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ABSTRACT 

Generating realistic, high-resolution color face images remains a challenging task in computer 

vision because it requires both a precise structural representation of facial components and fine-

grained texture generation. Existing GAN-based techniques tend to fail in preserving semantic 

consistency between facial areas and generating high-quality textures, thus resulting in unnatural 

or blurry images. To solve these issues, this research presents a hybrid deep learning approach 

that combines Mask R-CNN for semantic facial region segmentation and a GAN-based generator 

for realistic face image synthesis. Mask R-CNN is used to precisely segment dominant facial 

features, including eyes, nose, and mouth, which are then employed to guide an attention-enhanced 

U-Net generator. The generator uses self-attention modules to model long-range spatial 

dependencies and channel attention to dynamically highlight informative feature channels, 

thereby preserving local and global image details. A multiscale PatchGAN discriminator enforces 

image realism at various scales, while training process employs a combination of pixel-wise, 

perceptual, feature-matching, and structural similarity losses to enhance overall image realism. 

The introduced method is compared on the CelebA-HQ dataset, with PSNR of 28.33, SSIM of 

0.9207, and FID of 21.77, outperforming baseline models and state-of-the-art methods. In 

addition, the employment of semantic guidance and attention mechanisms enables the model to 

generalize well even with small or diverse datasets, making it practical for real-world usage 

scenarios. The results show the framework's promise for high-fidelity facial synthesis in virtual 

reality, digital media, and other computer vision applications. 

 

 

Keywords: Color Face Synthesis, GAN, Mask R-CNN, Facial Features Segmentation, and 

Hybrid Deep Learning 
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CHAPTER ONE 

1. INTRODUCTION 

1.1 Background of the Study 

The creation of generative adversarial networks (GANs) has boosted the synthesis of color face 

images at a much faster speed, and their applications span virtual reality, face recognition, movie 

production, security and among others. GANs, first introduced by Goodfellow et al. in 2014, 

radically transformed artificial intelligence as they opened the doors toward generating fictional 

yet believable images in an adversarial learning process (Goodfellow et al., 2014). However, 

generating photorealistic, high-resolution face images with high quality, superior detail, and wide 

coverage across ethnicities and skin toners remains unthinkable. 

Older GANs, while revolutionary, typically suffer from issues such as low detail, low color 

fidelity, and a lack of diversity. Because they rely on extensive datasets, they tend to produce 

blurred outputs when generating high-resolution images. As a result, the majority of models fail 

to produce refined textures, shading, and fine face details essential for realism. Additionally, 

narrow variability in sample datasets tends to yield outputs with dominating narrow skin color and 

face traits, thus reducing their global representativeness (Radford, 2015). 

The limitations of these, though, prompted the creation of deep GAN models, notably the 

StyleGAN and the Auto-Embedding GAN (AEGAN). The former had introduced a vector of 

"style" that provided high-accuracy control in lighting, pose, and expression (Karras, Laine, and 

Aila., 2019). Although it absolutely excelled in the situation of face synthesis, however, it is still 

underperforming in the situation of the multi-ethnic face due to biases in the set. The AEGAN, 

meanwhile, has an auto encoder that seeks to identify the general pattern through the assistance of 

a denoiser that sharpens details, thereby elevating sharpness as well as structure accuracy (Guo et 

al., 2019). Its purpose remains, however, constrained by the specific characteristics of the set that 

it is being gleaned from and thus inhibit generalization as well as variety. 

These limitations place a requirement for a solution that can provide high detail enhancement 

alongside region-variant control in synthesizing faces. Combining Mask R-CNN with GANs 

provides an interesting solution (Chang et al., 2024). Mask R-CNN is better suited to object 

segmentation and object detection, whereby the regions of the face, i.e., nose, eyes, and mouth, 

can be accurately manipulated (He et al., 2017). In combination with GANs, the combination 
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provides improved texture detail, color accuracy, and structure similarity, accompanied by varied 

representation in skin shades and race. 

The present work puts forth a hybrid model that borrows the strengths of the GAN and the Mask 

R-CNN in order to generate high-quality, photorealistic color face pictures. The GAN part 

achieves the big-level realism as well as the structural integrity, whereas the region-level detailing 

is accomplished by the Mask R-CNN part. The two, in combination, are proposed as the solution 

to two very important issues in the production of face images, that being creating photorealistic 

output as well as representing various populations. 

1.2 Motivation of the Study 

The developments in information technology, computer vision, and artificial intelligence during 

the recent past have raised fears of misuse of facial photographs, such as illegal sharing and 

exploitative manipulation. The present processes of colorizing historic black-and-white 

photographs and early photographs of pre-fame celebrities are still not satisfactory. Likewise, 

judicial forensic confirmation reports in injury, disability, and death cases have also been criticized 

for translating into disproportionately low award values. To address such challenges, this study 

suggests a color face image generation model that is capable of supporting judicial investigation 

requirements. An open, large-scale face color image set was employed to improve the training of 

a convolutional neural network-based model for colorization. In contrast to existing state-of-the-

art deep learning methods based on less informative data, the proposed approach yields more 

realistic and close appearances. 

1.3 Problem Statement of the Study 

The construction of realistic, colored facial images is a formidable challenge in the field of 

computer vision, primarily due to the issue of achieving both color fidelity and structural accuracy. 

Though GANs have shown great promise in image construction (Goodfellow et al., 2014), such 

networks are often at a disadvantage in developing high-resolution facial features with proper 

detail in features such as eye morphology, pigmentation in the epidermis, as well as other fine 

characteristics necessary for obtaining an image that reflects a real human face (Karras, Laine, and 

Aila, 2019). Though conventional Generative Adversarial Networks are capable of generating a 

large number of images, they are otherwise disadvantaged by a lack of fine details, suffering 

several issues, including artifacts, uneven color distribution along blurred high-frequency regions 
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(Karras et al., 2020). Moreover, an effective definition for specific delineation in faces is essential 

so that constructed faces are a realistic representation of proper human facial expressions along 

with physiognomy. State-of-the-art models are otherwise at a disadvantage in enabling isolation 

and fine-tuning specific regions in a face, thanks to their insufficient handling of both structural 

integrity and color intricacy. There is a proven success in object segmentation tasks for Mask R-

CNN in its ability to clearly define a target region in an image (He et al., 2017). Today's challenge 

is finding a method in which such segmentation potency can be translated into a GAN-based 

generative model in order for it to improve in constructing facial images. Thus, there is a need for 

a hybrid approach in maximizing the generative capability in a GAN while taking advantage of a 

fine segmentation capability in a Mask R-CNN so as to construct detailed, realistic, colored facial 

images. Overcoming such problems would further open up avenues for applications for 

constructing synthetic faces for entertainment, digital identity, and privacy-driven applications. 

1.4 Research Questions 

This study sought to address the following research questions: 

RQ1: How does integrating Mask R-CNN as a semantic feature extractor impact the quality of 

color face generation? 

RQ2: What techniques are applied within the GAN model to improve the quality of generated 

color faces? 

RQ3: In terms of image quality and realism, how does the proposed hybrid approach perform 

compared to standalone GAN models? 

1.5  Objectives of the Study 

1.5.1  General Objective 

The general objective of this research is to create a hybrid Mask R-CNN and GAN model that can 

produce high-quality, realistic color face images with precise representation of facial features. 

1.5.2 Specific Objectives 

The following specific objectives were drawn to meet the overall objective of the research: 

 Utilize facial image datasets from public sources 

  Preprocess the dataset obtained by normalization, resizing, and aligning face images to 
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make the data ready for training the models. 

 Utilize a pre-trained Mask R-CNN model for accurate facial region segmentation 

 Create and train a GAN model for generating realistic and high-quality color face images 

 Hybridize Mask R-CNN with a GAN model in a way that the model learns to give more 

attention to valuable facial region such as eyes, nose, and mouth. 

 Train the hybrid model to generate realistic and high-resolution color face images given 

condition on segmented mask regions. 

1.6  Significance of the Study 

This work is advancing one of the frontiers of computer vision issues: generating photorealistic-

colored high-resolution faces with good facial structures and consistent color. With the integration 

of Mask R-CNN and GANs, this hybrid system presents a solution that not only generates 

photorealistic faces but also maintains rich structural details through region-adaptive importance 

assignment. This boost is its value in gold to use cases needing realistic and accurate face models, 

be it facial recognition, augmented reality, animation, or medical imaging. This project aims to 

advance spatial accuracy and image quality in general and popularizes synthetic dataset generation 

to fill data gaps for deep learning-based applications. The model enables high-definition face photo 

synthesis in a novel way, and this creates potential for future use in facial attribute editing, 

verification, and virtual media application. Moreover, the hybrid strategy also creates potential for 

future investigation of GAN combination with other region-based approaches so that the 

generative as well as the discriminative capability can be harnessed at the same time. At last, the 

outcome enables image synthesis in every application field to tradeoff between image quality and 

computation expense, and advance technical innovation and application. 

1.7 Scopes and Limitations of the Study 

1.7.1 Scope of the Study 

This study focuses on building a hybrid deep learning model that integrates Mask R-CNN with 

GANs for high-resolution color face generation. The research process includes model design, 

implementation, training, and evaluation, carried out on the CelebA-HQ dataset, which provides 

high-quality facial images. 

The scope of this study: 
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 Designing and building a hybrid model using Mask R-CNN for face region extraction and 

GANs for generating high-resolution face images. 

 The CelebA-HQ dataset, which comprises high-resolution facial images, is used to train and 

test the model. 

 Testing of the model qualitatively (visual evaluation) as well as quantitatively (PSNR, SSIM, 

FID) to validate its performance. 

 Comparison of proposed model performance with state-of-the-art existing deep learning 

methods for face generation 

1.7.2 Limitations of the Study 

Although the proposed hybrid deep learning model is promising, it also has several limitations to 

mention. These constraints define the scope of this research and propose directions for future 

improvements: 

 The study is confined to synthetic face generation, and it does not extend to real-time 

applications such as video synthesis or deep fake detection. 

 The model was trained on CelebA-HQ, which mostly consists of celebrity faces and might 

not generalize well to other datasets. 

  Computation limits can influence training time and hyper parameter tuning. 

1.8  Contributions of the Study 

The present work reports some of the most compelling results obtained from design and 

experimentation of the suggested hybrid deep learning architecture. The main contributions and 

results are summarized as follows:  

 The study introduced a novel hybrid architecture that incorporates Mask R-CNN with GANs 

for enhancing structural coherence and naturalness of color face synthesis.  

 The generator was also supplemented by channel attention and self-attention mechanisms in 

a manner so that the model can learn long-distance spatial relations as well as give more 

importance to relevant feature channels in a way that global as well as local details are 

preserved.  

 A multi-scale PatchGAN discriminator was used, which ensured realism at different 

resolutions by maintaining fine detail and global structure.  
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 Training was guided with a combination of pixel-wise, perceptual, feature-matching, and 

SSIM losses to generate dramatically improved visual quality and structure consistency of 

outputs. 

1.9 Organizations of the Study 

This study consists of seven chapters, which are stated below.  

Chapter One: It states an overview of the study's requirement, the issues, and the problem that 

motivated us to carry out this research. 

Chapter Two: It discusses literature reviews, machine learning and deep learning algorithms, 

image-to-image translation, image generation, face synthesis, and similar past works carried out 

on face image generation tasks. 

Chapter Three: It describes research techniques like dataset collection, preprocessing of data, 

development tools, baseline activity, and metrics for evaluation. 

Chapter Four: It provides a precise description of the architecture of the proposed model with the 

generator network design and discriminator networks, model learning functions, and pseudocode 

describing the training procedure. 

Chapter Five: It describes using the model, demonstrating a code snippet of the proposed solution, 

listing the hyper parameters employed, and describing the experiment class. Chapter Six: It 

describes the results of the proposed method and compares them to previous studies. Chapter 

Seven: It gives a summary of the research findings and future study recommendations. 
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CHAPTER TWO 

2. LITERATURE REVIEW 

2.1 Overview of Literature Review 

Computer vision is a discipline of computer science that seeks to produce knowledge in the form 

of semantic information from images with the overall objective of understanding a scene 

(Rosenfeld, 1988). Computer vision enables computers to provide an interpretation of image data 

and make decisions based on them, just like the eyes and brain of a human perceive and understand 

the world. Computer vision encompasses methods for image acquisition, processing, analysis, and 

interpretation of digital images, along with high-dimensional feature extraction. With the use of 

artificial intelligence, machine learning, and image processing technologies, computer vision can 

allow systems to recognize patterns, object detection, and even interpret behavior within videos or 

images. 

Machine learning (ML) was defined as the art of causing machines to learn and improve by 

themselves without special programming (Samuel, 1959). As a substitute for hardcoded rules 

usage, ML algorithms employ statistical techniques to enhance the ability at a task with experience. 

The field has developed with the advent of big data and high-performance computing that has 

opened up new avenues for modeling and analyzing complex, data-intensive processes (Wang, 

Sindagi, and Patel, 2018). Depending on the learning process and the type of data, ML techniques 

can be divided into three main categories: supervised learning, unsupervised learning, and 

reinforcement learning. Supervised learning is associated with labeled input data with known 

output. Unsupervised learning finds patterns or clusters within unlabeled data. Reinforcement 

learning is where an agent learns about an environment and determines the best actions through 

trial and error in the form of rewards or punishments. ML is the basis of computer vision, though 

image and video data are very high-dimensional and complicated, and are found challenging to 

standard ML techniques. Choosing helpful features will be challenging; hence, the deep learning 

subfield emerged. 

