequency components that are 

vulnerable to corruption [47], [122]. 

The images were processed using ideal filters in the Fourier domain [121]. 

1. Low-pass filtering (retaining only frequencies below cutoff 𝜔L): 

                                                            𝐼>3P(|) = 	𝐼(𝜔) · 	𝐻>3P(|)                                                           (5.23) 

                                                          𝐻>3P(|) =	 �
			1		if	|𝜔| ≤ 	𝜔@
0			𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠

                                                         (5.24) 

2. High-pass filtering (retaining only frequencies above the cutoff) 
                                                           𝐼?A5?(|) = 	𝐼(𝜔) · 	𝐻?A5?(|)                                                          (5.25) 

                                                         𝐻?A5?(|) =	 �
			0		if	|𝜔| ≤ 	𝜔@
1			𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠

                                                        (5.26) 

3. Band-pass filtering (retaining frequencies in a specified range) 
                                                   𝐻B97;(|) =	�

			1		if	𝜔+ ≤ |𝜔| ≤ 	𝜔*
0			𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠

                                                   (5.27) 



 89 

Table 5.10:  Frequency Domain Robustness Results 

 
 
 

 

 

 
Figure 5.15: Frequency Domain Performance Analysis 

Analysis in the frequency domain revealed mixed results. Surprisingly, lowpass 

filtering (removal of high frequencies) slightly degrades the performance of the enhanced 

discriminator (AUC = 0.9432 versus 0.9508 for default). Thus, although the architecture 

leverages coarse structural features, some discriminative information is present in the fine 

details. Highpass filtering provided a marginal improvement (+0.0016), implying the 

effective use of texture and edge information. The bandpass results were comparable 

between the architectures. The results reveal that the enhanced discriminator is not 

necessarily superior at all scales but learns a more balanced multi-scale representation. 

The pattern fits with what we should expect: buildings help in some operating regimes 

and hinder in others. 

The ability to operate effectively at both frequency scales stands in contrast to the 

moderate performance of the default discriminator (lowpass: 0.9508, highpass: 0.9605), 

Filter 
Type 

Default 
AUC 

Enhanced AUC Improvement 

Lowpass 0.9508 0.9432 +0.0076 
Highpass 0.9605 0.9621 +0.0016 
Bandpass 0.9607 0.9585 +0.0022 
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which depends more on high frequencies but performs poorly with coarse information 

only. The frequency domain results must be interpreted cautiously, as they are 

architecture-specific to the dataset. The stone textures and geometric forms in Egyptian 

monuments have a regular structural pattern that may not stress test the scales of 

discrimination at various levels. More varied datasets may exhibit different frequency 

dependencies. Multi-scale redundancy provides robustness, implying that when this 

redundancy is corrupted at any scale, the others can compensate. 

The gain in the lowpass AUC (+0.0076) is remarkable because lowpass filtering 

simulates sharp blur or downsampling, which are common real-world degradations. The 

improved discriminator is more robust to adversary stimuli because learns shape and 

structure invariants that are robust to the loss of other details. This is most likely due to 

the hierarchical learning of such features in the enhanced architecture. Furthermore, the 

enhanced discriminator also focuses on semantically meaningful regions, as alluded to by 

attention mechanisms [4]. 

5.6.2 Semantic Perturbation Testing 

Semantic perturbation testing assesses how the discriminator responds to genuine 

changes in the input in the latent space rather than corruption at the pixel level. This 

method, based on GANSpace [49], modifies images along interpretable semantic 

directions (lighting, style, perspective, color temperature) derived from the principal 

component analysis (PCA) of latent activations [49]. These perturbations lead to realistic 

variations in the capture conditions while maintaining the authenticity of the images and 

help in verifying whether the discriminators reject authentic images [123], [124]. 

Perturbations are applied in the latent space as follows [49]: 
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                                                             𝑧E = 	𝑧	 + 	𝛼	 · 	𝑣<6=97:A@                                                            (5.28) 

where 𝑧 is the original latent code, 𝑣semantic represents a semantically meaningful 

direction identified through PCA, and 𝛼 controls perturbation magnitude. The perturbed 

latent code 𝑧7 generates a new image whose semantic attributes are modified but look 

real. 

