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Face aging is a crucial task in computer vision with wide-ranging applications in security, 

digital forensics, entertainment, healthcare, and personalized AI-driven applications. The 

ability to predict and visualize the natural aging process has numerous benefits, including 

assisting law enforcement in locating missing individuals, aiding in criminal 

investigations, enhancing virtual reality (VR) avatars, and providing valuable insights for 

aging research. However, traditional face aging models often suffer from identity loss, 

unrealistic textures, lack of fine-grained details, and slow inference times, limiting their 

effectiveness in real-world applications. To address these challenges, this project leverages 

Fast-Aging GAN, an advanced Generative Adversarial Network (GAN)-based approach 

designed to generate high-fidelity face aging transformations efficiently. Unlike 

conventional methods, this model integrates Conditional GANs (cGANs), attention 

mechanisms, identity preservation loss, and perceptual loss to ensure both accuracy and 

realism in aged images. By learning facial transformations at a granular level, Fast-Aging 

GAN captures subtle age-related features such as wrinkles, skin texture changes, hair 

graying, and facial structure modifications, all while maintaining identity consistency 

across different age groups 

 

1. INTRODUCTION 

Project Overview:  This project aims to develop an 

AI-powered system for face aging using Generative 

Adversarial Networks (GANs). The system will take an 

input image of a person's face and generate an aged 

version of that face, simulating the effects of aging. The 

aging process is complex and involves various factors 

such as skin texture changes, wrinkle formation, and 

alterations in facial structure. 

Understanding Aging: Aging is a natural process that 

affects everyone, and it manifests in various ways on the 

human face. As individuals age, their skin loses 
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elasticity, leading to sagging and the formation of 

wrinkles. Additionally, changes in pigmentation can 

result in age spots, and the overall facial structure may 

shift due to bone density loss. Capturing these nuances 

in a digital format is a challenging task, but GANs 

provide a powerful framework for learning and 

replicating these transformations.  

Role of GANs:  Generative Adversarial Networks 

consist of two neural networks: the generator and the 

discriminator. The generator creates images, while the 

discriminator evaluates them. This adversarial process 

allows the generator to improve its output iteratively, 

leading to the production of high-quality images that 

closely resemble real data. In the context of face aging, 

the generator learns to produce aged images that reflect 

realistic aging patterns, while the discriminator assesses 

the authenticity of these images.  

1.1. Objectives: 

➢ Model Development: To create a model that can 

accurately predict the aging process on human 

faces. This involves training the GAN to learn 

the mapping from young to aged faces 

effectively.  

➢ Effectiveness Evaluation: To evaluate the 

effectiveness of GANs in generating realistic 

aged faces. This includes assessing the quality of 

generated images using metrics such as Fréchet 

Inception Distance (FID) and Inception Score 

(IS). These metrics provide quantitative 

measures of the model's performance, allowing 

for comparisons with existing face aging 

methods. 

➢ Application Exploration: To explore the 

potential applications of face aging technology 

in various fields, including entertainment, 

healthcare, and social media. By identifying 

practical use cases, the project aims to 

demonstrate the versatility and impact of face 

aging technology. 

1.2. Importance of Face Aging 

Face aging technology has significant implications in 

various domains, including: 

Entertainment: Aging characters in movies or video 

games can enhance storytelling and character 

development. For instance, filmmakers can use this 

technology to depict characters at different life stages 

without the need for extensive makeup or CGI. This not 

only saves time and resources but also allows for more 

creative storytelling. 

Healthcare: In forensic investigations, face aging can 

assist law enforcement agencies in age progression for 

missing persons. By generating aged images of 

individuals, investigators can create leads based on how 

a person might look years after their disappearance. This 

technology can also be used in medical research to study 

the effects of aging on facial features, helping to develop 

better treatments for age-related conditions. 

Social media: Face aging technology can provide users 

with fun filters and effects, allowing them to visualize 

their future selves. This can enhance user engagement 

and interaction on social media platforms. For example, 

apps that allow users to see how they might look as they 

age can lead to increased sharing and interaction among 

users, creating a more dynamic online community. 

1.3. Applications 

Film and Animation: Creating realistic aging effects for 

characters can significantly improve the visual quality of 

animated films and series. This technology allows 

animators to depict characters' life journeys 

authentically. For example, a character's transition from 

youth to old age can be portrayed seamlessly, enhancing 

the emotional impact of the story. 

Law Enforcement: Assisting in age progression for 

missing persons can help law enforcement agencies 

generate leads and increase the chances of locating 

individuals who have been missing for extended 

periods. By providing a visual representation of how a 

person may have aged, investigators can engage the 

public more effectively in search efforts. 

Marketing: Understanding consumer behavior across 

different age groups can help businesses tailor their 

marketing strategies. By analyzing how different age 

demographics respond to products, companies can 

optimize their advertising efforts. For instance, a beauty 

brand may use face aging technology to showcase how 

their products can help maintain youthful skin, 

appealing to a broader audience. 

1.4 Technical Implementation 

The technical implementation of the face aging system 

involves several key components: 

Data Collection: A diverse dataset of facial images is 

collected, encompassing various ages, ethnicities, and 

genders. This dataset serves as the foundation for 

training the GAN model. 
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Preprocessing: The collected images undergo 

preprocessing to ensure uniformity in size and format. 