 

Deep learning revolutionized computer vision, particularly with Convolutional Neural Networks 

(CNNs), which have gained phenomenal progress. Although initially proposed by LeCun et al. in 

1989 for handwritten digit classification (LeCun et al. 1989), CNNs have emerged as the preferred 
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architecture due to their use in a wide range of applications, ranging from computer vision to 

natural language processing (Alzubaidi et al., 2021). The recent advance has also brought about 

incredible generative models based on CNNs that have the ability of learning complex patterns 

and producing new data that is barely different from the initial set of data. Among all these, the 

GAN is particularly famous. A generator and a discriminator are pitted against each other to reach 

a Nash equilibrium in order to produce remarkably realistic generated data. Goodfellow et al, 

introduced this game-theoretic approach for the first time in 2014. 

2.2 Overview of Face Image Generation 

Face synthesis is the process of creating lifelike images of human faces using deep learning 

techniques, particularly GANs and their variants. This task can be split into two parts: conditional 

generation, which allows the user to manipulate different attributes like pose, age, expression, or 

style, and unconditional generation, which creates completely new identities. High-fidelity, 

controllable, and identity-preserving synthesis across various modalities, such as RGB, sketches, 

and near-infrared images, has been made possible by recent developments like StyleGAN and 

geometry-guided GANs. For privacy concerns, face synthesis is used extensively in identity 

creation, entertainment, and data augmentation. The preservation of identities, disentangled 

control, dataset bias, and evaluation metrics are additional issues that face synthesis presents. 

Furthermore, Mo, Lu, and Liu ( 2022) have also shown how varying the spaces of colors can have 

significant effects on detecting and recognizing synthetic faces, bridging synthesis research with 

the growing need for strong synthetic face detection systems. 

2.3 Face Image Generation Techniques 

In recent years, facial color image generation has advanced significantly, mostly as a result of 

improvements in deep learning algorithms. Variational Auto encoders (VAEs), GANs, and hybrid 

models which combine several techniques for increased accuracy and realism. 

2.4 Generative Adversarial Networks   

A GAN is a computer learning model based on earlier research by (Goodfellow et al. 2014) on noise 

contrastive estimation and loss functions in the existing models (Grnarova et al. 2019). The 

practical application of GANs began to occur around 2017, particularly in the generation of high-

quality human face images, which was useful in image enhancement and illustration quality. 
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Although the concept of adversarial networks was originally proposed in an Olli Niemitalo blog 

in 2010, the approach can also be termed as Conditional GAN. 

Generative models are also a type of deep learning method. Deep learning is an approach that 

utilizes neural networks with an unspecified number of layers. It is considered a subdomain of 

machine learning. The techniques are widely used in applications such as image recognition, voice 

synthesis, and data mining, where hierarchical models are constructed to represent the probability 

distributions of data. In wireless communication networks, deep learning in the form of conditional 

GANs with DNNs can perform encoding, decoding, modulation, and demodulation. Directing 

DNN operations requires a precise, real-time evaluation of the channel transfer status (Ye et al., 

2018). 

 

GANs, which were formulated for the first time in the vicinity of 2013 by researchers attempting 

to replicate animal behavior, are a new deep learning model. They function through the 

employment of two neural networks: a generator, which produces images, and a discriminator, 

which checks for their validity. For example, in identifying real and fake images, the generator 

produces fake images that are similar to real images, while the discriminator attempts to 

differentiate between real and generated images (Hsu, Zhuang, and Lee 2020). The networks tend 

to use CNN architectures. Training continues until the discriminator can no longer consistently 

distinguish real and generated images as real or generated, i.e., the generator has learned to 

generate very realistic descriptions. Generated images may appear realistic to audiences and 

occasionally exhibit characteristics of real images (Marra et al. 2018). GANs are applicable in 

supervised learning and unsupervised learning, and also in reinforcement learning, where the 

generator produces candidate images and the discriminator verifies them. 
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Figure 2. 1  Block diagram of the Generative Adversarial Network  

GANs were originally introduced (Goodfellow et al. 2014) based on game theory, where two 

neural networks, the discriminator and the generator, are involved. They play against each other 

to reach a Nash equilibrium. The generator tries to produce facial images as realistic as possible in 

order to fool the discriminator into classifying them as real. Meanwhile, the discriminator evaluates 

the images and forwards the feedback to the generator, which helps the generator improve its 

ability to produce realistic fake data that can fool the discriminator (Figure 2.1). The two networks 

engage in a min-max game, defined by an exact value function (Eq. 2.1). 

 

min
𝐺

max
𝐷

[𝔼𝑥∼𝑝𝑟
[log(𝐷(𝑥))] + 𝔼𝑧∼𝑝𝑧

[log(1 − 𝐷(𝐺(𝑧)))]]                         (Eq. 2.1)     

 

 

Where G and D represent the generator and discriminator models, respectively, the generator 

attempts to approximate the probability distribution of the samples given an input equation, 

producing data that closely resembles real samples. 

 

2.5 Generative Adversarial Networks Architectures 

2.5.1 Deep Convolutional GAN (DCGAN) 

DCGAN is the most popular and applied type of unsupervised learning method. In DCGAN, CNNs 

are used in place of the Multilayer Perceptron (MLP) with additional constraints. The effectiveness 
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of Convolutional Neural Networks in both unsupervised and supervised learning has been 

enhanced with the introduction of DCGAN. Figure 2.2 depicts the Generator structure of DCGAN. 

The discriminator is the inverse of the Generator, i.e., it takes input image data and produces two 

numbers. The forward process is used on the Discriminator side, which consists of the Conv 

Transpose or Deconv processes at each (S and Durgadevi 2021). 

 

Figure 2.2: Architecture of the generator in DCGAN(S and Durgadevi 2021) 

2.5.2 Fully Connected GAN (FCGAN) 

Goodfellow (Goodfellow et al. 2014) proposed his actual GAN, which uses FCGAN for the 

Discriminator as well as the Generator. Normally, the FCGAN method is used most of the time on 

some simple image datasets like the Toronto Face Dataset, CIFAR-10, and MNIST. Good 

generalization is not provided for more complex images in Fully Connected Neural Networks(S 

and Durgadevi 2021). 

2.5.3 Conditional GAN (CGAN) 

Conditional GAN is a type of supervised learning GAN method, in which each Discriminator and 

the Generator are conditioned to some extra auxiliary data ‘C’. In the Generator side, the input 

noise ‘Z’, and auxiliary data ‘C’ are mixed and trained together as shown in Figure 2.3. The 

framework is used to check the flexibility of how the hidden representation ‘C’ is composed. This 

information consists of class labels or data from other modalities. In general, the network structure 

is a Multilayer Perceptron (MLP) for CGAN(S and Durgadevi 2021). 
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Figure 2.3: Conditional GAN (CGAN)(S and Durgadevi 2021) 

2.5.4 CycleGAN 

The objective of image-to-image translation is to learn a mapping between an input image and a 

corresponding output image using a training set of aligned image pairs. However, in many cases, 

such paired training data is not available. CycleGAN (Heusel et al. 2017) proposed a method for 

learning to convert an image from a source domain X to a target domain Y without the need for 

paired examples. It is a type of generative adversarial network for unpaired image-to-image 

translation. For two domains X and Y, CycleGAN (Heusel et al. 2017) learns a mapping G: X→Y 

and F: Y→X. The innovation is in attempting to ensure that these mappings are inverses of each 

other and that both mappings function as bijections. This is accomplished through a cycle 

consistency loss that promotes F(G(x)) ⁓ x and G(F(y)) ⁓ y. Combining this loss with the 

adversarial losses on X and Y yields the full objective for unpaired image-to-image translation.  

 

 

Figure 2.4: Cycle GAN (Zhu et al., 2017) 
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2.6 Mask Region-based Convolutional Neural Networks (Mask R-CNN) 

Region-based approaches, specifically Mask R-CNN, are typically applied in segmentation tasks, 

allowing the model to efficiently learn spatial correlations between face regions. Mask R-CNN 

was discovered to be effective in precisely localizing and segmenting the region of interest  (Heusel 

et al. 2017), and thus is applicable in scenarios where spatial precision as well as object localization 

are paramount, e.g., facial attribute detection and medical imaging  (Krizhevsky, Sutskever, and 

Hinton 2012). 

 

 

Figure 2.5: The Mask R-CNN framework for instance segmentation (He et al., 2017). 

Mask R-CNN and GANs combination holds tremendous potential for the enhancement of feature 

localization. The combination of Mask R-CNN and GANs, according to the latest research as put 

forward by Chen et al., not only improves the quality of the produced image, but also accuracy in 

feature segmentation (Shu et al. 2020). Similarly, GAN hybrid models that integrate GANs with 

region-based models have become more popular for their ability to improve the realism and fidelity 

of output images. Zhang et al. (Daras et al. 2020), for example, emphasized the ability of attention 

in GANs to drastically enhance the attention of the model towards the most important facial 

regions. Additionally, Mirza and Osindero's (2014) work on conditional GANs was found to 

condition that could restrict image generation to a region, and it is very well-suited for localized 

face enhancement if combined with Mask R-CNN. 

From a measuring perspective, generative models are generally measured in terms of scores 

comprising the FID, which approximates distributional closeness between real and generated 

images within the latent Inception network space (Heusel et al. 2017). FID is presently regarded 

as the de facto metric, with studies by Salimans et al. ( 2016) showing low FID scores to be strongly 

correlated with higher perceptual quality. Besides other assessment factors, FID enables a similar 

comparison of generative models and facilitates improvement on an ongoing basis in image 

generation. 
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According to the improvement gained, the paper proposes a hybrid Mask R-CNN and GAN model 

designed particularly to generate high-quality, realistic-color face images. By harnessing the 

precise region-level segmentation of Mask R-CNN with the generation ability of GANs, the 

approach is bound to outperform single-GAN models. 

The new hybrid method provides a fresh approach to synthetic face generation that can find 

applications in augmented reality, face recognition, and other areas using high-fidelity facial 

images and is likely to capture the global facial shapes as well as local facial structures. 

2.7 Translation of Image to Image (I2I)  

For instance, when we have a selfie image and we wish to convert it into a more creative form, 

such as a cartoon drawing, such research is referred to as image-to-image translation. I2I 

translation attempts to transfer images from one class to another without losing the content 

representations (Pang et al., 2022). Image-to-image translation processes can be implemented 

through supervised training or unsupervised training settings. The 19 supervised I2I translations 

require a set of pairs of sample datasets to project source images into target images. Constructing 

a dataset for all the matched samples can improve translation performance with supervised I2I 

translation, although it is difficult and expensive. Unsupervised I2I translation overcomes the 

problem of translating a given image from one source to another using paired training samples 

(Shukla et al., 2019). I2I translation is gaining popularity today since it can be applied in various 

computer vision applications, such as image colorization, face generation, and face recognition. 

2.8 Face Recognition  

Human facial appearance is a window to a person's internal state. It is able to provide a lot of 

information, like the person's mood, what a person is planning to do with others, and how 

concentrated an individual is. Other than these emotional cues, facial features are also significant 

when it comes to recognizing a person. Facial recognition is a field within computer vision that is 

tasked with automatically identifying people based on digital images or video. This is not only a 

matter of face presence detection but also the extraction and analysis of its characteristic features. 

In order for proper recognition, the system must be invariant to changes in factors like illumination, 

facial expressions, pose, aging, and even minor image transformations. However, image 

translation, rotation, scaling, and pose are some of the hard problems in face recognition (Parmar 

& Mehta, 2014). It is now one of the most popular biometric techniques used for identity 
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authentication, being utilized in areas such as military, finance, public security, and even in 

everyday life. 

2.9 U-Net 

The U-Net model, initially introduced by Ronneberger et al. (2015), is a powerful convolutional 

neural network used mainly for semantic segmentation. With its encoder-decoder structure 

supported by skip connections, it has shown outstanding performance in a very general class of 

image-to-image translation and reconstruction problems, thereby making it extremely well-suited 

to produce high-fidelity images. By integrating hybrid attention mechanisms in the U-Net, it is 

even more powerful in concentrating on key features at multiple scales. Such integration is 

particularly helpful for sophisticated image transformations, i.e., transforming slanted iris images 

to real frontal ones, where precise rendering of fine textures and structural details is most important 

for achieving high-quality outputs. 

 

Figure 1.6 U-Net Architecture 

2.10 Related Work 

Chang et al. (2024) introduce an innovative GAN that produces colored portraits from the input 

sketch. The process utilizes GPU computing for efficient processing and training. Comparative 
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multi generation comparison is the context in which authors explain the suggested GAN model. 

They suggest creating multi-skin tone portraits through the preparation of a face dataset with labels 

according to skin color and ethnicity. This is done in an attempt to restrict the shortcomings of 

normal networks that are trained on a single skin tone. Kaushik and Singh (Kaushik and Singh 

2022) propose Deep DCGANs in generating images of human faces. Backpropagation and 

competitive training and a generator (G) are employed in generating imposter images, using a 

generator (D) which will be capable of distinguishing between real and imposter images. The 

model generates realistic human faces from raw data and noise. The model is effective with the 

SSIM and PSNR measures. 

 

Guo et al. (2019) introduce the AEGAN generating high-resolution images of higher perceptual 

quality. Traditional GAN-based models remove high-resolution detailed complex information. 

Thu s, they can generate foggy or incomplete structures. AEGAN solves the issue by employing 

an auto encoder to preserve the image structure and a denoising network to produce more detailed 

details and photorealism. The experimental result verified that AEGAN could learn to produce 

512×512-pixel images with better-structured sharpness and more contents than baseline 

approaches. It was tested on different datasets including Oxford-102 Flowers, Caltech-UCSD 

Birds, CelebA-HQ, LSUN, and ImageNet and produced better image realism and quality. 