Table 5.11: Semantic Performance 
 

 

 

 

 

 

 

Figure 5.16: Semantic Perturbation Examples and Performance 

Semantic Direction Default AUC Enhanced AUC Δ AUC 
Lighting 0.9212 0.9389 +0.0177 

Style 0.9234 0.9401 +0.0167 
Perspective 0.9363 0.9478 +0.0115 

Color Temperature 0.9272 0.9272 +0.0149 
Architectural Detail 0.9374 0.9374 +0.0067 
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Evaluating things semantically reveals critical differences in learning feature 

invariance. The default discriminator exhibited a significant performance drop under 

lighting variations (AUC = 0.9212). This indicates that the discrimination is partly due to 

the lighting. This brittleness can cause practical problems. Monument photographs are 

taken under different lighting conditions, such as the harsh midday sun, golden hour, and 

artificial lighting. This leads to significant differences in luminance and shadows. The 

augmented discriminator indicated moderate robustness improvements in lighting (AUC 

= 0.9389 vs. 0.9212 for default, +0.0177). Although this gain of 1.8 pp is meaningful 

within the framework of the two architectures, both architectures are sensitive to lighting 

variations, indicating that lighting invariance is still an open issue in monument 

discrimination [4]. The likely cause of this invariance is the attention mechanisms of the 

architecture, which focus on intrinsic surface properties and geometry rather than lighting 

dependent on appearance. 

Adding different textures, shapes, and colors can affect the default discriminator, 

but the stronger discriminator does not react to these updates. Overall, this resulted in a 

positive response. The strong results suggest that the focus is on the basic architecture 

and not the styling. As a result, they generalize across monuments of different styles. 

The measure of perspective robustness (default 0.9363, enhanced 0.9982) 

indicated invariance with respect to the viewpoint. This is a critical property for 

monuments, which are photographed from several angles. A more stable discriminator 

indicates that the network is likely not learning view-dependent 2D patterns but rather a 

3D structural understanding. Because of this invariance, we can assess it regardless of the 

photographer’s position or frame. 
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The enhancements, although uniform across all meanings (average +0.0135), are 

quite small in absolute terms. This means that the increased structure picks up on clearer 

meanings, yet it does not manage to take away coincidence from meanings. The 

enhanced discriminator performed well under changes in meaning, with scores in the 

0.94-0.95 range. However, it did not perform well. The fact that the performance 

enhancement is only 1–2 percentage points in magnitude indicates that we may need to 

integrate more architectural modifications than only the SE blocks and noise injections to 

achieve better model semantic robustness. 

5.6.3 Adversarial Robustness Evaluation 

The goal of adversarial robustness testing is to apply carefully crafted 

perturbations that deceive (fool) discriminators by teaching them to understand the worst-

case vulnerability behavior patterns [38]. Adversarial attacks, unlike random corruptions 

that mislead classifiers randomly, use gradient information to create maximally 

misleading perturbations. Such attacks reveal specific architectural weaknesses that are 

not exposed by natural corruption [39], [41]. Methodology for this attack follows. 

1. The fast gradient sign method moves an image in the direction of the maximum 

increase in loss in just one step: 

                                                     𝑥E = 	𝑥	 + 	𝜀	 · 	𝑠𝑖𝑔𝑛>𝛻-𝐽(𝜃, 𝑥, 𝑦)@                                                     (5.29) 

where 𝐽(𝜃, 𝑥, 𝑦) is the discriminator loss, ∇3	𝐽 is the gradient with respect to input, and 

𝜀	controls perturbation magnitude. The sign operation creates imperceptible but targeted 

perturbations. 

2.  Projected Gradient Descent (PGD) [40] is an iterative attack with multiple 

gradient steps and projections. 
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                                                𝑥{:R+} =	𝛱{�(-,h)}t-/R	r	·	<A57��0�(q,-/,D)�u                                                (5.30) 
where 𝛱{M(3,O)} projects onto the 𝑙P ball of radius 𝜀 around 𝑥, ensuring imperceptible 

perturbations. PGD represents a stronger attack than FGSM through iterative refinement 

[41]. A lower success rate indicates a better robustness: Average Default: 58.33%, 

Enhanced: 30.00%, Average Improvement: -28pp. 

Table 5.12: FGSM and PGD Attack Robustness 

 
 
 
 

 

 

 

 

 

Figure 5.17: Adversarial Robustness Across Attack Strengths 

Architecture has a significant impact on worst-case robustness, which is what 

adversarial evaluation shows. The default discriminator under a texture-based adversarial 

attack manages to extract the attack success rate (ASR), which stands at 72%. The pattern 

 
Ε FGSM Default FGSM Enhanced 

PGD 
Default 

PGD 
Enhanced 

0.01 0.7523 0.8124 0.7076 0.7834 
0.03 0.6503 0.7156 0.5838 0.6891 
0.05 0.5445 0.6234 0.4179 0.5523 
0.10 0.2643 0.3845 0.1262 0.2756 
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of the texture indicates a heavy dependency, which can be affected by gradient-based 

perturbations. In contrast, the stronger discriminator achieves an ASR of 39% (−33pp), 

indicating a 54% relative reduction. 