Techniques such as resizing, normalization, and data 

augmentation are applied to enhance the dataset's 

diversity and quality. 

Model Training: The GAN model is trained using the 

preprocessed dataset. The training process involves 

optimizing the generator and discriminator networks 

through an iterative feedback loop, allowing the 

generator to improve its output over time. 

Evaluation: After training, the model's performance is 

evaluated using quantitative metrics and qualitative 

assessments. Sample outputs are generated to showcase 

the model's ability to produce realistic aged images. 

Deployment: The final model is deployed in a 

user-friendly application, allowing users to upload their 

images and receive aged versions in real-time. This 

application can be integrated into social media platforms 

or standalone software. 

 

2.1 Generative Adversarial Networks (GANs) 

Generative Adversarial Networks (GANs) are a class of 

machine learning frameworks introduced by Ian 

Goodfellow and his colleagues in 2014. The fundamental 

architecture of GANs consists of two neural networks: 

the generator and the discriminator. These networks are 

trained simultaneously in a process known as 

adversarial training, where they compete against each 

other to improve the quality of generated data. 

2.1.1 Architecture of GANs 

Generator: The generator's role is to create new data 

instances that resemble the training data. It takes 

random noise as input and transforms it into a data 

sample (e.g., an image). The generator aims to produce 

outputs that are indistinguishable from real data, 

effectively "fooling" the discriminator. 

Discriminator: The discriminator's task is to evaluate the 

authenticity of the data it receives. It takes both real data 

(from the training set) and fake data (produced by the 

generator) as input and outputs a probability indicating 

whether the input data is real or fake. The 

discriminator's goal is to correctly classify the data, 

thereby providing feedback to the generator. 

2.1.2 Training Process 

The training process of GANs involves the following 

steps: 

1. Initialization: Both the generator and discriminator 

are initialized with random weights. 

2. Data Input: A batch of real images is sampled from 

the training dataset, and a batch of random noise is 

generated for the generator. 

3. Generator Update: The generator creates fake 

images from the random noise. The discriminator 

evaluates these images and provides feedback. The 

generator is updated based on the discriminator's 

performance, aiming to improve its ability to 

generate realistic images. 

4. Discriminator Update: The discriminator is trained 

to distinguish between real and fake images. It is 

updated based on its classification accuracy, 

reinforcing its ability to identify genuine data. 

5. Iterative Process: Steps 3 and 4 are repeated for 

multiple epochs until the generator produces 

high-quality images that the discriminator struggles 

to classify as fake. 

2.1.3 Applications of GANs 

GANs have gained popularity due to their ability to 

generate high-quality synthetic data across various 

domains, including: 

Image Generation: Creating realistic images from 

random noise or other images. 

Image-to-Image Translation: Transforming images from 

one domain to another (e.g., converting sketches to 

photographs). 

Super Resolution: Enhancing the resolution of images 

while preserving details. 

Face Aging: Generating aged versions of faces, which is 

the focus of this project. 

2.2 Face Aging Techniques 

Face aging is a complex task that involves simulating the 

natural aging process on human faces. Various 

techniques have been developed to achieve this, 

including: 

2.2.1 Image Morphing 

Image morphing is a traditional technique that blends 

images of different ages to create a smooth transition 
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between young and old faces. This method typically 

involves: 

Feature Alignment: Identifying key facial features (e.g., 

eyes, nose, mouth) in both the young and old images and 

aligning them. 

Blending: Gradually blending the pixel values of the two 

images based on a specified age parameter. This can 

create a visually appealing aging effect but may lack 

realism, as it does not account for the complex changes 

that occur with aging. 

While image morphing can produce interesting results, 

it often fails to capture the intricate details of aging, such 

as changes in skin texture, wrinkles, and facial structure. 

2.2.2 Deep Learning Approaches 

Deep learning approaches, particularly those utilizing 

neural networks, have revolutionized the field of face 

aging. These methods leverage large datasets and 

advanced architectures to learn aging patterns directly 

from data. Key techniques include: 

Conditional GANs (cGANs): Conditional GANs extend 

the basic GAN framework by conditioning the generator 

and discriminator on additional information, such as age 

labels. This allows for more controlled generation of 

aged images. For example, a cGAN can generate a 

specific aged version of a face based on a given age 

input. 

Age Progression Models: These models are specifically 

designed to simulate the aging process. They learn from 

a dataset of faces at different ages and can generate aged 

images that reflect realistic changes in facial features. 

Notable examples include: 

Age-cGAN: A conditional GAN that generates images 

conditioned on age labels, allowing for controlled aging 

effects. 

Pyramid GAN: A GAN that utilizes a pyramid structure 

to generate images at multiple resolutions, improving 

the quality of generated faces. 

Variational Autoencoders (VAEs): VAEs can also be 

used for face aging by learning a latent representation of 

facial features. By manipulating the latent space, it is 

possible to generate aged versions of faces. However, 

VAEs may not produce as high-quality images as GANs. 

2.3 Related Work:  Several studies have explored face 

aging using GANs, demonstrating the potential of these 

models in generating high-quality aged images. Notable 

works in this area include: 

2.3.1 Age Progression with GANs 

Zhang et al. (2017): This study introduced a GAN-based 

approach for face aging that utilized a large dataset of 

facial images across different ages. The authors 

demonstrated that their model could generate realistic 

aged images while preserving identity features. 