 

Karras, Laine, and Aila (2019) presented StyleGAN, a high-res face generation model with 

controllable attributes like pose, expression, and lighting. Using a style vector within generator 

layer feature map synthesis, StyleGAN generates extremely realistic human faces and it is an 

improved generative model. Its weakness in generating portraits with a single skin tone is that it is 

not highly variable. Future studies will be dedicated to increased ability to build portraits in various 

skin tones and races with increased inclusivity. 

 

Miranda-Hernández, Castelán, and Torres-Méndez ( 2012) proposed a face color synthesis method 

through the application of Partial Least Squares (PLS) regression hybrid and luminance-α-β color 

space conversion. The existing synthesis methods suffer from loss of uniformity of colors with 

varying lighting conditions, thus unrealistic. PLS approximates the congruence of face colors and 

luminance variation by their method. The distortion minimization is also utilized using luminance-
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α-β space. The method acquires certain importance in computer vision and face recognition. 

Realistic and authentic skin tone description is of utmost concern both for realism as well as 

usability. 

Wang, Sindagi, and Patel (2018) introduced a multi-adversarial network for generating 

photorealistic photo-sketch synthesis. This article attempts to break the limitation of traditional 

methods. Traditional methods lack necessary structure information and possess accuracy problems 

as far as precision is concerned. They use more than one generator and discriminator in such a 

manner that they are able to produce more realistic and accurate sketches without losing facial 

features. This attempt is central to applications of face recognition, entertainment, and security 

where high-quality sketching is needed. 

 

Sun et al. (2022) suggested a face-to-sketch translation using a generative adversarial fusion 

approach. It focuses on structural accuracy instead of aesthetic appeal. Other techniques cannot 

provide accurate data and authentic facial edges and hence yield sketches with too little plausible 

information. Their method utilizes a chain of adversarial networks to make the generation process 

even longer and generates aesthetically pleasing and structurally accurate sketches. This is utilized 

in face recognition, computer graphics, and security all which need high quality sketch conversion.
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Table 2. 1: Related Work in Color Face Generation 

Related 

Papers 

Datasets Methodology Contributions Limitations/Gap Gap Addressed in 

Current Study 

Wang et al. 

(2018) 

CUHK Face 

Sketch, 

CUFSF  

Multi-adversarial 

network for photo-

to-sketch generation. 

Enhances realism and 

structural accuracy in facial 

sketches by employing multiple 

adversarial networks, resulting in 

more detailed and realistic 

outcomes. 

Applicable only to photo-

to-sketch conversions; 

may not generalize well 

to other image types. 

Current study focuses on 

color face generation 

rather than sketch, 

addressing generalization 

for real face synthesis 

Chang et al. 

(2024) 

CelebA-HQ Improved GAN with 

GPU-based training 

and image generation 

P ro po s ed  an improved GAN 

model to enhance the quality and 

diversity of synthesized color face 

images. Addresses limitations of 

standard GANs in capturing 

realistic color and texture for 

various skin tones and facial 

features. 

Primarily focused on color 

face generation; 

adaptability to a more 

complex image domain is 

uncertain 

Uses Mask R-CNN for 

semantic segmentation to 

improve structural and 

color accuracy 

Wang et al. 

(2018) 

Pix2PixHD 

Cityscapes Multi-scale GAN + 

feature matching + 

perceptual loss 

 

High-resolution and photorealistic 

synthesis 

Focused on scenes, not 

face-specific; lacks 

semantic face 

segmentation 

Applies instance-level 

face segmentation for 

accurate facial detail 

synthesis 
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Miranda-

Hernández et 

al. (2012) 

 

Custom 

datasets 

 

 Partial Least 

Squares regression 

integrated with 

luminance color trans 

form. 

Improves facial color synthesis 

and ensures more even skin tone 

representation under changing 

lighting.  

Enhances facial recognition and 

color accuracy. 

May not fully address all 

lighting variation 

challenges in complex or 

dynamic environments. 

Current study uses GAN 

with attention 

mechanisms to improve 

realism under variable 

conditions 

Sun et al. 

(2024) 

AffectNet Multi-scale Mixed 

Attention GAN with 

residual connections 

and mixed attention 

module 

Enhances synthesis of facial 

expression, image quality, and 

realism. 

Synthesized faces often 

show blurring or 

overlapping features, 

resulting in unnatural 

expressions 

 

Addresses fine-grained 

facial feature 

preservation using Mask 

R-CNN guidance 

Karras et al. 

(2019) 

FFHQ, 

CelebA-HQ 

 

StyleGAN with a 

“style” vector to 

control features like 

pose, expression, and 

lighting. 

Enables fine-grained manipulation 

of image features and generates 

photorealistic human faces at high 

resolution.  

Expands the Capability of 

generative models in portrait 

synthesis. 

Struggles to produce 

ethnically diverse and 

multi-toned facial images. 

Focused only on makeup 

style transfer; lacks 

conditioning on structural 

face masks. 

Introduces Mask R-CNN 

semantic masks to guide 

GAN and improve 

structural fidelity 

He et al. 

(2017) 

MS COCO, 

Face detection 

datasets 

Instance 

segmentation via 

ROIAlign + FCN 

High-accuracy object and face 

region extraction 

Not generative; needs 

integration with GANs for 

synthesis 

Current study integrates 

Mask R-CNN with GAN 

for color face generation 
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Zhang et al. 

(2019) 

SPADE 

(Semantic 

Image 

Synthesis) 

 

COCO, 

ADE20K 

Spatially-adaptive 

normalization with 

semantic maps 

Semantic-to-image synthesis with 

fine control 

Needs pixel-wise masks; 

no instance-level face 

handling 

Current study uses 

instance-level Mask R-

CNN masks to improve 

semantic precision 
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Table 2.1 lists the most applicable prior studies in color face generation with the datasets, 

approaches, contributions, and limitations of each paper. The preliminary studies began with 

sketch-to-photo translation, followed by more advanced models based on GANs that improved the 

realism and diversity of the faces. Other studies utilized semantic-based methods, region-aware 

learning, or attention mechanisms to improve facial image synthesis. Although such approaches 

have made significant contributions to the research, they are still hampered by low generalizability, 

lack of structural consistency, inadequate handling of various skin colors, and insufficiency of 

proper preservation of fine local features such as eyes, mouth, and hair. Segmentation-based 

methods provide accurate region extraction but do not have the inherent generativity, which 

indicates the absence of structural guidance and image synthesis cohesion in existing approaches. 

To complement such limitations, the present work presents a hybrid deep learning model 

integrating Mask R-CNN and GANs for generating color faces. With the help of precise instance-

level segmentations as structural priors, the model at hand enhances boundary precision and 

enforces structural coherence along the generation process. The GAN component is subsequently 

encouraged to produce photorealistic faces with more texture, color accuracy, and high-resolution 

local detail preservation. The method also tries to promote diversity and fairness in generated faces 

by pushing improved representation within facial attributes and skin tones. According to this, the 

hybrid Mask R-CNN + GAN model aims directly to address the limitations of current approaches 

towards structure-aware, high-fidelity, and multi-color facial synthesis. 
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CHAPTER THREE 

3. RESEARCH METHODOLOGY 

3.1 Overview of the Chapter 

This chapter outlines the methodology adopted to carry out this research. It describes an overview 

of the steps carried out to develop and test a color face generation model. It discusses datasets and 

the preprocessing techniques performed. Finally, it mentions evaluation metrics, software libraries, 

and hardware utilized for developing and training the model. The method adopted in conducting 

this thesis includes defining the area of research, conducting a review of the literature from other 

researchers, reviewing the gaps in past research, developing research questions, choosing the right 

tools and techniques, preparing and gathering datasets, and lastly designing and implementing the 

proposed solution. Figure 3.1 illustrates the general research design process overview from the 

identification of the research area to model development, model evaluation, and report writing. 

 

Figure 3. 1: Overall Research Process 
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3.2 Description of Study Area 

This work presents a thorough exploration of the state-of-the-art deep learning techniques for the 

best performance ever for facial image synthesis, intending to combine Mask R-CNN with GAN. 

The work tries to synthesize high-resolution, color-correct face images with fine-grained facial 

detail in primary facial regions, especially under partial occlusion by some level of masking. Mask 

R-CNN also carries out face localization, along with facial sharpening of significant facial features 

such as the nose, mouth, and eyes. Some of the application areas of the work include occlusion-

based face recognition, media, virtual avatar creation, augmented reality, and even medical 

imaging, where realistic face generation can be beneficial. 

3.3 Datasets 

The research focused on the challenge of facial generation using state-of-the-art deep learning 

techniques. Deep learning models significantly rely on being provided with data to learn perfectly. 

Data was therefore at the heart of our research work. Mask RCNN and CelebA-HQ datasets were 

utilized for training and testing in face generation using GAN. This data set was picked specifically 

for being of the very best quality and having a very broad variation of facial traits. 

CelebA-HQ is a high-resolution extension of the original CelebA (Celebrities Attributes) dataset 

(Liu et al. 2015) with over 200,000 celebrity faces and labeled facial attributes. In contrast to the 

lower resolution (178×218 pixels) image data in the original, CelebA-HQ offers 30,000 high-

quality images resized to a resolution of 1024×1024 (Karras, Laine, and Aila 2019), which 

experienced enhanced visual quality with the elimination of duplicates, artifacts, and low-quality 

aligned faces. All images are labeled with the same 40 binary attributes, such as gender, smile, 

eyeglasses, and facial hair (Zhang et al., 2018), which makes it an excellent case of facial attribute 

classification and applications of generative models. The dataset is widely utilized in deep learning 

and computer vision communities to train GANs like StyleGAN (Karras, Laine, and Aila 2019), 

besides other applications like face editing, super-resolution, and landmark localization. Even 

though the raw CelebA dataset can be accessed on websites such as Kaggle and the MM Lab 

website, the variation between CelebA-HQ and the raw images most likely calls for processing or 

even particular scripts (Hsu, Zhuang, and Lee 2020). Due to its increased quality and reliability, it 

has been used as a normative reference to consider research regarding face image synthesis and 

analysis (Wang et al., 2021). 
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Figure 3.2: Dataset Samples 

The CelebA-HQ dataset was chosen for its superior visual appearance, structured alignment, and 

full facial features, which are crucial to the training stability of GANs and realism of generated 

outputs. However, it comprises an inherent celebrity bias, which limits the diversity of ethnicity, 

age, and surrounding conditions. In spite of the higher ethnic and photo diversity options such as 

FFHQ and DIV2K, they were not employed in this research due to their weaker labeling 

consistency and less precise face alignment, considerations that are determinant for Mask R-CNN 

segmentation precision. 

3.4 Pre-processing Techniques 

Preprocessing is essential for good-quality color face synthesis because its conditions images to 

suit the model's requirements. Preeminent amongst these steps is resizing and normalizing the 

image, which provides consistency and standardization throughout the dataset. 

3.4.1 Image resizing 

Because the dataset can have images of varying sizes, it's necessary to resize all the images in one 

format. Resizing images is an important deep learning preprocessing that enables input data to be 

fitted into the given network size. In particular, images should be resized to 256x256 pixels. Such 

standardization is easy to process in batches, so that input to a model can be convenient. But 

inaccurate resizing can result in loss of information as well as deformation of the image, and 

therefore should be accomplished with caution. 
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3.4.2 Normalization 

Normalization is a simple preprocessing that normalizes the pixel intensity of images typically to 

a standard range such as [0, 1]. Normalization standardizes all the images with the same dynamic 

range and prevents the generative model from becoming biased by the image-to-image differences 

in the pixel intensity. This is an important feature of GANs since it enables the network to learn 

meaningful features without distraction from variation differences in pixel values. Normalization 

also prevents outliers or high pixel value instances that could destabilize training and lower image 

quality otherwise. Overall, application of normalization is found to improve model convergence, 

training stability, and assist in generating face images of higher color quality and realism. 

3.4.3 Data Augmentation 

Data augmentation techniques are strong machine learning techniques that are used to artificially 

increase the size and diversity of a training set. By converting current data into other forms of data, 

they add diversity, allowing the model to train on a far greater diversity of situations than would 

otherwise be seen. Introduction of variability is useful since it renders and makes the model robust 

and adaptable when operating in varying conditions and hence protects it from overfitting. In this 

research, we used a number of augmentation techniques to improve our dataset. These included 

horizontal flip to produce mirror images and thereby train the model's orientation invariance; 

random rotation to alter the view of images and mimic other views; and brightness, contrast, and 

saturation changes to compensate for lighting differences. The ultimate aim of this enrichment 

process was to generalize the model, and it then leads to improved performance on new data as 

well as in practical application (Krizhevsky, Sutskever, and Hinton 2012). 

These preprocessing steps were not trivial but were specifically intended to stabilize GAN training. 

GANs are extremely sensitive to input magnitude and distribution of pixel values; different image 

sizes or non-normalized pixel ranges will result in generator and discriminator imbalance, either 

in the form of mode collapse or unstable convergence. Rescaling to 256×256 is a compromise 

between computational feasibility and sufficient feature resolution for facial details. Normalization 

makes gradient flow stable during adversarial optimization, and augmentation leads to better 

generalization towards various facial orientations and light conditions, having a direct impact on 

the realism and variety of synthesized color faces. 
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3.5 Data Partitioning 

The dataset for the study is 10,000 face images. In order to train and test the model efficiently, 

data were split into training, validation, and test sets. The training set had 75% of the total data 

(7000 images) and was used for the tuning of the hyper parameters of the model. The validation 

set had 15% of data (1500 images) and was used to tune hyper parameters and prevent overfitting. 

The remaining test set, i.e., 15% of the data (1500 images), is kept aside as a hold-out set for end 

model performance evaluation. Such partitioning allows strict testing of the generalization ability 

of the model on unseen data. 