The default discriminator was exploited by lighting manipulation attacks at a 58% 

success rate, and under the enhanced architecture at 27% (-31pp improvement). This 

robustness is consistent with the results of semantic perturbation, supporting that the 

enhanced discriminator learns lighting-invariant features that can resist adversarial 

illumination changes. The fact that there is strong evidence from multiple assessments 

shows that the improvement is real. 

The FGSM results showed a deterioration in robustness as the perturbation was 

enhanced. When ε=0.01 (the smallest variation), the basic discriminator reduces to 

AUC=0.7523, while the improved discriminator upholds 0.9131 (+0.1608). Both 

architectures were found to be highly vulnerable according to an adversarial assessment, 

which enhanced the design with significant limitations. At ε=0.01 (minimal perturbation), 

the enhanced discriminator achieved AUC=0.8124 compared to the default 0.7523, which 

is a 6.0pp improvement. This indicates an approximate 25% error reduction with respect 

to the default of 0.12. However, the clean baseline performance deteriorated in both 

architectures. When ε equals 0.10 and a strong perturbation occurs, the AUC value for the 

enhanced model is 0.3845 and just above the random guessing of 0.50. Even though there 

is a 14.5% improvement over the default near-random performance (0.2643), both 

architectures are still fundamentally vulnerable [40], [41]. 

The attacks PGD and greater iterative optimization pose higher success rates for 

both architectures while maintaining the enhanced relative superiority. The adversarial 



 96 

findings demonstrate that gradient-based attacks are extremely effective against both 

discriminator architectures. The improvements of the better discriminator are consistent 

across attacks (error reduction of 15-25%), but not strong adversarial robustness. If we 

want to use this in a bad environment, we must take additional defenses comprising 

adversarial training/certified robustness methods. The recent improvements are not 

exactly changes that would make it invulnerable to attacks. The robustness of these 

models likely comes from the more ensemble-like behavior of attention mechanisms, 

which distribute decisions across usable semantic features rather than individual, 

vulnerable ones. 

The consistent robustness improvement of nearly 24% across diverse attacks 

suggests fundamental changes in the feature learning architecture. The improved 

discriminator, instead of learning brittle patterns that can easily be destroyed by 

adversarial perturbations, adeptly learns robust semantic features that are resistant to 

targeted mutations [38], [42]. It is important that the model is at least moderately robust 

against evasion behavior by an adversary during its deployment. 

The results show a major limitation: although there are reliable 20-25% 

improvements with the improved discriminator, neither architecture offers enough 

adversarial robustness for high-stakes context (e.g., authenticating landmark photographs 

for insurance or legal usage). The enhanced architecture has enough robustness for 

educational and research purposes that will unlikely suffer from an attack. Further 

research needs to examine adversarial training strategies or certified defence mechanisms 

essential for deployment with security issues. 
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5.7 Conclusion and Statistical Summary 

The evaluation framework used bootstrapping for confidence intervals, McNemar 

paired comparisons, and DeLong ROC testing. It also imposed a robust assessment 

protocol to ensure that the advantages were due to actual architectural improvements and 

not to sampling or implementation issues. 

5.7.1 Primary Statistical Findings 

The overall evaluation framework produced three major findings, across which 

there were consistent patterns of significance and effect sizes. 

1. Generation Quality Improvements. The new architecture brings statistically 

significant improvements in generation metrics compared with the older one. Effect sizes 

ranged from Cohen’s d = 0.9 to 1.4 (moderate-to-large). An FID 27.4% lower than the 

baseline score corresponds to a massive improvement in performance, much beyond most 

GANs for which only a 2–5-point improvement is observed. This can be justified because 

we use SE blocks and noise injection along with improvements in minibatch statistics to 

exploit architectural imagery characteristics that are specific to the domain. [22][27]. 

2. Discriminator Performance Enhancement. An increase in accuracy from 

88.3% to 95.55%, which is an increase of 7.25 pp, leads to a relative error reduction of 

62% and leads to strong classification performance with only 4.45% error. This shows 

that progress is being made, but it is realistic for specialized domain discriminators that 

approximately 1 in 22 classifications is still incorrect. Statistical testing consistently 

confirmed the significance of the improvements.  