Yang et al. (2018): This research focused on age 

progression using a cGAN framework. The authors 

proposed a method that allowed for fine-grained control 

over the aging process by conditioning the model on 

specific age labels. Their results showed significant 

improvements in the realism of generated images 

compared to traditional methods. 

2.3.2 Evaluation Metrics for Face Aging 

Fréchet Inception Distance (FID): FID is a widely used 

metric for evaluating the quality of generated images. It 

measures the distance between the feature distributions 

of real and generated images in a pre-trained Inception 

network. Lower FID values indicate better quality and 

diversity of generated images. 

Inception Score (IS): IS evaluates the quality of generated 

images based on their classification probabilities. A 

higher score indicates that the generated images are both 

realistic and diverse.  

 

System Architecture 

3.1 Overview of the Architecture 

The system architecture for the AI-powered face aging 

project is built upon a Generative Adversarial Network 

(GAN) framework. This architecture is designed to 

facilitate the generation of aged images from input facial 

images. The GAN framework consists of two primary 

components: the generator and the discriminator. 
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Fig: 3.1 Proposed system architecture 

 EXPERIMENTAL METHODOLOGY 

Working principle: 

3.1.1 Generator 

The generator is responsible for creating aged images 

from input facial images. It takes a young face as input 

and generates a corresponding aged version. The 

generator is trained to learn the complex patterns of 

aging, including changes in skin texture, wrinkle 

formation, and alterations in facial structure. 

The generator typically consists of several layers of 

convolutional neural networks (CNNs) that 

progressively refine the input image. The architecture 

may include: 

Convolutional Layers: These layers extract features from 

the input image, capturing essential details such as facial 

contours and textures. 

Up sampling Layers: These layers increase the spatial 

dimensions of the feature maps, allowing the generator 

to produce high-resolution images. 

Activation Functions: Non-linear activation functions, 

such as ReLU (Rectified Linear Unit) or Leaky ReLU, are 

used to introduce non-linearity into the model, enabling 

it to learn complex mappings. 

3.1.2 Discriminator 

The discriminator's role is to evaluate the authenticity of 

the images produced by the generator. It takes both real 

images (from the training dataset) and fake images 

(generated by the generator) as input and outputs a 

probability indicating whether the input image is real or 

fake. 

The discriminator architecture typically includes: 

● Convolutional Layers: Similar to the generator, the 

discriminator uses convolutional layers to extract 

features from the input images. However, its focus is 

on identifying discrepancies between real and 

generated images. 

● Pooling Layers: These layers reduce the spatial 

dimensions of the feature maps, allowing the model 

to focus on the most salient features. 

● Sigmoid Activation: The final layer of the 

discriminator uses a sigmoid activation function to 

output a probability score between 0 and 1, 

indicating the likelihood that the input image is real. 

3.2 Components of the System 

The system is composed of several key components that 

work together to facilitate the face aging process: 

3.2.1 Input Module 

The input module is responsible for accepting images of 

faces. This module includes: 

Image Upload Interface: A user-friendly interface that 

allows users to upload their images. The interface may 

support various image formats (e.g., JPEG, PNG) and 

provide feedback on image quality. 

Preprocessing Pipeline: Once an image is uploaded, it 

undergoes preprocessing to ensure uniformity in size 

and format. This may include resizing the image to a 

standard resolution (e.g., 512x512 pixels), normalizing 

pixel values, and applying data augmentation 

techniques to enhance the dataset. 

                  
Fig 3.2: Data Preprocessing module 

a)  3.2.2 GAN Module 

The GAN module is the core of the system and 

comprises the generator and discriminator. This module 

is responsible for the face aging process: 
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Training Phase: During the training phase, the generator 

and discriminator are trained simultaneously. The 

generator learns to produce realistic aged images, while 

the discriminator learns to distinguish between real and 

fake images. The training process involves an iterative 

feedback loop, where the discriminator's evaluations 

inform the generator's updates. 

Inference Phase: Once the model is trained, the inference 

phase begins. The input module feeds the uploaded 

image into the generator, which produces an aged 

version of the face. The discriminator may also be used 

during inference to evaluate the quality of the generated 

image, although its primary role is during training 

eFig   

3.2.2: Generative Adversarial Network Module  

3.2.3 Output Module 

The output module is responsible for displaying the generated 

aged images to the user. This module includes:Image Display 

Interface: A visual interface that presents the generated aged 

image alongside the original input image. This allows users to 

compare the two images and observe the aging effects.Save and 

Share Options: Users may have the option to save the generated 

images to their devices or share them on social media platforms. 

This feature enhances user engagement and encourages 

interaction with the application. 

      
Fig 3.2.3: Output Generation Module 

3.3 Data Flow: The data flow within the system is a 

critical aspect of its functionality. It outlines how data 

moves through the various components of the 

architecture: 

3.3.1 Input Stage 

Image Upload: The user uploads an image of their face 

through the input module. The image is then passed to 

the preprocessing pipeline. 

Preprocessing: The uploaded image undergoes 

preprocessing, which includes resizing, normalization, 

and potential data augmentation. This ensures that the 

input image is in the correct format for the GAN. 

3.3.2 Generation Stage 

Feeding into the Generator: The preprocessed image is 

fed into the generator. The generator processes the input 

image through its layers, applying learned 

transformations to simulate the aging process. 