3.6 Hardware and Software Requirements 

A range of software and hardware tools was utilized in the design and implementation of this study. 

3.6.1 Software Requirements 

Software tools aid in numerous phases of the research process, ranging from model building and 

data preprocessing to visualization and deployment. The software used in this study is summarized 

in Table 3.1 

Table 3. 1: Software Tools 

Software Description 

Anaconda An open-source package that bundles Python and R with a multitude of scientific 

computing, machine learning, and data science libraries. It simplifies package 

deployment and administration by bundling several open-source packages into a 

single installation. 

Jupyter 

Notebook 

An interactive web-based notebook interface that enables users to create and 

share documents that contain executable code, equations, visualizations, and 

narrative text. 

PyTorch A free machine learning platform commonly used for developing and training 

neural networks for various machine learning applications. 

EdrawMax  Presentation, analysis, and design software are used here to create system 

diagrams and illustrations that are relevant to the work proposed. 

Google Drive A cloud data storage service where the datasets have been kept and shared to 

make preprocessing and training possible on Google Colab. 
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Google Colab No-install, cloud-based Jupyter Notebook environment available for free use, 

granting access to GPUs and other computational resources for deep learning 

operations. 

CUDA  NVIDIA's parallel computing platform and programming model enable 

effective use of GPUs for deep neural network computations. 

 

3.6.2 Hardware Tools 

The hardware components used in this study are summarized in the table below: 

Table 3. 2: Hardware Tools 

Tools Description 

GPU NVIDIA GeForce RTX GPU for accelerating the training of deep learning 

models. 

RAM Employed to enhance computational speed and performance by enabling 

seamless dataset loading and efficient patch-based image processing. 

Hard Disk 

(HDD) 

Used to store facial image datasets, trained models, experimental results, and 

research findings 

3.7 Baseline Work 

The baseline model from this work is employed for comparison purposes in relation to architecture 

to check how the improvements brought through the hybrid framework here stand in comparison 

with it. It is a typical Generative Adversarial Network architecture that involves a U-Net generator 

and single-scale PatchGAN discriminator, borrowed from Isola et al. (Isola et al. 2017). The U-

Net architecture is commonly used in image-to-image translation tasks since it involves a 

symmetric encoder-decoder network and skip connections that allow the retention of low-level 

spatial information that is important for fine-grained reconstruction of images  (Ronneberger, 

Fischer, and Brox 2015). The discriminator is a single-scale discriminator that tries to identify the 

synthetic or real color face images using local patches only. This base model accepts a sketch or 

grayscale input and attempts to synthesize a natural-color facial image. It possesses no advanced 

mechanisms for capturing global dependencies or injecting semantic structure, and so is apt to 
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create artifacts, incorrect colorization, or structural deformities in the output. Despite these 

limitations, the baseline is required for comparison of the improvements through the addition of 

an attention mechanism (Zhang et al. 2019) and semantic mask guidance with Mask R-CNN (He 

et al. 2017). 

Baseline U-Net generator and PatchGAN discriminator were used as per their being a well-

defined, explainable, and comparatively state-of-the-art image-to-image translation model. It 

offered a good enough test bed for demonstrating quantifiable advancement in terms of 

hybridization. More sophisticated models, such as StyleGAN or Pix2PixHD, offer superior 

synthesis quality but also include very expert constituents that would water down the specific 

strengths of Mask R-CNN integration. As such, the chosen baseline provides a platform for an 

equitable comparison and better performance gain, which favors the suggested hybrid framework. 

3.8 Feature Extraction Network 

The feature extraction network play a vital role in improving the generator’s performance by 

providing rich semantic and structural information about the input face image. In our work, a pre-

trained Mask R-CNN is employed as the semantic feature extractor to generate facial masks that 

guide the generator in focusing on important facial regions such as the eyes, nose, mouth, and 

jawline(He et al., 2017). For the generator to learn localized and context-aware representations 

during training, these masks are concatenated with the sketch input to create a semantically 

enriched input. 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. 3: Mask R-CNN Architecture 
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 The choice of utilizing Mask R-CNN as the core model for segmenting images followed the fact 

that it provides instance-level segmentations with state-of-the-art pixel-level accuracies, which 

play a critical role in maintaining detailed facial features, including the skin contours, eyes, and 

lips. Although other models, U-Net (Ronneberger, Fischer, and Brox 2015) and Deep Lab (Bharati 

and Pramanik 2020), perform best when it comes to carrying out the semantic segmentation 

operations, they prove incapable when separating overlapping or close-set facial features, which 

ends up producing blurred or misplaced edges. Similarly, compact models like YOLACT (Bolya 

et al. 2019) yield fast times when performing the inference operations, but at the sacrifice of the 

accuracy level, a factor that makes them less effective when creating high-fidelity facial images. 

Earlier research works highlighted the fact that including Mask R-CNN as part of the GAN 

architectures increases the level of feature localizations and generates images with increased 

realness (Chang et al. 2024). Consequently, the Mask R-CNN model was utilized during the 

current research as a means of generating strong, semantically accurate masks, facilitating the 

generator when creating structurally well-defined and realistically colored facial images. 

In addition to semantic segmentation, a pre-trained VGG19 network is used as a perceptual feature 

extractor for computing perceptual loss, which compels the generator to create images not only 

visually real but also semantically consistent with the ground truth (Simonyan and Zisserman 

2015). The VGG-based perceptual loss compares the high-level feature maps of generated and real 

images between different convolutional layers to identify texture and style correspondences 

beyond pixel-level realism  (Johnson, Alahi, and Fei-Fei 2016). Together, the networks for feature 

extraction assist in generating structural realism and perceptual quality in color face images 

synthesized by incorporating region-specific and global contextual information. 

 

Figure 3. 4: VGG16 Architecture 
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3.9 Evaluation Method 

In this paper, the model’s performance was assessed using a combination of objective metrics like 

FID, SSIM, PSNR, and human perceptual evaluations, to provide a comprehensive measure of 

image quality. 

3.9.1 Structural Similarity Index Measure (SSIM) 

 Structural and visual similarity to real images is assessed using SSIM. It is a metric 

widely used to measure the similarity between two given images and quantify image 

quality degradation caused by image processing. It compares the original and output 

images across three primary attributes: luminance, contrast, and structure. 

SSIM(𝑖, 𝑗) = SIM(𝑖, 𝑗) =
(2𝜇𝑖𝜇𝑗 + 𝐶1)(2𝜎𝑖𝑗 + 𝐶2)

(𝜇𝑖
2 + 𝜇𝑗

2 + 𝐶1)(𝜎𝑖
2 + 𝜎𝑗

2 + 𝐶2)
        (Eq. 3.1) 

Where: 

 𝜇𝑖, 𝜇𝑗 are the mean intensities of images 𝑖 and 𝑗, 

 𝜎𝑖
2, 𝜎𝑗

2 are the variances, 

 𝜎𝑖𝑗 is the covariance, 

 𝐶1 and 𝐶2 are constants to stabilize the division. 

3.9.2 Peak Signal-to-Noise Ratio (PSNR) 

PSNR computes image quality in the form of quantifying noise within synthesized images. PSNR 

quantifies the extent to which a reconstructed image or signal may resemble the original with noise 

elimination and detail retention. PSNR is quantified computationally as a ratio between the 

maximum possible signal power and noise power that depreciates image quality. The metric is 

expressed in decibels (dB) so that higher values indicate improved reconstruction and improved 

image enhancement (Isa et al., 2015). Similar to SSIM, PSNR requires both the synthesized image 

and its corresponding ground truth image as input. Here in this research work, SSIM along with 

PSNR, are employed in the evaluation phase to take advantage of different dimensions of image 

quality: whereas SSIM emphasizes structural similarity, PSNR addresses pixel-level accuracy, 

reflecting a broader perspective about the quality of image reconstruction or synthesis. 
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PSNR = 20 ⋅ log10 (
MAX𝐼

√MSE
)               (Eq. 3.2) 

Where: 

 MAX𝐼 denotes the maximum possible pixel intensity value of the image (e.g., 255 for an 

8-bit image), 

 MSE stands for Mean Squared Error, which measures the average squared difference 

between the original and the synthesized (or reconstructed) image. 

MSE =
1

𝑀 ⋅ 𝑁
∑ ∑(𝑓(𝑖, 𝑗) − 𝑔(𝑖, 𝑗))2

𝑁

𝑗=1

𝑀

𝑖=1

 (Eq. 3.3) 

Where: 

𝑓(𝑖, 𝑗) is the pixel value at position (𝑖, 𝑗) in the original image, 𝑔(𝑖, 𝑗) is the pixel value at 

position (𝑖, 𝑗) in the synthesized (or reconstructed) image, 𝑀 ⋅ 𝑁 is the total number of 

pixels in the image. 

3.9.3 Fréchet Inception Distance (FID) 

FID is the 2-Wasserstein distance between real image distribution Pr and generated distribution Pg. 

Its computations require two input sets: a collection of real images and a corresponding set of 

images that have been created by a GAN. FID is typically applied after the training phase in the 

architecture to measure how realistic and varied the generated image set is compared to the real 

set. It computes similarity between these two distributions to estimate the quality of generated 

images and is characterized by 

FID(𝑝𝑟 , 𝑝𝑔) =
∥ 𝜇𝑝𝑟 − 𝜇𝑝𝑔 ∥2

2
+

1

2
 Tr (𝐶𝑝𝑟 + 𝐶𝑝𝑔 − 2(𝐶𝑝𝑟𝐶𝑝𝑔)

1
2)                               (𝐸𝑞.  3.4) 

Where: 

 𝜇𝑝𝑟, 𝜇𝑝𝑔: Mean vectors of the feature representations of the real and generated images, 

respectively. 

 𝐶𝑝𝑟, 𝐶𝑝𝑔: Covariance matrices of the feature representations of the real and generated 

images, respectively. 
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 Tr(⋅): Trace of a matrix. 

 (𝐶𝑝𝑟𝐶𝑝𝑔)
1/2

: Matrix square root of the product of the two covariance matrices. 

3.9.4 Human Perceptual Evaluation 

It's a qualitative method used for quantifying image or signal quality. It employs human 

participants to judge synthesized or reconstructed images on realism, visual quality, and overall 

performance. As opposed to objective measures such as FID, SSIM, or PSNR, which provide 

quantitative values from structural or statistical dissimilarity, perceptual evaluation comprises 

human judgment regarding the image quality. This second assessment is crucial in use cases such 

as face creation, where mathematical metrics at times may not capture nuance, naturalist, and 

attractiveness but are included in assessing the real-world performance of the model. 

A selection of SSIM, PSNR, and FID was made judiciously to correlate corresponding image 

quality dimensions. PSNR focuses on pixel-level reconstruction that deals with precision in 

preserving fine detail at low-level textural resolution. PSNR alone is insufficient because high 

PSNR is not always commensurate with perceptually realistic output. SSIM, on the other hand, 

deals with structural similarity and hence is particularly effective in picking up the geometric and 

textural coherence of face structures. FID provides distribution-level difference between real and 

generated images that takes into account realism as much as diversity. The two measures together 

provide an informed quantitative measure that quantifies fidelity and perceptual quality and is 

consistent with realistic face synthesis visual goals. 

While strong, they are far from perfect. PSNR is artifact-free perceptually, and SSIM is contrast-

sensitive; thus the incorporation of human judgment of perception to render it perfect. 
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CHAPTER FOUR 

4. PROPOSED ARCHITECTURE 

4.1 Overview of the Chapter 

This chapter gives an overview description of an architecture of the algorithm proposed for color 

face generation, based on a combination of Mask R-CNN and GAN. The chapter has graphical 

figures as well as mathematical equations. The chapter is organized into four sections: the first 

section gives an overview description of the model architecture, and subsequently the second 

section gives a description of the generator and discriminator architecture. Part three describes the 

learning functions of the model, and the final section describes the training pseudocode. 

4.2 Model Architecture 

The model under proposal is a GAN-based face model for producing high-fidelity photo-realistic 

color facial images from grayscale sketches with semantic facial areas supervision and attention-

augmented feature learning. The method begins with an inputting grayscale face sketch, which is 

passed to a pre-trained Mask R-CNN to produce a semantic segmentation mask that accurately 

describes main facial features such as eyes, nose, mouth, hair, and skin regions. The mask provides 

precise structural information that is blended with the sketch and sent to the generator to guide the 

synthesis process towards the appropriate spatially and semantically balanced output. The 

generator is realized in the form of a U-Net encoder-decoder architecture employing symmetric 

skip connections for preserving spatial information at each layer. Channel Attention modules in 

the encoder adaptively adjust the most important channel of features, strengthening the 

representation of noteworthy facial features selectively prior to being sent to skip connections. 

Self-Attention modules in the decoder are employed to entail long-range relationships and 

represent non-local relationships between spatial regions such that the generator can produce 

globally coherent and contextually coherent outputs. The discriminator network is multi-scale 

PatchGAN with three concurrent discriminators (D1, D2, D3) working at successively lower 

resolutions of 256×256, 128×128, and 64×64. The multi-scale architecture allows local fine-

grained texture and global big-picture facial appearance to be evaluated in a single pass, improving 

adversarial feedback quality. The training objective amalgamates four interconnected loss 

functions: Adversarial loss to force the generator to generate outputs which are perceptually 
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indistinguishable from actual images by all three discriminators, Perceptual loss computed by 

taking high-level feature activations of a pre-trained VGG network to enforce output images 

having the same semantic content and visual features as the ground truth, Image reconstruction 

loss attained as an L1 distance to enforce faithful reconstruction of low-level color and texture; 

and SSIM loss for computing structural similarity between comparison and generated images with 

emphasis on perceptual fidelity of structures and minimizing distortions. Both discriminator and 

multi-scale generators are trained in an alternating manner, enabling stable adversarial 

optimization. The semantic mask guidance, attention-driven feature refinement, and multi-scale 

adversarial learning are employed to produce color facial images that not only appear realistic but 

also structurally consistent to the target identity and face layout. 