3. Robustness Superiority. Under systematic corruption testing, variable 

robustness varies, with 78-96% retention depending on the corruption type and severity. 
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The improved discriminator consistently maintains 12-18pp improvements over the 

baseline. As the severity of corruption increases, degradation patterns progress. This 

indicates a realistic vulnerability, maximizing architectural improvements. The frequency 

domain analysis yielded mixed results with some trade-offs. Adversarial attacks have 

revealed improvements of 15-25%, but fundamental weaknesses remain at stronger attack 

levels. 
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CHAPTER SIX 

CONCLUSION 
 
 
 

6.1 Research Summary 

This dissertation studied the StyleGAN architecture to generate images of 

Egyptian monuments. The research area lies at the intersection of generative AI and 

cultural heritage and is thus quite novel. We demonstrate that carefully adapted 

generative adversarial networks can capture the characteristic architectural elements, 

proportions, and stylistic features of Egyptian monumental architecture through 

systematic development and evaluation. 

Our study makes several key contributions to the literature. First, we designed an 

improved architecture of the discriminator by incorporating noise injection, SE blocks, 

and an improved MinibatchStdLayer, which significantly improved the generation quality 

[4], [6], [8]. Second, we adopted SigLIP to develop our image-text alignment method, 

which allowed us to build a semantically guided generation of a specific type of 

monument [53]. Third, we employed DE to optimize the latent space and determine the 

optimal seed values for targeted generation tasks [56]. Last, we explored how truncation 

parameters influence the quality-diversity trade-off in monument generation [2], [3]. 

Quantitative evaluations using the FID, IS, and Precision-Recall metrics show that 

our approaches improve upon the base models [6], [7], [29] by large margins; for 

example, our fine-tuned model obtains an FID of 24, while the StyleGAN base obtains 

33. Visual analysis confirmed these improvements, as it achieved better architectural 

accuracy, more consistent textures, and better preservation of hieroglyphs [1]. Using the 
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enhanced discriminator architecture, the FID is reduced by 27.4% (33.38→24.21), with a 

classification accuracy of 95.5% (vs. 88.3% baseline), and performance retention of 78-

96% across corruption types with 15-25% improved adversarial robustness. 

6.2 Research Implications 

There are several implications of StyleGAN succeeding in generating monuments 

in Egypt. Our results show that generative models can reproduce the intricate visual 

languages of historical architectural traditions when appropriately adapted and trained 

[2], [3].  Improvements to the discriminator architecture were particularly effective for 

architectural detection. This may also be useful for other types of cultural heritage 

applications [12], [72]. 

This study opens new avenues for digital preservation, education, and 

accessibility from a cultural heritage perspective. Producing and detecting high-quality 

and diverse representations of Egyptian monuments can be used as a tool for virtual 

tourism, educational material, and archaeological visualization [12], [15]. These 

applications have become even better owing to image-text alignment capabilities that can 

generate text-based targets [21], [53], [54]. 

The implications of our findings also apply to the representational capacity of 

generative adversarial networks [9], [102]. An analysis performed on truncation 

parameters pointed out the qualities and diversities in the generation of cultural heritage, 

which indicate the importance of architectural accuracy with variation [3], [99]. 

6.3 Limitations 

Although results are promising, this study has a few limitations. Although the 

training dataset is substantial, it cannot cover the entire variation in Egyptian monumental 
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architecture across all historical periods and locations. Owing to this limitation, certain 

monument types or architectural styles may not appear in the outputs. Next, the 

discriminator architecture improvements enhanced the generation, but minor details, such 

as weathering and subtle hieroglyphics, were still difficult to create consistently. This 

implies that even more complex architectural adaptations may be required to capture the 

fine details of Egyptian monuments.  

A third limitation is that the computational resources required to train and 

optimize these models are still quite large. This may hinder the use of these strategies for 

limited-resource settings such as local museums or educational institutions [130], [138]. 

Fourth, the analysis, which uses images of Egyptian monuments mostly available online, 

may not be representative of the full range of monuments but may be biased in terms of 

types of monuments and perspectives [35], [137]. To address this limitation, we endeavor 

to collect a more robust and diverse dataset from varied sources and acknowledge any 

personal bias in interpreting the findings. 

Additionally, the training dataset is very large and may contain some underlying 

biases as per the availability and popularity of certain types of monuments. Photographed 

Giza pyramids, Karnak temple, etc. are likely overrepresented in the sample, possibly 

biasing the generator toward styles of known monuments.  

Despite these ethical considerations, questions remain regarding the use and 

misuse of such technology to represent culturally significant things [12]. Concerns about 

historical accuracy and misrepresentation arise from the ease with which convincing 

imagery of monuments can be generated. 
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6.4 Future Research Directions 

Several promising directions for future research have emerged from this study. 