Image Generation: The generator produces an aged 

version of the input image. This output is a synthetic 

image that reflects the expected changes associated with 

aging. 

3.3.3 Evaluation Stage 

Discriminator Evaluation: The generated aged image is 

then evaluated by the discriminator. The discriminator 

assesses the authenticity of the image, providing 

feedback on whether it appears realistic or not. 

Feedback Loop: During the training phase, the 

discriminator's feedback is used to update the 

generator's weights. If the generated image is classified 

as fake, the generator adjusts its parameters to improve 

future outputs. 

3.3.4 Output Stage 

Displaying Results: Once the aged image is generated, it 

is passed to the output module. The output module 

displays the generated aged image alongside the original 

input image, allowing users to compare the two. 

User Interaction: Users can save or share the generated 

image, enhancing engagement with the application. This 

interaction may also provide valuable feedback for 

future improvements. 

3.4 Technical Implementation 

The technical implementation of the system architecture 

involves several key considerations: 
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3.4.1 Framework and Libraries 

The project is implemented using popular deep learning 

frameworks such as PyTorch or TensorFlow. These 

frameworks provide the necessary tools for building and 

training neural networks, as well as utilities for data 

handling and preprocessing. 

3.4.2 Model Training 

The training process involves several steps:Dataset 

Preparation: A diverse dataset of facial images is 

collected, encompassing various ages, ethnicities, and 

genders. This dataset serves as the foundation for 

training the GAN model. 

Training Loop: The training loop iterates over the 

dataset, feeding batches of images into the generator and 

discriminator. The loss functions for both networks are 

calculated, and the weights are updated accordingly. 

Monitoring Progress: During training, metrics such as 

loss values and generated image quality are monitored. 

Visualization tools can be employed to track the 

performance of the model over time. 

    Fig 3.4.2: Training Module 

3.4.3 Hyperparameter Tuning 

Key hyperparameters for the model include: 

Learning Rate: Controls the step size during 

optimization. A well-tuned learning rate is crucial for 

effective training. 

Batch Size: The number of samples processed before the 

model is updated. A larger batch size can lead to more 

stable training but requires more memory. 

Number of Epochs: The total number of training 

iterations over the entire dataset. Sufficient epochs are 

necessary for the model to converge and learn 

effectively. 

3.5 Challenges and Future Improvements 

While the current architecture is effective, several 

challenges and areas for improvement exist: 

Realism of Generated Images: Achieving high realism in 

generated images, especially for extreme age variations, 

remains a challenge. Future work may focus on refining 

the GAN architecture and exploring advanced 

techniques such as progressive growing GANs or 

attention mechanisms. 

Generalization Across Demographics: Ensuring that the 

model generalizes well across different demographics 

(e.g., age, ethnicity, gender) is essential for creating 

inclusive applications. Future research may explore 

techniques for improving model robustness and 

generalization. 

User Experience: Enhancing the user interface and 

experience can lead to increased engagement. Future 

iterations of the application may include additional 

features, such as customization options for aging effects 

or integration with other image processing tools. 

UML DIAGRAMS 

UML (Unified Modeling Language) is a standardized 

way to visualize, design, and document the structure 

and behavior of software systems. It’s like a blueprint for 

your application, helping developers, analysts, and 

stakeholders understand how the system works. 

 

 

 

 

 

 

 

 



  

 

 
93     International Journal for Modern Trends in Science and Technology 

 

 

Use Case Diagram: 

 
   Fig 4.1: Use Case Diagram 

 

 Sequence Diagram:       

 
     Fig 4.2: Sequence Diagram 

 

Class Diagram: 

                               

 
                         Fig 4.3: Class Diagram 

 

Component diagram: 

   

             Fig 4.4: Component Diagram 

 Activity Diagram                                      

                                           

 
 

 Fig 4.5: Activity Diagram 
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Dataset 

5.1 Description of the Dataset 

The dataset used for training the model is crucial for the 

success of the face aging system. It consists of 

high-resolution images of faces collected from various 

sources, ensuring diversity in age, ethnicity, gender, and 

facial features. The dataset is designed to capture the 

complexities of aging and provide the model with a 

comprehensive understanding of how facial features 

change over time. 

5.1.1 Dataset Sources 

The dataset may include images from several 

publiclyavailable datasets, such as: 

FFHQ (Flickr-Faces-HQ): A high-quality dataset of 

human faces that includes a wide range of ages, 

ethnicities, and facial expressions. FFHQ is often used in 

GAN research due to its diversity and high resolution. 

CelebA: A large-scale face attributes dataset with over 

200,000 celebrity images. It includes annotations for 

various attributes, such as age, gender, and facial 

features, making it suitable for training models that 

require demographic information. 

UTKFace: A dataset containing over 20,000 face images 

with annotations for age, gender, and ethnicity. This 

dataset is particularly useful for training models that 

need to generalize across different age groups. 

Model Implementation 

6.1 Overview of the Models Used: The project utilizes a 

Generative Adversarial Network (GAN) architecture, 

specifically the GFPGAN model, which is designed for 

face restoration and aging. GFPGAN stands for 

Generative Facial Prior-Generative Adversarial 

Network. This model is particularly effective for tasks 

involving facial image manipulation, including aging, 

due to its ability to leverage facial priors and generate 

high-quality images. 