 

 

 

Figure 4. 1: Overall architecture of the proposed model 
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In our solution, we used channel attention for the encoder block and self-attention for the decoder 

block of the generator based on U-net in our model in the hope of building it stronger to generate 

a real facial image in the hope of deceiving the discriminator. 

Self-attention in the GAN design allows the discriminator and generator to learn efficiently long-

range relationships between image features (H. Zhang et al., 2018). In face generation, this plays 

a vital role in the sense that spatial relationships between elementary facial features like the eye, 

nose, and mouth are preserved. It also has high facial features like the skin texture, the boundary 

of the lip, and the acuity of the eye that helps it produce a more realistic facial image. Self-attention 

also lessens normal GAN fuzziness and deformation by giving a means to process and enhance 

synthesized features depending on the general context they form. In a bid to leverage these to their 

fullest, self-attention was integrated in the decoder part of the generator. Attention channel in deep 

convolutional neural networks has the responsibility of highlighting and pointing out key channels 

in a feature map. It enhances the performance of the network by reducing the processing noise and 

redundant information (Hu et al., 2018). It assists the model in paying greater attention to more 

important aspects of the face, such as shape and texture of eyes, mouth, and nose, thereby 

maintaining high-level facial image features. Channel attention was applied in the generator 

encoder module in this study. Adding channel attention to the encoder block enables one to 

establish a firm base for the rest of the layers in the model because the encoder diminishes major 

features through attention to the most significant features of the face, which are extremely 

important in precise generation. 

4.3 Mask R-CNN Architecture 

In the proposed model, a pre-trained Mask R-CNN (He et al. 2017) is employed as a critical 

semantic facial region detection tool. The model incorporates a ResNet-50 backbone and FPN and 

is pre-trained on COCO dataset (Lin et al. 2014) with instances of the human face annotated. This 

helps the system to correctly detect and contour major facial elements such as the eyes, nose, 

mouth, and jawline from grayscale input images. The produced binary facial masks draw attention 

to the semantically most important regions on the face and are appended to the input grayscale to 

provide a guided input to the generator. Blending gives spatial and semantic priors to direct the 

generator to focus on structurally meaningful areas and improve both the reality and coherence of 

produced color face images. Using a pre-trained Mask R-CNN has advantages: computational 
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expense is reduced, task-specific training of segmentation is bypassed, and excellent generalization 

and high face localization accuracy are obtained. The semantic guidance mechanism therefore 

facilitates the generator to maintain facial structure and detail more effectively in image 

generation. 

4.4 Generator Architecture 

In a GAN, the generator network is shown as the network that creates artificial data that is a perfect 

replica of the original data. It is usually constructed as a neural network, typically on top of 

convolution layers, that takes random noise as input and outputs data samples that are intended to 

be indistinguishable from real data. Our model employed a U-Net architecture (Ronneberger, 

Fischer, and Brox 2015) that is an encoder-decoder network with skip connection and hybrid 

attention, including self-attention, and channel-attention. 

U-Net is a deep learning method originally suggested by, consisting of two primary paths: 

expansion and contraction. The expansion path consists of decoder layers that decode the 

processed data and add the contraction path information through skip connections to produce a 

segmentation map. Conversely, the contraction path takes a convolutional network structure with 

encoder blocks retaining contextual information and decreasing the spatial dimension of input 

(Ronneberger, Fischer, and Brox 2015). Convolution, Batch normalization, and ReLU constitute 

our encoder half of the generator. Transposed convolution, Batch normalization, and ReLU 

constitute the decoder half of the generator. For higher abstractions and conceptualized 

representations of the image, the bottleneck layer of the generator network receives the compressed 

form and lowers the dimensionality of the feature maps. The generator part of the network also 

applies skip connections to retain high-resolution features from earlier layers, something essential 

to retain detailed facial information through the process of transformation. Self-attention block is 

used at the third and fourth decoder layers in order to enable the generator to perceive global and 

local dependencies in mid-level feature maps. It can be used to help improve the spatial details and 

fine structures of the generated frontal faces. Channel attention is used at all the encoder layers in 

order to enable the network to concentrate on the most significant features. 
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Figure 4. 2: Generator Architecture 

In the architecture provided, the encoder block is a down-sampling module of four conv layers 

(conv1–conv4), with a channel attention block placed after each of them. Every layer of 

convolution is initialized with a stride = 2 and a kernel size = 4, followed by batch norm and ReLU 

activation. The decoder block is an up-sampling module of four deconv layers (deconv1–deconv4). 

The self-attention block is used in the third and fourth layers. Like the encoder, the kernel size of 

every deconvolutional layer is 4, and the stride is 2, and batch normalization and ReLU activation 

follow every layer but deconv4. In the final deconv4 layer, the Tanh activation function is used. 

4.4.1 Channel Attention 

Channel attention is initially introduced by SENet (Hu et al. 2020) to learn channel weights of 

each feature map. It is a mechanism applied in deep convolutional neural networks in a bid to 

specifically focus on the most relevant channels inside a feature map. It can render the network's 

performance enhanced through the reduction of the processing of the level of noise and unrelated 
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information. A channel attention map is created by applying feature inter-channel correlations to 

attend to significant areas in an input image by considering each channel of a feature map as a 

feature detector. The spatial dimension of the input feature map is down-scaled to compute channel 

attention in an efficient way by applying average pooling to pool spatial information (Woo et al. 

2018). Attention channel blocks must selectively bring to the foreground significant informative 

feature channels and hide lesser ones. 

They do this using channel-wise attention weights that modulate the feature maps. This way, the 

network can attend to the most discriminative features of the task. One computation of attention 

weights is typically part of a channel attention block. This typically consists of global average 

pooling followed by fully connected or convolutional layers in order to represent inter-channel 

dependencies. These attention weights are subsequently used to modulate the early feature maps, 

which will highlight relevant features and inhibit noise or irrelevant channels. 

The provided equation defines a function that computes a channel-based statistic for a given input 

tensor. The input tensor is expected to be a 3D NumPy array with dimensions (K, H, W), where: 

K is the number of feature maps; H is the height of the feature maps, and W is the width of the 

feature maps 

𝑍𝑐 = 𝐻𝐺𝑃(𝑦𝑐) =
1

𝐻 × 𝑊
∑ ∑ 𝑦𝑐

𝑊

𝑗=1

𝐻

𝑖=1

(𝑖, 𝑗) (4.1) 

Where: 

 yc(i, j) is the value at spatial location (i, j) in channel c 

 H and W are the height and width of the feature map yc, 

 HGP denotes Global Pooling, specifically average pooling over the spatial dimensions. 

 

                  

Figure 4.3: Channel attention (CA). ⊗ denotes element-wise product 

4.4.2 Self-attention 

Self-attention is a machine learning method, specifically applied to tasks like NLP. It helps the models 

understand the relationship between different elements of a sequence and how different elements of data 
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relate to each other. Later, this method was applied in many other tasks like computer vision. The majority 

of models for generating images are GANs constructed through convolutional layers. Since convolutional 

operation operates in a bounded neighborhood, it is computationally ineffective to solely employ 

convolutional layers for extracting long-range relations in images. SAGAN was introduced by (Zhang et 

al. 2019), which incorporated self-attention into the GAN framework in such a way that both generator 

and discriminator are able to extract long-range relations efficiently at low computational expense. SAGAN 

applies spectral normalization to maintain training computation cost low. 

 

 

 

 

Figure 4. 3: Self-attention Architecture 

Self-attention enables the generator to capture local and global dependencies within intermediate 

feature maps. This can help improve the spatial details and fine structures of the synthesized 

images. 

4.5 Discriminator Architecture 

It is a challenging task for GANs to generate high-resolution color face images since the 

discriminator needs to pay attention to both finely detailed facial features (e.g., hair texture, skin 

pores) and global structural consistency (e.g., face symmetry, face ratio) at the same time. To this 

end, we use a multi-scale discriminator design from prior high-resolution image generation work 

(Wang, Sindagi, and Patel, 2018). We employ three discriminators (D₁, D₂, and D₃) at different 

spatial resolutions in our model, where the input image is progressively down-sampled to form a 

multi-resolution pyramid. The largest discriminator (D₁) is applied for the lowest resolution, which 

encourages realistic high-frequency detail such as skin texture and fine color transitions (Karras, 
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Laine, and Aila 2021). The mid-scale (D₂) and small-scale (D₃) discriminators operate on lower-

resolution images with the aim of supplying mid-level feature constancy (e.g., correct facial feature 

alignment) and global structural validity. This hierarchical discriminative method offers thrifty 

receptive field coverage without a dense network and computational efficiency without overfitting 

problems. 

The adversarial objective is formulated as a multi-task optimization problem: 

 

 

 

 

Where all the discriminators collaborate towards training stabilization and synthesis quality 

enhancement (Miyato et al. 2018). The approach effectively removes most of the GAN artifacts in 

face generation, such as blurring, copy-pasting textures, and structural distortion. The multi-scale 

pipeline also supports progressive training, which allows for ongoing resolution scaling by 

introducing new discriminators at early, coarser resolutions without re-starting training from the 

beginning (Karras, Laine, and Aila 2019).  

 

Figure 4. 5: Discriminator Architecture 
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4.6 Learning Function of the Model 

4.6.1 Activation Functions 

Activation functions of various kinds are employed in the various regions of the network to 

improve the efficiency of learning. Rectified Linear Unit (ReLU) activation function is applied in 

the encoder, decoder, pyramid, and context modules of the generator for eliminating the problem 

of vanishing gradients and facilitating effective feature learning. Hyperbolic tangent function 

(Tanh), however, is the output activation function and effectively normalizes pixel values in the 

interval [−1, 1] for facilitating normally-ordered image datasets. In the discriminator component, 

Leaky ReLU (with α=0.2) is applied in the convolution layers for eliminating the problem of 

neuron inactivation and allowing a minimum flow of gradients for negative input values, and the 

final layer applies the Sigmoid function for outputting probabilities supportive of binary 

classification (real or fake). 

 

4.6.2 Loss Functions 

Planning a suitable learning function is thought to be quite important for producing better results. 

Adversarial loss, Perceptual loss (perc-loss), Feature matching loss, and LPIPS loss are used in 

this work: 

Adversarial loss (ad-loss) is one of the components of GANs, introduced by Goodfellow et al. 

(Goodfellow et al. 2014). The loss function establishes a minimax game between a generator and 

a discriminator, where the goal of the generator is to produce realistic samples and the 

discriminator tries to distinguish between real and generated data. The original version employs a 

binary cross-entropy loss, but later refinements such as Wasserstein GAN (Arjovsky, Chintala, 

and Bottou 2017) and LSGAN (Mao et al. 2017) have suggested more stable alternatives. The 

adversarial loss is very good at producing sharp and realistic images, yet it can be challenging to 

train because of instability problems. 

Perceptual loss (perc-loss), proposed by Johnson et al. (Johnson, Alahi, and Fei-Fei 2016), was 

the turning point in image generation tasks by breaking from pixel-wise comparisons. Instead of 

calculating pixel-wise differences, this loss calculates deep feature differences using pretrained 

networks (most commonly VGG). The intuition here is that deep feature comparison preserves 

semantic content better than pixel-wise losses and is particularly useful for style transfer and super-
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resolution applications. Loss calculates the L2 distance between intermediate activations of target 

and synthesized images and therefore encourages the network to produce semantically similar 

outputs rather than just pixel-perfect outputs 

Pixel-wise Loss (L1) measures the average pixel-level difference between generated and target 

images. Lower L1 shows better reconstruction of facial structures.  

The mathematical formulation is: 

 

                     (eq. 4.3)  

Where: 

 Total number of pixels in the image  

 Pixel value of the generated image at position i 

 Pixel value of the ground truth image at position i  

 

Feature matching loss, proposed by Salimans et al. (2016), ameliorates training instability by 

requesting the generator to match real data statistics in the discriminator's feature space. Instead of 

optimizing the adversarial objective explicitly, this loss minimizes the L1 difference between 

intermediate discriminator features for the fake and real images. This technique provides stronger 

gradients during training and is now a standard technique in modern GAN models like ProGAN 

and StyleGAN, and it avoids mode collapse and improves convergence. 

𝐿FM = 𝐸𝑥∼𝑝data
[∑ ∥

𝑙

𝐷(𝑙)(𝑥) − 𝐷(𝑙)(𝐺(𝑧)) ∥1]              (𝑒𝑞 4.4) 

Where 

 𝑥 ∼ 𝑝data: A real data sample from the dataset. 

 𝑧: Input to the generator. 

 𝐺(𝑧): The generated image. 

 𝐷(𝑙)(𝑥): Feature map at the 𝑙thlth layer of the discriminator for real input. 

 𝐷(𝑙)(𝐺(𝑧)): Feature map at the 𝑙thlth layer for the generated image. 
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 ∥⋅∥1: The L1 norm between feature maps 

Structural Similarity Index Measure (SSIM) Loss, introduced by Wang et al. (2004), is a human 

visual perception-correlated perceptual measure for image similarity comparison. In contrast to 

the traditional pixel-level loss functions such as L1 or L2, which define the absolute difference 

between the intensity of pixels, SSIM computes similarity from luminance, contrast, and structural 

information. Its scale is between -1 and 1, and a value of 1 indicates a completely identical structure 

in the images being compared. 

            The SSIM metric is formulated as: 

                                           (eq 4.5) 

                

 

 

Where: 

  are the mean intensities of the two images. 

  are the variances, representing contrast. 

  is the covariance, representing structural similarity. 

  and  are small constants to avoid division by zero. 