6.4.1 Technical Enhancements 

Future technical research should emphasize the following aspects: 

• The model can facilitate the generation of something that is controlled by two things, 

in this case, text and image, on which the conditions are based. 

• To better capture the finer architectural details and hieroglyphic elements, we can 

scale this approach to higher resolutions (1024×1024 or more). 

6.4.2 Application Domains 

Several application areas are worthy of further investigation: 

• Generative methods for envisaging hypothetical reconstructions of incomplete or 

damaged monuments [12] are also available. 

• Educational tools to allow users to interactively control the generation of architectural 

features (text, speed, and video) [14], [71]. 

6.4.3 Methodological Improvements 

Methodological advances can address these issues: 

• Few-shot adaptation: Techniques to adapt existing models to a new type of monument 

conditioned on very few training samples [50], [63]. 

• Cultural heritage professionals and stakeholders were involved in every step of the 

design. 

• The goal is to create more robust frameworks for assessing the historical and 

architectural accuracy of generated monuments that go beyond standard GAN metrics 

[40], [42]. 
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• Temporal stability analysis involves measuring long-term stability patterns and 

possible performance plateaus of the model during a longitudinal evaluation for a 

long training duration (50,000 – 100,000 iterations) [64]. 

Three directions to prioritize are 1) scaling to higher resolutions (1024×1024) so 

as to capture hieroglyphic details accurately, 2) implementing few-shot adaptations to 

extend the approach to under-represented monument types, and 3) developing human-in-

the-loop evaluation frameworks with Egyptologists to assess historical and architectural 

accuracy beyond computational metrics. 

6.5 Conclusion 

The experimented StyleGAN architectures demonstrated the potential to generate 

high-quality and diverse outputs for Egyptian monuments. This study offers solutions for 

the technical domain of generative modeling and the applied use case for cultural heritage 

preservation [2], [3], [12]. Such architectural enhancements, optimization techniques, and 

evaluation methods are discussed. 

The research presents a comprehensive statistical analysis demonstrating the 

superiority of the proposed discriminator architecture from different perspectives. 

Through thorough checks using bootstrap confidence intervals [18], McNemar's paired 

comparisons [19], and DeLong's ROC tests [20], followed by extensive robustness testing 

protocols [33], we observed significant improvements: 27.4% drop in FID (33.38 to 

24.21), 98.6% discrimination accuracy with a balanced 2-3% FPR and 3-4% FNR. 

Results maintained durability of 85 to 90% in a variety of corrupt types and 

approximately 24% greater adversarial robustness against FGSM and PGD attacks [39], 

[40]. Combined evidence from various statistical methods, in addition to large effect sizes 
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(Cohen’s d > 1.5), supports that these improvements are real architectural enhancements 

rather than mere sampling artifacts [21], [ 22]. 

The improved discriminator with noise injection layers, SE attention blocks, and 

MinibatchStdLayer performed the best on all evaluation dimensions. Frequency-domain 

analysis showed that multi-scale features could be learned with exceptional performance. 

A score of over 0.95 AUC across lowpass, highpass, and bandpass filtering indicates this. 

Furthermore, semantic perturbation testing showed invariance to lighting, style 

perspective, and color temperatures which is very robust [81]. 

As generative AI continues to evolve, its application in the context of cultural 

heritage offers exciting possibilities for preservation, education, and access. However, 

applications such as these must be heedful of their historical accuracy, cultural 

sensitivities, and ethical considerations. By fostering technical innovation while 

respecting the cultural context, generative Egyptian monument visualization can 

contribute to our knowledge of one of humanity’s greatest architectural achievements [3], 

[10].  

The evaluation method established in this study can be referred to by specialized-

domain GAN work in the future [30]. The architectural principles presented in this study 

also provide generalizable insights into the computer vision challenges that demand high-

quality, robust generative models [102], [144]. The improvements confirm the use of the 

enhanced discriminator architecture as a validated improvement and can be applied to 

cultural heritage scenarios, ranging from the digitization of monuments, virtual 

reconstruction, authenticity verification, and heritage preservation workflows [12], [13]. 
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As the generative AI technologies progress, their considered application to 

cultural heritage between technological advancement, historical accuracy, and cultural 

sensitivity presents unprecedented opportunities for preservation, education, and global 

access. According to the study, by applying architecture-specific adaptations, rigorous 

evaluation frameworks, and a frank articulation of shortcomings, it is possible to generate 

models that are useful rather than a substitute for heritage and that can complement 

professions such as archaeologists and historians. 
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