6.1.1 Key Features of GFPGAN 

Facial Prior Learning: GFPGAN incorporates a facial 

prior learning mechanism that helps the model 

understand the structural features of human faces. This 

prior knowledge allows the model to generate more 

realistic aged images by preserving essential facial 

characteristics. 

High-Resolution Output: The architecture is designed to 

produce high-resolution images, which is crucial for 

applications in entertainment and social media where 

image quality is paramount. 

Robustness to Variations: GFPGAN is trained on diverse 

datasets, enabling it to generalize well across different 

demographics, including age, gender, and ethnicity. 

6.2 Detailed Explanation of the Code 

The implementation of the GFPGAN model involves 

several key steps, which are detailed below. 

6.2.1 Importing Libraries 

The necessary libraries are imported at the beginning of 

the code. These libraries provide essential functions and 

classes for building and training the GAN model. 

Commonly used libraries include: 

 

1import torch 

2import torch.nn as nn 

3import torch.optim as optim 

4import torchvision. transforms as transforms 

5import cv2 

6import numpy as np 

● PyTorch: A popular deep learning framework 

that provides tools for building and training 

neural networks. 

● OpenCV: A library for image processing that is 

used for loading and manipulating images. 

● NumPy: A library for numerical computations, 

often used for handling arrays and matrices. 

6.2.2 Loading Pre-trained Models 

To enhance the performance of the GAN, pre-trained 

models are loaded. This step allows the model to 

leverage existing knowledge and improve training 

efficiency. The loading process typically involves: 

 

1 def load_pretrained_model(model, load_path): 

2    checkpoint = torch. load(load_path) 

3    model. 

load_state_dict(checkpoint['model_state_dict']) 
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4    model. eval() 

Checkpoint Loading: The model's weights are loaded 

from a saved checkpoint, which contains the state of the 

model at a specific training iteration. This is particularly 

useful for transfer learning, where a model trained on 

one task is adapted for another.                

6.2.3 Defining the GAN Architecture 

The architecture of the GAN is defined, including the 

generator and discriminator networks. The generator is 

responsible for creating aged images, while the 

discriminator evaluates their authenticity. The 

architecture can be defined as follows: 

 

1class Generator(nn.Module): 

2    def __init__(self): 

3        super(Generator, self).__init__() 

4        # Define layers for the generator 

5        self.model = nn.Sequential( 

6            nn.Conv2d(3, 64, kernel_size=7, stride=1, 

padding=3), 

7            nn.ReLU(inplace=True), 

8            # Additional layers... 

9        ) 

10 

11    def forward(self, x): 

12        return self.model(x) 

13 

14class Discriminator(nn.Module): 

15    def __init__(self): 

16        super(Discriminator, self).__init__() 

17        # Define layers for the discriminator 

18        self.model = nn.Sequential( 

19            nn.Conv2d(3, 64, kernel_size=4, stride=2, 

padding=1), 

20            nn. (0.2, inplace=True), 

21            # Additional layers LeakyReLU... 

22        ) 

23 

24    def forward(self, x): 

25        return self.model(x) 

Generator Architecture: The generator typically consists 

of several convolutional layers, activation functions, and 

upsampling layers to produce high-resolution images. 

● Discriminator Architecture: The discriminator 

uses convolutional layers and pooling layers to 

extract features and classify images as real or 

fake. 

b) 6.2.4 Training the Model 

The training process is implemented, including the 

optimization steps and loss calculations. The training 

loop iterates over the dataset, feeding batches of images 

into the generator and discriminator. The training 

process can be outlined as follows: 

 

1 def train(generator, discriminator, dataloader, 

num_epochs): 

2    for epoch in range(num_epochs): 

3        for i, (real_images, _) in enumerate(dataloader): 

4            # Train the discriminator 

5            discriminator.zero_grad() 

6            output = discriminator(real_images) 

7            d_loss_real = criterion(output, 

torch.ones_like(output)) 

8            d_loss_real.backward() 

9 

10            noise = torch.randn(batch_size, 100, 1, 1) 

11            fake_images = generator(noise) 

12            output = discriminator(fake_images.detach()) 

13            d_loss_fake = criterion(output, 

torch.zeros_like(output)) 

14            d_loss_fake.backward() 

15            d_optimizer.step() 

16 

17            # Train the generator 

18            generator.zero_grad() 

19            output = discriminator(fake_images) 

20            g_loss = criterion(output, 

torch.ones_like(output)) 

21            g_loss.backward() 

22            g_optimizer.step() 

Discriminator Training: The discriminator is trained to 

distinguish between real and fake images. The loss is 
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calculated based on its classification accuracy, and the 

weights are updated accordingly. 

Generator Training: The generator is trained to produce 

images that can fool the discriminator. The loss is 

calculated based on the discriminator's output for the 

generated images, and the weights are updated to 

improve the generator's performance. 

6.3 Loss Functions 

The loss functions used in the training process are critical 

for guiding the optimization of the generator and 

discriminator. The following loss functions are 

commonly employed: 

6.3.1 Pixel Loss 

Pixel loss measures the difference between the generated 

image and the ground truth image at the pixel level. It is 

calculated using Mean Squared Error (MSE) or L1 loss: 

 

1 def pixel_loss(generated, target): 

2    return nn.MSELoss()(generated, target) 

● Mean Squared Error (MSE): This loss function 

calculates the average squared difference 

between the predicted and actual pixel values. It 

is sensitive to outliers and can lead to sharper 

images. 