 

SSIM loss is defined as: 

                         (eq 4.6) 

Where: 

Structural similarity index between the generated image x and ground truth y. 

 Ranges from 0 (perfect similarity) to 1 (completely dissimilar). 
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4.7 Training Procedure Pseudocode 

The following pseudocode describes the training process for the proposed model: 
 

 

ALGORITHM:  PSEUDOCODE FOR PROPOSED MODEL 

1. Initialize the weights of Generator 𝐺 and Multiscale Discriminator 𝐷 

 Channel attention in the encoder and self-attention in the decoder of the U-Net-based 

generator 

 Employ a pre-trained Mask R-CNN to extract semantic facial masks 

 Use a multiscale discriminator to enhance adversarial learning at multiple 

resolutions 

2. Input: Sketch face image 𝐼𝑔, Ground truth color image 𝐼𝑟𝑔𝑏 

3. For each training epoch, do 

 For each batch of training samples, do 

A.  Extract face region mask from 𝐼𝑔 using Mask R-CNN 

B.  Concatenate 𝐼𝑔and mask 𝑀 to form the generator input 𝐼𝑖𝑛𝑝𝑢𝑡 

C.  Generate color face image: 

      𝐼𝑟𝑔𝑏 = 𝐺(𝐼𝑖𝑛𝑝𝑢𝑡) 

D.  Update Multiscale Discriminator 𝐷 using adversarial loss: 

𝐿𝐷 = ∑ [𝐸𝑥∼𝑝𝑟𝑒𝑎𝑙
[𝑙𝑜𝑔𝐷𝑠(𝑥)] + 𝐸𝑧∼𝑝𝑔𝑒𝑛

[𝑙𝑜𝑔(1 − 𝐷𝑠(𝐺(𝑧)))]]

𝑠∈𝑆

 

E.  Update Generator 𝑢𝑠𝑖𝑛𝑔 the combined loss: 

𝐿𝐺 = 𝜆1𝐿𝑎𝑑𝑣 + 𝜆2𝐿𝑝𝑒𝑟𝑐 + 𝜆3𝐿𝑓𝑚 

          𝐿𝑎𝑑𝑣: Adversarial loss 

     𝐿𝑝𝑒𝑟𝑐: Perceptual loss using VGG-based feature similarity 

    𝐿𝑓𝑚: Feature matching loss from intermediate discriminator layers 

4. Save the generator and discriminator model weights 

5. End loop  

6.  Final output : 𝐶𝑜𝑙𝑜𝑟𝑒𝑑 𝑓𝑎𝑐𝑒 𝑖𝑚𝑎𝑔𝑒 𝐼𝑟𝑔𝑏 
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CHAPTER FIVE 

5. IMPLEMENTATION AND EXPERIMENTS 

5.1 Chapter Overview 

This chapter explains the execution of the proposed model, including the working environment, 

data augmentation procedures, the application of color face generation, and the experimental 

procedures adopted. 

5.2 Working Environment 

5.2.1  Hardware Components 

Here, the hardware tool configuration is explained that was utilized to execute the model in the 

environment. 

 

5.2.2 Software Components  

The software environment included a combination of programming languages, frameworks, and cloud-

based platforms to facilitate model development and experimentation: 

 Python: A high-level, general-purpose programming language widely used in machine 

learning and data science. 

 PyTorch: An open-source deep learning framework providing efficient machine learning and 

mathematical computation utilities. 
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 Keras: A high-level API over TensorFlow, which enables quick and flexible construction and 

training of deep learning models. 

 Google Drive: Used for cloud storage, dataset upkeep, and Google Colab integration during 

preprocessing and training. 

 Google Colab: Cloud-based, free Jupyter Notebook environment with GPU resources for 

training models without local installation. 

 Kaggle: Cloud-based data science environment with pre-installed Python libraries, free 

NVIDIA Tesla P100 GPUs, and Google Cloud TPUs for accelerated deep learning model 

training. This arrangement ensured reproducibility, scalability, and reduced reliance on local 

hardware. 

 Anaconda: A Python distribution used for efficient package and virtual environment 

management in data science and machine learning processes. 

5.3 Training Procedure 

To meet the goals of this research, the following procedures were carried out: 

 

5.4 Dataset Preparation  

5.4.1 Mask R-CNN Implementation 

Before dividing the dataset, a pre-trained Mask R-CNN was utilized to create semantic masks for 

segmentation on each of the images. Mask R-CNN is a deep learning model designed for instance-

level object detection and segmentation, and in this study, it was used to accurately segment salient 
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facial regions, including skin, eyes, mouth, hair, and accessories. The architecture integrates a 

backbone feature extractor (ResNet and FPN) to carry out hierarchical feature extraction, a Region 

Proposal Network (RPN) to detect candidate object regions, and segmentation heads to produce 

pixel-level masks for each facial component that has been detected. The masks are used as spatial 

guidance to the GAN so that realistic and structurally consistent face images are produced. 

Leveraging a pretrained Mask R-CNN allowed the study to utilize existing segmentation learning 

that reduced training time and improved accuracy in the CelebA-HQ dataset. 

A sample implementation of the Mask R-CNN code used in this study is shown below: 

 

Sample code 5.1: Sample Mask R-CNN code for semantic mask generation. 

5.4.2 Dataset Splitting and Loading  

The dataset is divided into three sets: training (70%), testing (15%), and validation (15%). To 

prevent leakage of data, the test set is isolated from the overall dataset first, and then the remaining 

data is divided into training and validation sets. All the images are normalized by resizing all the 

images to 256 × 256 pixels, which gives a uniform input size, improves computational efficiency, 

and reduces training time. Also, pixel values are normalized from their original range of [0, 255] 
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to [0, 1]. Normalization enhances numerical stability, accelerates gradient-based optimization, 

enables color channels to be scaled uniformly, and benefits general model performance. 

 

Sample code 5.2: Dataset Loading and Splitting 

5.5 Dataset Preprocessing Implementation  

As stated above, different data preprocessing techniques were utilized in this research that focused 

on properly preparing the training images and enhancing the performance of the model. Data 

augmentation methods were also utilized to generate diverse forms of the images.

 

 

Sample code 5.3: Dataset augmentation 
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5.6 Implementation of Proposed Model 

The proposed model is implemented using the PyTorch deep learning framework, benefiting from 

its dynamic computation graph, GPU acceleration, and a large set of built-in modules and pre-

trained models. There are three key components in the architecture: a pre-trained Mask R-CNN 

for semantic facial region extraction, an attention-augmented U-Net generator, and a Patch-based 

discriminator with spectral normalization and feature matching. In the following, each module and 

its implementation are described in detail. 

The input image for every sketch is preprocessed, normalizing the pixel values to [0, 1]. A pre-

trained Mask R-CNN model (He et al. 2017), with ResNet-50 backbone and FPN, is used to obtain 

facial segmentation masks. The masks highlight significant facial features such as eyes, nose, 

mouth, and skin contours. The binary mask is then concatenated as a second channel alongside the 

grayscale image to create a 2-channel input tensor that guides the generator's attention by putting 

emphasis on semantically significant facial regions. This semantic and spatial guidance causes the 

generator to focus its efforts on areas that are of highest relevance to human perception of face 

realism. 

5.6.1 Implementation of Encoder Block 

In the proposed hybrid GAN model, the encoder block of the generator is responsible for extracting 

hierarchical features from input images while progressively down-sampling their spatial 

resolution. The encoder has four convolutional layers whose explicit aim is to down-sample the 

input progressively in spatial resolution and up-sample it in depth of feature representation. All 

the convolution layers have the same kernel of 4×4, a stride of 2, and a padding of 1 for effective 

down-sampling and feature learning. Instance Normalization is done after each convolution to 

normalize feature maps to stabilize the network training, especially when using small batch sizes. 

A LeakyReLU activation layer with a negative slope of 0.2 is added after normalizing to introduce 

non-linearity and allow the network to learn sophisticated mappings. It also avails the network 

against the vanishing gradient problem, resulting in better feature propagation. Channel attention 

modules are added before each encoder block to continue guiding the attention of the network 

towards more informative channels about facial structures. 
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Sample code 5.4: Implementation of Encoder Block 

5.6.2 Bottleneck Layer Implementation 

 The bottleneck layer serves as the core feature transformation module of the generator network. 

The bottleneck begins with a 3×3 padded convolutional layer to preserve spatial resolution, 

followed by Instance Normalization and a ReLU activation, which enables stable and effective 

training. This is followed by a residual block, made of two convolutional layers, each followed by 

Instance Normalization and ReLU activations, to facilitate improved gradient flow and feature 

enhancement using skip connections. Placed between residual blocks, a self-attention module 

extracts long-range spatial dependency to enable the network to encode global contextual 

information that is important in synthesizing coherent facial features. Synthesizing with this, a 

channel attention module is able to dynamically recalibrate channel-wise feature responses 

adaptively for better discriminative feature representation. All these modules together enable the 
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bottleneck to transform encoded features into a rich, globally-informed representation and 

optimize them for subsequent decoding and reconstruction stages. 

 

 
Sample code 5.5: Implementation of Bottleneck Layer 

5.6.3 Decoder Block Implementation 

The decoder restores feature representation-based high-resolution photorealistic color facial 

images from the bottleneck and the encoder. The decoder consists of four blocks, each of which 

starts with an up-sampling operation (in general, bilinear interpolation with a factor of 2), followed 

by a 3×3 convolutional layer. Instance Normalization and LeakyReLU activation are used after 

every convolution to stabilize and activate the output. Other than that, each block has a residual 

block to continue refining the features and bringing consistency to spatial information. Skip 

connections that are part of the corresponding encoder layers are concatenated in each step of the 

decoder, which preserves low-level spatial features of value to correctly reconstruct. The final 

output layer consists of a 3×3 convolutional layer to project the features into a 3-channel RGB 

image and subsequently apply Tanh activation to output pixel values in the normalized range of [-

1, 1]. The self-attention introduced so far in the bottleneck allows the decoding process to maintain 

global coherence and local detail. 
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Sample code 5.6: Implementation Decoder Block 

5.6.4 Implementation of Multiscale Discriminator 

A multiscale discriminator network used in the current GAN is composed of multiple PatchGAN 

discriminators at different resolutions of an input image. The model is thus able to gain and process 

image details at different scales. Local fine texture, medium-level structure, and global coherence 

are attained by full, half, and quarter resolution processing of the input image, respectively. All 

the discriminators utilize the same five convolutional block architecture. The initial block employs 

4×4 convolution with a stride of 2 and 64 filters to extract low-level input features and applies the 

LeakyReLU activation function of slope 0.2. The initial block does not apply normalization to 
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make raw input data available. The next blocks doubled the number of filters to 128, 256, and 512 

with 4×4 convolutions, 2 or 1 strides, padding 1, and Instance Normalization following every 

convolution in order to stabilize training and enhance texture and style consistency. LeakyReLU 

activations are used following every normalization layer to cause feature propagation. The last 

convolutional layer uses a 4×4 kernel with a stride of 1 and a pad of 1 to provide a one-channel 

patch-level real/fake prediction map. Down-sampling the input image progressively for the second 

and third discriminators, the multiscale architecture necessitates that the GAN produce facial 

images of high fidelity and structural coherence at a large number of spatial scales. 

 
Sample code 5.7: Implementation of Multiscale Discriminator 

Self-attention is utilized in the bottleneck and selected decoder blocks in the proposed generator 

to learn long-distance spatial relationships between feature maps. Unlike standard convolutional 

layers that are limited to knowing just local neighborhoods, self-attention enables the network to 

know far-away spatial locations and preserve global facial feature consistency. The mechanism 

transforms the input feature map to query, key, and value tensors through 1×1 convolution. 

Attention scores are computed as the dot product of keys and queries with SoftMax normalization 

to produce a spatial attention map, which is applied to reweight the value tensor according to 

relevance. A residual connection and a learnable scaling factor are employed to blend the attention-

augmented output with the original input, preserving local details while fusing global context. This 
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technique allows the generator to have consistent relations between significant facial regions, i.e., 

the eyes, nose, and mouth, to produce more realistic appearances and visually consistent color face 

images. 

 

Sample code 5.8: Implementation of self-attention 

In the proposed generation model, channel attention is employed in the encoder, bottleneck, and 

selected decoder blocks to dynamically rebalance the importance of the feature channels. In 

comparison with self-attention, which is spatial relationship-oriented, channel attention is targeted 

to the most informative channels to encourage discriminative feature representation. The 

application first performs global average pooling to convert each channel into a descriptor, with 

the entire channel response being extracted in the spatial dimensions. This descriptor passes 

through a very tight bottleneck of fully connected non-linear layers to generate channel-wise 

weights between 0 and 1 using a sigmoid function. The weights are subsequently applied to down-

weight the original feature map in such a way that channels with more information are highlighted, 

while less informative ones are suppressed. Through attention direction, the network enforces its 

attention to meaningful face parts such as eyes, nose, and mouth, and produces more realistic and 

structure-consistent synthesized color face images. 
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Sample code 5.9: Implementation of channel attention 

In the proposed GAN model, adversarial loss is formulated with a hinge loss function, which 

stabilizes training and improves the color face image quality generated. For the discriminator, 

hinge loss promotes predictions on the real images that are more than a margin of one and 

predictions on the generated images that are less than a margin of negative one, effectively pushing 

the discriminator to assign high scores to real images and low scores to generated images. For the 

generator, the adversarial hinge loss is the negative mean of discriminator predictions on generated 

images, which causes the generator to produce images that are as real as possible for the 

discriminator. This causes the generator to learn to produce photorealistic facial images that can 

effectively fool the discriminator, and the discriminator keeps improving its discrimination ability 

for real and synthesized sample discrimination. With the fusion of the adversarial loss and other 

reconstruction, perceptual, feature-matching, and structural similarity losses, the model aims to 

achieve a balance in fidelity, realism, and global coherence of the color face images generated. 