6.3.2 Perceptual Loss 

Perceptual loss evaluates the perceptual similarity 

between images using feature maps from a pre-trained 

network (e.g., VGG). This loss function focuses on 

high-level features rather than pixel-wise differences: 

1 def perceptual_loss(generated, target, model): 

2    generated_features = model(generated) 

3    target_features = model(target) 

4    return nn.MSELoss()(generated_features, 

target_features) 

Feature Extraction: By using a pre-trained model, 

perceptual loss captures the semantic differences 

between images, leading to more visually appealing 

results. 

6.3.3 GAN Loss 

GAN loss is used to train the generator and 

discriminator in an adversarial manner. The generator 

aims to maximize the discriminator's error, while the 

discriminator aims to minimize its error: 

def gan_loss(output, target): 

    return nn.BCELoss()(output, target) 

Binary Cross-Entropy Loss: This loss function is 

commonly used in GANs to measure the performance of 

the discriminator. The generator aims to produce images 

that the discriminator classifies as real, while the 

discriminator aims to correctly classify real and fake 

images. 

6.4 Hyperparameters 

Hyperparameters play a crucial role in the training 

process and can significantly impact the model's 

performance. Key hyperparameters for the model 

include: 

6.4.1 Learning Rate 

The learning rate controls the step size during 

optimization. A well-tuned learning rate is essential for 

effective training. Common values range from 0.0001 to 

0.001. A learning rate that is too high may lead to 

unstable training, while a learning rate that is too low 

may result in slow convergence. 

learning_rate = 0.0002 

6.4.2 Batch Size 

The batch size determines the number of samples 

processed before the model is updated. A larger batch 

size can lead to more stable training but requires more 

memory. Common batch sizes range from 16 to 64, 

depending on the available computational resources. 

batch_size = 32 

6.4.3 Number of Epochs 

The number of epochs refers to the total number of 

training iterations over the entire dataset. Sufficient 

epochs are necessary for the model to converge and learn 
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effectively. The number of epochs can vary based on the 

complexity of the dataset and the model architecture, 

typically ranging from 50 to 200 epochs. 

num_epochs = 100   

6.5 Summary of Model Implementation 

The model implementation for the face aging project 

involves defining the GAN architecture, training the 

model using appropriate loss functions, and tuning 

hyperparameters for optimal performance. By 

leveraging the GFPGAN model, the project aims to 

generate high-quality aged images that reflect realistic 

aging patterns. 

 

6.6 Challenges in Model Implementation 

While implementing the model, several challenges may 

arise: 

Mode Collapse: A common issue in GAN 

training where the generator produces limited 

variations of images. Techniques such as 

mini-batch discrimination or feature matching 

can help mitigate this problem. 

● Training Stability: Ensuring stable training can 

be challenging due to the adversarial nature of 

GANs. Techniques such as gradient penalty or 

using different learning rates for the generator 

and discriminator can improve stability. 

● Computational Resources: Training GANs, 

especially with high-resolution images, can be 

computationally intensive. Utilizing GPUs and 

optimizing the code for efficiency can help 

address this challenge. 

Evaluation Metrics 

Table 7.1: Evaluation Metrics 

Training Loss Curves 

Figure 7.2: Training Loss Curves for Generator and 

Discriminator 

● The training loss curves illustrate the 

convergence of the generator and discriminator 

during the training process. A decreasing trend 

in loss values indicates effective learning. 

8.Input and Output Visualization 

● Example 1: 

Input Image: A young adult male. 

Generated Aged Image: The model produces an aged 

version, showcasing realistic changes such as wrinkles, 

sagging skin, and changes in hair color. 

 
                         Fig 8.1: Aged image of male 

● Example 2: 

Input Image: A young female. 

Model Inception 

Score (IS) 

Fréchet Inception 

Distance (FID) 

Image 

Morphing 

5.2 45.3 

Age-cGA

N 

6.5 35.1 

Pyramid 

GAN 

7.0 30.2 

GFPGAN 8.2 25.0 
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Generated Aged Image: The aged version reflects typical 

aging signs, including fine lines and changes in facial 

structure. 

                     
                   Fig 8.2: Aged image of female 

 

● Example 3: 

Input Image: A child. 

Generated Aged Image: The model successfully ages the 

child into a realistic young adult, maintaining key facial 

features.

                
Fig: 8.3 Aged image of child 

These outputs demonstrate the model's ability to 

generate high-quality aged images that reflect realistic 

aging patterns. The generated images maintain the 

identity of the individuals while effectively simulating 

the aging process. 

8.3 Comparison with Existing Methods: To assess the 

effectiveness of the proposed approach, the results 

obtained from the GFPGAN model are compared with 

existing face aging methods. This comparison highlights 

the strengths and weaknesses of the current model in 

generating aged images. 

8.3.1 Baseline Methods 

Several baseline methods are commonly used for face 

aging, including: 

Image Morphing: This traditional technique blends 

images of different ages to create a smooth transition. 

While it can produce visually appealing results, it often 

lacks realism and fails to capture the intricate details of 

aging. 

Age-cGAN: A conditional GAN that generates images 

conditioned on age labels. While it allows for controlled 

aging effects, it may not produce as high-quality images 

as the GFPGAN model. 

Pyramid GAN: This model utilizes a pyramid structure 

to generate images at multiple resolutions. Although it 

improves image quality, it may still struggle with 

generating diverse outputs. 