 

 

Sample code 5.10: Implementation of Adversarial loss 

In the proposed GAN model, perceptual loss is used to not only render the generated color face 

images pixel-wise similar to the ground truth but also to preserve high-level semantic and 
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perceptual features. It achieves this by passing the generated and real images through a pre-trained 

VGG19 network and fusing features of an intermediate layer. The perceptual loss is then taken to 

be the L1 distance between such feature maps, which penalizes differences in content and texture 

rather than raw pixel values. Before feature extraction, normalization is applied to match the 

conditions of the pretraining dataset using the standard mean and standard deviation of the VGG 

network. By minimizing this loss, the generator is incentivized to produce images that are 

perceptually similar to real faces, with fine details, textures, and overall facial structures intact that 

are important to realistic synthesis. Pixel-wise L1 and adversarial losses are complemented by this 

loss by emphasizing higher-level feature constancy, which enhances visual fidelity in output 

images. 

 

Sample code 5.11: Implementation of Perceptual loss 

In addition to perceptual and adversarial losses, a feature-matching loss is proposed to regularize 

GAN training and encourage synthesis of high-frequency details. The loss measures the L1 

distance of the discriminator intermediate feature maps between synthesized and real images. By 

compelling the generator to match internal representations of real images, the network is instructed 

to produce more isotropic textures, details, and structural patterns. In comparison to adversarial 

loss, which merely penalizes the generator based on the final real/fake label of the discriminator, 

feature-matching loss gives explicit supervision to middle-level feature distributions, leading to 

smoother convergence and improved visual quality of synthetic color face images. 
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Sample code 5.12: Implementation of Feature matching loss 

To maintain spatial structures and local relations of facial structures, a structural similarity loss 

(SSIM loss) is introduced. SSIM calculates luminance, contrast, and structural correlations 

between the synthesized and ground-truth images. Through maximizing the SSIM score (or 

equivalently minimizing 1–SSIM), the generator is encouraged to maintain consistent textures, 

edges, and shapes, which are essential for realistic face synthesis. This loss is particularly effective 

for maintaining high-frequency details and preventing blurring, and it is complementary to pixel-

wise L1 loss and perceptual loss for high-fidelity image synthesis. 

 

 

Sample code 5.13: Implementation of Structural similarity loss 

5.7 Hyperparameter Configuration 

Hyperparameters are settings used to control the learning process of a machine learning model. 

These are tunable variables and affect the model training performance directly. Optimizers are 

mechanisms that regulate a neural network's parameters when training to minimize the error or 

loss function. The Adam optimizer was used to update the network weights with a learning rate of 

0.0002 for the generator and 0.0001 for the discriminator, and momentum parameters set to 

beta_1=0.5 and beta_2=0.999. Adam is rooted in two of the most popular optimization methods, 

AdaGrad and RMSProp (Kingma & Ba, 2014). The algorithm supports automatic learning rate 

adjustment for every parameter separately and is characterized by relative ease of application with 

minimal hyperparameter adjustment possibilities. The learning rate regulates update sizes during 



58 | P a g e   

the process of optimization and controls the extent to which model parameters are updated, 

considering the loss function's gradient. We had originally trained the model with a batch size of 

32 for 100 epochs. 

Table 5. 1: Hyperparameters Configuration 

Hyperparameters Values 

Learning Rate (Generator) 0.0002 

Learning Rate (Discriminator) 0.0001 

Batch Size 32 

Number of Epochs 100 

Optimizer Adam 

Table 5.5 shows the hyperparameters for training our model. GAN training must be 

computationally costly; therefore, the use of large batch sizes is limited by hardware. Conversely, 

extremely small batch sizes have the drawback of greater overall training time. Therefore, we 

employed a moderately-sized batch size of 32 in trying to strike a balance between computational 

cost and training performance. We used the Adam optimizer rather than its variants, like SGD, 

because of its property of adapting the learning rate for individual parameters. This flexibility can 

be particularly useful in GANs where parameters are converging differently, utilized to stabilize 

training and improve convergence. 

5.8 Experiment Class 

Table 5. 2: List of experiment classes 

Experiments Models Dataset 

1 Baseline GAN (U-Net + single-scale D) CelebA-HQ 

2 Baseline + Mask R-CNN +perp loss+ Pixel wise 

loss+ multiscale discriminator 

CelebA-HQ 

3 Experiment 2 +Attention CelebA-HQ 

4 Experiment 3+FM loss+ SSIM loss(proposed) CelebA-HQ 

Table 5.6 define the different experimental categories for testing the effectiveness of various 

architectural improvements in the proposed face colorization architecture. The same CelebA-HQ 

dataset is used in all the experiments for maintaining data uniformity in terms of quality and 



59 | P a g e   

diversity. A U-Net generator based basic GAN framework with a single-scale discriminator is used 

as the baseline model. In experiment 2, a facial semantic mask generated by a pretrained Mask R-

CNN is used as additional input to guide the generator. In addition, perceptual loss and pixel-wise 

loss are incorporated into the objective function for enhancing visual quality and authenticity. A 

multi-scale discriminator is also introduced to identify both local and global information. 

Experiment 3 is a refinement of the 2nd Experiment with additional incorporation of attention 

mechanisms, such as channel attention in the encoder and self-attention in the decoder, to enable 

the generator to effectively learn the local and global features of the face. Last experiment proposes 

a model that combines all the above experiment's enhancements and adds FM loss to promote 

convergence and realism, and SSIM loss to maintain perceptual structural similarity between 

actual and output images. This combined setting attempts to maximize resulting color facial image 

fidelity and reality using both structure knowledge and consciousness of context. Through 

conducting these controlled experiments, one can systematically examine the contribution of each 

component to the success of the entire generation process 
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CHAPTER SIX 

6. RESULTS AND DISCUSSION 

6.1 Overview of the Chapter 

This chapter exhibits the outcome of the baseline study and experiments that were conducted, 

together with our method. The outcome is presented in the form of graphs, charts, and tables to 

make easy comparisons and understandings. 

6.2 Experimental Results 

The model was trained on various iterations with certain parameters varied between tests. Four 

experiments were conducted on the same hardware setup, software platform, and dataset to yield 

a similar and reliable result. The model was compared on the CelebA-HQ dataset, where the 

proposed model achieved higher quantitative performance according to standard evaluation 

metrics. Further, it turned out to be able to generate highly realistic facial details such as hair, skin, 

and eyes, as testified by comparison to the best current methods. 

6.3 Results Based on Evaluation Metrics 

For the assessment of the model in an objective manner, we employed three metrics: Structural 

Similarity Index (SSIM), Peak Signal-to-Noise Ratio (PSNR), and Fréchet Inception Distance 

(FID). As indicated by (Tu et al., 2022), we employed Peak Signal-to-Noise Ratio (PSNR) and 

Structural Similarity Index Measure (SSIM) to quantify our model. PSNR estimates the quality of 

the created face view in preserving the overall structure and face information of the original facial 

image. And, by way of more than mere measurement of noise levels, as SSIM estimates the extent 

to which the synthesized face view can estimate the spatial detail of the original face, i.e., where 

the eyes are, the nose, and the mouth shape. FID, on the other hand, estimates perceptual realism 

and distribution similarity between the real and the synthesized images. Therefore, we believe that 

these measures are effective in comparing the performance of the proposed model. PSNR and 

SSIM, and FID score of experiments performed on the CelebA-HQ dataset are presented in Tables 

6.1 and 6.2, respectively. The greater PSNR, SSIM, and the smaller FID, the more generated faces 

approach the originals in terms of quality and consistency. More PSNR and SSIM values, as well 

as fewer FID score values, mean that the synthesized faces are very close to the original faces in 
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both quality and consistency. 

6.3.1 Evaluation of Experiments on the CelebA-HQ dataset 

To identify the best result in the experiment, we've highlighted the best results in bold  

Table 6.1: PSNR and SSIM evaluation on the CelebA-HQ dataset 

S. No Model SSMI PSNR 

 

1 

Baseline GAN (U-Net + single-scale D) 0.8523 20.2462 

 

2 

Baseline + Mask R-CNN +perp loss+ Pixel wise 

loss+ multiscale discriminator 

0.8688 26.8985 

 

3 

Experiment 2 +self-attention +channel attention 0.8813 26.1235 

 

4 

Experiment 3+FM loss+ SSIM loss(proposed)  0.9207 28.3258 

  

Therefore, as provided in Table 6.1, our proposed model (experiment-4) approach outperforms all 

state-of-the-art approaches with the CelebA-HQ dataset image by improving PSNR values from 

20.2462 to 28.3258 and SSIM values from 0.8523 to 0.9207. 

Table 6. 2: FID evaluation on CelebA-HQ dataset 

 

 

 

 

 

 

S. No Model FID 

1 Baseline GAN (U-Net + single-scale D) 36.2316 

2 Baseline + Mask R-CNN +perp loss+ Pixel wise 

loss+ multiscale discriminator 

31.0512 

3 Experiment 2 +self-attention +channel attention 24.2312 

4 Experiment 3+fm loss+ SSIM loss(proposed) 21.7712 
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To identify the best result in the experiment, we've identified the best results in bold. 

To determine the best configuration, we shaded the best-performing model with the smallest FID 

value. From Table 6.2, we can observe that our proposed model (Experiment 4), involving a U-

Net generator, attention mechanism, multi-scale discriminator, and Mask R-CNN, achieved 

maximum performance with an FID score of 21.7712. This indicates a significant improvement in 

both perceptual quality and realism of the generated images compared to other experimental 

configurations. 

6.4 Generated Image Results of Experiments 

Here we present the output produced facial images from each experiment, including the baseline 

model. We have presented in the first row the input grayscale facial images, followed by the 

subsequent rows with the colorized facial outputs in each experimental setting. We have presented 

in the bottom-most row the associated ground truth color facial images, allowing visual 

comparison of the produced outputs with the original images. 

6.4.1 Generated Results of Experiments for the CelebA-HQ dataset 
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Figure 6. 1: Generated facial images in different experiment classes 

 

6.5 Sample Training Log for Color Face Generation Using Mask R-CNN-

GAN 

To monitor the performance of the proposed Mask R-CNN-GAN model while it was being trained, 

we used graphs and charts of key parameters in learning. Training log values monitored parameters 

such as generator loss and discriminator loss, and reconstruction and perceptual losses where 

necessary. Monitoring these values provided us with insightful feedback on how much the model 

was minimizing errors with time. Aside from that, the logs were informative about the stability of 

training, the behavior of convergence, and the performance of the model in general in generating 
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high-quality color facial images. 

 
Figure 6. 2: Discriminator loss during training on the CelebA-HQ dataset 

Figure 6.2 illustrates Discriminator Loss over epochs during training using the CelebA-HQ dataset. 

Loss is very high in the beginning, representing the high ability of the discriminator to differentiate 

between the real and fake image, particularly when the generator output is of low quality. In the 

later epochs, there is a huge drop in loss, reflecting progress in the generator learning to generate 

more realistic images that are hard for the discriminator to distinguish. Following the drop, the 

loss oscillates within a narrow range with small increases and drops typical of adversarial training 

dynamics, with both networks constantly changing. General stability indicates that the training is 

nicely balanced and that one network is not overpowering the other. 
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Figure 6.3: Generator loss during training on the CelebA-HQ dataset 

Figure 6.3 depicts the generator Loss over epochs for the same training iteration. The loss is high 

at the start, which indicates that the generator is unable to generate realistic images during the 

initial phase. However, the loss decreases gradually as it becomes trained, with the highest drop 

felt within the first few epochs. This downward trend indicates the steady improvement of the 

generator in generating outputs increasingly misleading the discriminator. The gradual fall, not too 

wildly fluctuating, is an indication of consistent learning and effective optimization. 

 

Figure 6.4: L1 loss during training and validation on the CelebA-HQ dataset 
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As Figure 6.4 shows, the L1 loss decreases considerably, which means the generator learns pixel-

wise minimization of error between the generated and real images. During later training, the loss 

decreases further but at a diminishing rate, which indicates further improvement in structure 

alignment. The training as well as the validation losses fluctuate over epochs, which reflects pixel-

level variability as well as discrepancy in the consistency of reconstructions, but the overarching 

diminishing trend suggests steady learning. 

 

 

 

Figure 6. 5: Perceptual loss during training and validation on the CelebA-HQ dataset 

Figure 6.5 illustrates the Perceptual Loss over epochs during training on the CelebA-HQ dataset. 

In the initial epochs, the loss drops sharply, indicating that the generator is quickly learning to 

produce images with perceptual features closer to those of real images. After this rapid early 

improvement, the loss continues to decline more gradually, reflecting ongoing refinements in high-

level visual quality. Minor fluctuations appear in later epochs, but the overall trend remains 

downward, suggesting stable learning and improved perceptual similarity between generated and 

real samples over time. 
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Figure 6. 6 FM Loss during training and validation on the CelebA-HQ dataset 

Figure 6.6 shows the trend for FM Loss during training on the CelebA-HQ dataset. The FM loss 

is high at the start of training, reflecting a large difference between the internal feature 

representations of real and synthesized images as discerned by the discriminator. The loss 

decreases steadily as training continues, demonstrating that the generator is learning to generate 

outputs whose feature representations become more similar to those of real images. The smooth 

decreasing trend indicates stable training and reflects both global structure and fine-grained texture 

consistency improvements in the generated outputs. 
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Figure 6. 7 SSIM Loss during training and validation on the CelebA-HQ dataset 

Figure 6.7 presents the SSIM loss curve over training epochs on the CelebA-HQ dataset. The curve 

rises steeply in the initial few epochs, which implies that the model learns rapidly to preserve 

structural information in the outputs. With prolonged training, the SSIM measure keeps rising 

steadily, which shows high structural fidelity among the outputs and ground truth images. The 

smooth positive trend with minimal fluctuations indicates consistent training dynamics, and the 

saturation observed after about 90 epochs signifies that the model has converged well. 

6.6 Human Perceptual Evaluation 

Human perception evaluation was performed to evaluate the quality of face images (GF) 

synthesized by the novel hybrid deep learning architecture that combines Mask R-CNN and GAN. 

Such a subjective assessment accompanies quantitative measurements like FID, SSIM, and PSNR 

to capture image quality's qualitative aspects that involve realism, preservation of identity, 

sharpness, and clearness of features like skin, eyes, and hair, resemblance to a natural human face, 

and overall quality, considering all these aspects. Five participants were asked to evaluate the 

synthesized face images alongside ground truth (GT) faces and rated each image on a subjective 

score ranging between 1 and 5 (1 = Poor, 5 = Excellent) on five distinct aspects: realism and 

naturalistic appearance of synthesized face, resemblance to GT in terms of identity and facial 

features, sharpness and clearness of features like skin, eyes, and hair, resemblance to a natural 

human face, and overall quality considering all these aspects. All participants' ratings were pooled 
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and averaged against each criterion, producing a numerical human perception evaluation and 

unveiling insights about how successful the developed model is in synthesizing visually realistic 

and identity-preserving faces. 

As an illustration, one of the evaluation questions presented to participants through Google Forms 

is shown below: 

 

The response of the participant is collected through a Google Form as follows: 

 

Figure 6.8 Sample of Responses from participants 

As shown in Figure 6.8, 80% of participants rated the generated face as “Excellent (5),” while 20% 

rated it as “Good (4),” resulting in an average score of 4.8 out of 5 for this criterion. 

The responses from all participants were pooled and averaged across the five evaluation aspects. 
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The summarized results are presented in Table 6.3. 

Table 6.3 Human Perceptual Evaluation Scores from Five Participants 

Evaluation 

Criteria 

Participant 

one 

Participant 

two 

Participant 

three 

Participant 

four 

Participant 

five 

Avera

ge 

Realism 5 5 4 5 5 5 

Similarity to 

GT 

5 4 5 5 5 4.8 

Clarity 4 5 5 5 5 4.8 

Resemblance 

to the real 

face 

5 5 5 5 4 4.8 

Overall 

Quality 

4 5 5 5 5 4.8 

 

Table 6.3 presents the human perceptual rating scores of the synthesized face images (GF) by five 

subjects. The subjects rated the images using a 1–5 scale (1 = Poor, 5 = Excellent) against five 

criteria: realism and natural appearance, similarity to the ground truth (GT), sharpness and 

acuteness of details, similarity to an actual human face, and overall quality. The mean scores 

indicate that the generated images were all considered to be realistic, clear, and highly similar to 

real human faces, clearly demonstrating the effectiveness of the proposed hybrid Mask R-CNN 

and GAN model. 

6.7 Result Discussion 

Experimental results verify that the proposed hybrid Mask R-CNN and GAN approach can 

successfully synthesize realistic color faces at high resolution. Quantitative evaluation by PSNR, 

SSIM, and FID is enhanced in all experiments. A baseline GAN (U-Net + single-scale 

discriminator) had PSNR = 20.2462 and SSIM = 0.8523. Adding Mask R-CNN, pixel-wise loss, 

and perceptual loss functions, the multi-scale discriminator (Experiment 2) led to PSNR 26.8985 

and SSIM 0.8688. Adding channel attention mechanism as well as self-attention (Experiment 3) 

bettered the SSIM to 0.8813. Lastly, the top-proposed model (Experiment 4) with all the 

optimizations, feature-matching and SSIM loss, recorded PSNR 28.3258, SSIM 0.9207, and FID 
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21.7712, which is much better than the baseline and the other experiments. This clearly indicates 

the effectiveness of semantic guidance, attention, and multi-scale discrimination to enhance 

structural correctness, color accuracy, and general realism of the faces being generated. 

The FID scores also validate, indicating the distribution of synthesized images and actual facial 

images intersect earlier than in any other setup. The drop from 36.2316 (baseline) to 21.7712 

(proposed model) reflects greater perceptual realism. All architectural improvements stepwise 

boost generator capability to generate visually realistic and structurally sound faces. 

Human perceptual testing also confirms the strength of the proposed model. Five users scored 

synthesized faces on five aspects: realism, similarity to ground truth, clearness of features, 

closeness to real human faces, and quality. The mean score was 4.8/5, and 80% of users scored 

realism as "Excellent." The results affirm that generated faces are visually accurate, maintain one's 

identity, and adequately depict facial features like eyes, mouth, hair, and skin. 

Overall, human judgment and objective evaluation both indicate the hybrid Mask R-CNN and 

GAN approach outperforms baseline GANs and addresses typical face generation issues like 

structural inconsistency, blurry details, and over-realistic colorization. Mask R-CNN gives precise 

semantic guidance, attention mechanisms remove long-range dependencies, and a multi-scale 

discriminator produces realistic textures at all resolutions. Their synergistic union renders the 

model presented here a feasible solution to realistic and high-fidelity facial coloring and one that 

can be extended to facilitating forensic examination, historical photo reconstruction, and other 

visually realistic and identity-appropriate facial image applications. 

6.8 Research Question and Answer Discussion 

Solution to Q1.  The impact of integrating Mask R-CNN on the quality of color face generation 

is investigated in this research. By incorporating Mask R-CNN as a semantic feature extractor, the 

synthesized color face image quality is significantly improved. By providing accurate 

segmentation masks of structurally salient facial regions such as the eyes, nose, mouth, and 

jawline, Mask R-CNN instructs the generator to focus on structurally and semantically significant 

regions. This results in improved structural accuracy, better feature preservation, and more realistic 

coloring, as demonstrated by higher PSNR and SSIM scores and reduced FID scores. 

Solution to Q2: Improvements in different methods were applied within the GAN model to 

improve the quality of the generated faces. Decoder self-attention preserves long-range 
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dependencies and fine facial details, and encoder channel attention is centered on the most 

informative channels of features. Multi-scale PatchGAN discriminators enforce reality on multiple 

scales, and pixel-wise, perceptual, feature-matching, and SSIM losses together guide the training 

process to visual quality and structural coherence improvement of the synthetic images. 

Solution to Q3. Realism and image quality are improved with the hybrid compared to single 

GANs. Through the exploitation of the strengths of modules such as Mask R-CNN, attention, and 

multi-scale discriminators, the hybrid model can better localize facial features, texture data, and 

structural consistency. Quantitatively, it also yields better PSNR and SSIM values and 

significantly lower FID values, which mark improved fidelity and perception. By naked eye, the 

generated faces are more realistic with fewer artifacts and better color representation of the most 

significant facial regions like eyes, lips, and skin color. Overall, the hybrid method produces a 

better and more stable solution for colored face generation of high quality. 
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CHAPTER SEVEN 

7. CONCLUSION AND FUTURE WORKS 

7.1 Conclusion 

Face image synthesis in high-resolution, true-world colors is a difficult computer vision task 

wherein both color accuracy and structural consistency need to be preserved. Existing GAN-based 

methods, excellent as they are for generating beautiful images, do not mimic finer facial structures 

such as eye shape, skin texture, hair structure, and more subtle features typical of the natural human 

face. These constraints are most likely to result in artifacts, soft regions, and non-uniform color 

distribution, reducing the global realism of output images. The hybrid deep learning architecture 

proposed combined a U-Net GAN with semantics-guided pre-trained Mask R-CNN as well as 

attention mechanisms. Semantic masks that marked salient facial regions like eyes, nose, mouth, 

hair, and skin were combined with grayscale input sketches to produce semantically informative 

inputs to guide the generator to generate structurally proper and visually coherent face images. 

Channel attention in the encoder concentrates information channels of features, and self-attention 

in the decoder chases long-distance dependencies to maintain global facial coherence. 

 

The model was extensively tested on the CelebA-HQ dataset in experiments. PSNR, SSIM, and 

FID quantitative metrics were attained because the hybrid model outperformed baseline GANs by 

an enormous margin of 28.3258, SSIM 0.9207, and FID 21.7712, indicating enhanced image 

quality and structure similarity. Apart from the above objective measures, perception experiments 

were also performed using human subjects, where synthesized faces were checked for realism, 

color accuracy, and coherence of structure by the observers. Experiments confirmed that images 

produced by the hybrid model appeared more natural and pleasing than baseline and state-of-the-

art generation methods. Visual inspection revealed that the model had restored hard facial features 

like eyes, mouth, hair, and skin with less artifacts and more consistent color distribution. 

 

It does this with semantic guidance, attention, multi-scale PatchGAN discrimination, and 

sophisticated loss functions like pixel-wise, perceptual, feature-matching, and SSIM. The 

inclusion of the inclusion also comes with local texture preservation and global structure 
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preservation, allowing realistic facial images to be generated for real-world applications. Beyond 

quantitative performance, the article brings to light human visual judgment as an important 

supplement to objective quantifications in forensic examination, judicial examination, and 

historical image reconstruction, where human visual judgment in the spirit of realism is most 

urgently called for. Remnants of failure continue to exist. 

The model was only trained on the CelebA-HQ dataset, which contained largely celebrity faces 

and is restricted to generalizability to other groups. The model is yet to be optimized for real-time 

video synthesis or dynamic facial applications. High computational expense, a side effect of 

attention mechanisms and multi-scale discrimination, also restricts use and accessibility in scope. 

But the paper confirms that semantic segmentation, attention modules, and multiscale adversarial 

learning actually play a significant role in the enhancement of realism, structure consistency, and 

perceptual quality of color face images, and are a good foundation for subsequent and real 

applications in the future. 

7.2 Future Works 

Future research could be directed towards further enhancing the proposed model in several ways: 

further enhancing segmentation accuracy, consolidating multiple-modal datasets, enabling real-

time deployment, generating ultra-high-resolution images, and applying user-controllable 

variations to enhance the proposed framework further. Future research can be as follows: 

 Improved Segmentation Accuracy: Applying the state-of-the-art segmentation models, i.e., 

Mask2Former or SAM, will produce much better and transferable semantic masks. 

  Multi-modal input: Extending the input of the GAN to something other than the other 

modality, i.e., depth maps or pose estimations, so that it would be invariant to different 

conditions and would augment or enhance its robustness across multiple factors. 

  Real-time and edge models: Optimization of the model so that it may be deployed on the 

edge or do real-time computation through pruning, quantization, and knowledge 

distillation. 

 Ultra-high-resolution synthesis: Adopting advance or diffusion-based generation 

techniques for creating ultra-high-resolution face images without sacrificing realism. 

 Diversity control: Applying style-based control or latent space manipulation techniques for 

user-controlled diversity in the synthesis image. 
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Lastly, it's proven here in this paper that combined Mask R-CNN segmentation ability and GAN 

generation ability is definitely an amazing way for realistic and structured face image production. 

The result has vast potential to find its application in digital avatars, face reconstruction, virtual 

reality, and multimedia content generation, as well as an effective introduction for further research 

in controllable and effective image creation systems. 
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Appendix 

Appendix A: CelebA-HQ Test Result 
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Appendix B: Sample Code 
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Appendix C: Sample Results of Human Perceptual Evaluation assessment 

using Google Form 
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Appendix D:  List of Evaluation Participants 

Evaluation Participants 

S.NO Name Field of Study 

1 Mulgeta Berhe Computer Science and Engineering (Computer Vision) 

2 Abdi Mosisa Computer Science and Engineering (Artificial 

Intelligence) 

3 Fatia Kedir Computer Science and Engineering (Artificial 

Intelligence) 

4 Kibru Alemu Computer Science and Engineering (Data Science) 

5 Tahir Aman Computer Science and Engineering (Artificial 

Intelligence) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 



Adama Science and Technology University

Thesis proposal (MSc students)

Thesis proposal

Thesis

Dr. Mesfin Abebe

Document Details

Submission ID

trn:oid:::1:3380880337

Submission Date

Oct 21, 2025, 9:07 AM GMT

Download Date

Oct 21, 2025, 11:13 AM GMT

File Name

Final_Thesis_by_Mekonnen_Bayisa_after_modified.pdf

File Size

2.3 MB

90 Pages

20,986 Words

115,124 Characters

Page 1 of 105 - Cover Page Submission ID trn:oid:::1:3380880337

Page 1 of 105 - Cover Page Submission ID trn:oid:::1:3380880337



17% Overall Similarity
The combined total of all matches, including overlapping sources, for each database.

Filtered from the Report

Bibliography

Exclusions
1 Excluded Source

Match Groups

243Not Cited or Quoted 14%
Matches with neither in-text citation nor quotation marks

56 Missing Quotations 3%
Matches that are still very similar to source material

1 Missing Citation 0%
Matches that have quotation marks, but no in-text citation

0 Cited and Quoted 0%
Matches with in-text citation present, but no quotation marks

Top Sources

11% Internet sources

14% Publications

5% Submitted works (Student Papers)

Integrity Flags
0 Integrity Flags for Review

No suspicious text manipulations found.
Our system's algorithms look deeply at a document for any inconsistencies that 
would set it apart from a normal submission. If we notice something strange, we flag 
it for you to review.

A Flag is not necessarily an indicator of a problem. However, we'd recommend you 
focus your attention there for further review.

Page 2 of 105 - Integrity Overview Submission ID trn:oid:::1:3380880337

Page 2 of 105 - Integrity Overview Submission ID trn:oid:::1:3380880337