8.3.2 Quantitative Comparison 

The performance of the GFPGAN model is 

quantitatively compared with the baseline methods 

using the evaluation metrics discussed earlier (IS and 

FID). The results are summarized in the following table: 



  

 

 
99     International Journal for Modern Trends in Science and Technology 

 

 

 

Table 8.1: Quantitative Comparison of Methods 

As shown in the table, the GFPGAN model outperforms 

the baseline methods in both Inception Score and Fréchet 

Inception Distance. The higher IS indicates that the 

generated images are more diverse and realistic, while 

the lower FID suggests that the feature distribution of 

the generated images is closer to that of the real images. 

8.3.3 Qualitative Comparison 

In addition to quantitative metrics, qualitative 

comparisons are also made by visually inspecting the 

generated images from different methods. The following 

observations can be made: 

Realism: The GFPGAN model produces aged images 

that exhibit more realistic aging features compared to 

traditional image morphing techniques. 

Diversity: The outputs from the GFPGAN model show 

greater diversity in aging effects, capturing a wider 

range of aging patterns across different individuals. 

Identity Preservation: The GFPGAN model effectively 

preserves the identity of the individuals while aging 

them, which is crucial for applications in entertainment 

and social media.  

Fig 8.4: Comparison of Methods using inception 

Score and FID 

Conclusion 

9.1 Summary of Findings 

This project successfully demonstrates the potential of 

Generative Adversarial Networks (GANs) in the domain 

of face aging, producing realistic aged images that reflect 

the complexities of the aging process. The 

implementation of the GFPGAN architecture has yielded 

several key findings: 

9.1.1 Effectiveness of GANs in Face Aging 

The results indicate that GANs, particularly the 

GFPGAN model, are highly effective in generating aged 

images that maintain the identity of the individuals 

while simulating realistic aging features. The model's 

ability to produce high-resolution images with fine 

details, such as wrinkles, skin texture changes, and 

variations in hair color, showcases the advancements in 

generative modeling. 

9.1.2 High-Quality Outputs 

The evaluation metrics, including Inception Score (IS) 

and Fréchet Inception Distance (FID), demonstrate that 

the generated images are not only realistic but also 

diverse. The GFPGAN model outperformed existing face 

aging methods, indicating its superiority in generating 

high-quality outputs. The ability to capture a wide range 

of aging patterns across different demographics is a 

significant achievement. 

9.1.3 Robustness and Adaptability 

The model exhibits robustness to variations in input 

images, including differences in lighting, facial 

expressions, and angles. This adaptability enhances the 

model's applicability in real-world scenarios, where 

input conditions may vary significantly. The findings 

suggest that the model can be effectively utilized in 

various applications, from entertainment to healthcare. 

9.1.4 Ethical Considerations 

The project also highlights the importance of ethical 

considerations in the use of face aging technology. As the 

technology advances, it is crucial to establish guidelines 

for responsible use, ensuring that individuals' rights and 

privacy are respected.  

 

LITERATURE REVIEW 

The review consists first of a brief introduction to the 

paper that has been surveyed, followed by the proposed 

method. The second part of the review details the 

datasets the authors used and the result. Finally, an 

analysis of the strengths and weaknesses concludes the 

Method Inception Score 

(IS) 

Fréchet Inception 

Distance (FID) 

Image 

Morphing 

5.2 45.3 

Age-cGAN 6.5 35.1 

Pyramid 

GAN 

7.0 30.2 

GFPGAN 8.2 25.0 
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review of each method. This section is divided into two 

subsections: (1) Handcrafted and (2) Transfer 

learning-based models. The handcrafted subsection 

surveys the papers utilising algorithms built from 

scratch to estimate facial age. On the other hand, the 

transfer learning-based subsection lists the papers that 

use pre-trained architectures to predict facial age. 

1. Handcrafted Methods In 2015, a paper by presented 

an age estimation model based on a modified version of 

the support vector machine algorithm. The proposed 

method uses Viola and Jones  to detect and extract the 

subject’s face. The detected face is aligned using a 

68-landmarks facial detector. The facial features are 

extracted using a local binary pattern (LBP) operator. 

The authors use the LBP of studies with the related 

four-patch LBP codes of . The authors claim that these 

LBP codes were used due to their robustness with 

various face recognition problems and are 

computationally inexpensive. The pre-processed images 

are fed to a modified linear support vector machine 

(SVM) for classification. 

The classifier is equipped with a dropout layer to reduce 

the model’s complexity and overfitting. The authors 

experiment with two different dropout rates. The 

authors set the dropout rate to 80%. The training and 

testing were conducted on the Adience dataset, 

consisting of more than 20,000 samples taken in 

unconstrained conditions. When the model was tested 

on the Adience dataset, the authors reported a 

classification accuracy of 45.1% and a one-off accuracy of 

79.5%. Additionally, the authors reported a classification 

accuracy of 66.6% when the model was validated on the 

Gallagher dataset. This method retains several 

advantages and disadvantages. 

The first advantage is that the model is trained and 

tested on images taken in unrestrained conditions. In 

real-life applications, the quality of images, head poses, 

and facial accessories are not controlled and are usually 

very noisy. The second advantage is that the model is not 

computationally expensive, and the custom dropout 

layer helped to generalise the model to new samples. In 

contrast, the main disadvantage lies in the feature 

extraction phase. As the facial features are extracted 

manually, several important discriminative features are 

left behind, which causes the model not to learn all the 

essential ageing features, thus resulting in low accuracy. 

The second weakness is the distribution of the Adience 

dataset samples. The dataset is missing samples from 

specific age groups, such as those between 20 and 25 

years old or individuals between 43 and 48 years old. 

This distribution of samples limits the model from being 

tested on samples of subjects within the abovementioned 

age groups. The authors of the previous study 

experimented with convolutional neural networks and 

reported the findings in. The authors opted for a smaller 

and much simpler network design than much larger 

architectures such as. The classifier consists of three 

convolutional layers followed by two fully connected 

layers. 

The final output layer maps to either eight age classes or 

two gender classes. Before feeding the network with the 

images for training, the samples are first rescaled to 256 × 

256, and a crop of 227 × 227 is fed to the network’s input 

layer. The first hidden convolutional layer consists of 96 

filters with a kernel size of 7 × 7. This layer is activated 

using the rectified linear operator (ReLU) function 

followed by a max-pooling layer with a pool size of 3 × 3 

and two-pixel strides. The authors then add a local 

response normalisation layer. The second hidden layer 

consists of 256 filters with a kernel size of 96 × 5 × 5, and 

it is activated using the ReLU activation function. 

A max-pooling layer and a local response normalisation 

layer are added. The final hidden layer contains 384 

filters with a kernel size of 256 × 3 × 3. The next portion of 

the classifier is the fully connected module consisting of 

two fully connected layers, each with 512 neurons. Each 

layer is followed by a dropout layer and activated using 

ReLU. The layer that maps to either the age groups or the 

gender class is a soft-max layer that assigns a probability 

to each gender or age class. The authors use the Adience 

dataset to train and test the model. The testing is 

performed using K-Fold validation with five splits. The 

authors recorded a higher accuracy of 50.7% compared 

to their previous attempt Although the authors of this 

study attempted to extract the facial features using 

convolutional neural networks, which are proven to be 

much better than handcrafted models, the presented 

results remain far from perfect for several reasons. 

By observing the confusion matrix provided by the 

authors, we notice that the model is capable of 

identifying samples of subjects in the 0–2, 4–6, 60+, and 

8–13 age groups accurately; however, we see lots of 

misclassifications of samples taken from the 15–20, 

38–43, and 48–53 age groups. This observation might 
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indicate that the model did not learn certain 

discriminative features that would allow it to learn the 

key features that make these age groups different. 

Despite the observed weakness, this model’s significant 

advantage is that it can classify images taken in real-life 

conditions of various qualities and illuminations. 

This study confirms that convolutional neural networks 

outperform traditional machine learning techniques in 

which the features are manually extracted. In a study by  

the authors introduced a built-from-scratch network 

trained on facial images of celebrities captured in 

unconstrained conditions. This method consists of four 

steps. First, a face detection method, introduced by the 

authors and known as the deep pyramid deformable 

parts model, is employed to locate a subject’s face in an 

image. The second step is face alignment, which is 

carried out using the dlib C++ library. The third step is 

feature extraction, which uses a ten layers CNN network. 

The final step is estimating facial age, and for this step, a 

custom-built three-layer neural network trained on 

Gaussian loss is employed. The input layer of the 

network takes an input vector of size 320. The first 

hidden layer consists of 160 units, while the second layer 

consists of 32 units. Every layer is activated using the 

parametric rectified linear unit (PReLU) function. The 

proposed network is generalised by adding several 

dropout layers after each neural layer with rates of 40%, 

30%, and 20% for the input, first, and second hidden 

layers, respectively. The network has been trained on the 

CASIA-WebFace dataset and cross-validated on ICCV 

2015 ChaLearn challenge dataset. The authors reported 

an error rate of 0.373 on the test and validation portions 

of the ChaLearn dataset. This study has shown that 

using Gaussian loss improves age prediction 

performance. 

Based on the reported results, the proposed method has 

been robust to poses and resolutions compared to similar 

methods. However, this method cannot appropriately 

handle images of extreme illuminations and poses. In 

addition, the authors insisted that the lack of training 

samples of individuals older than 70 caused the model to 

misclassify individuals in that age group. The authors of 

attempted to tackle the issue of poor-quality images by 

introducing a pre-trained super-resolution GAN 

(SRGAN) layer into the pre-processing stage. The 

authors introduced a custom-built CNN classifier that 

can distinguish between six age classes. 

The proposed method begins by pre-processing the 

images through face detection, alignment, and resizing. 

The next pre-processing stage is passing the image to a 

pre-trained SRGAN generator which reconstructs a 

higher resolution equivalent of the input image. The 

image is then fed to a custom CNN classifier with two 

hidden layers. The first layer consists of 96 filters, while 

the second consists of 128 filters. The authors used the 

UTKFace dataset for training and testing and reported 

an accuracy of 72%. Based on the experiments, the 

introduction of SRGAN has improved the model’s 

performance. 

However, it is evident from the confusion matrices that 

the lack of enough samples and data disparity 

contributed to the decrease in accuracy. In another study 

by [60], the authors introduced a concept known as Deep 

Expectation (DEX) to estimate apparent age. The 

network was inspired by the VGG-16 network design, 

and it was trained to treat age estimation as a regression 

problem. The authors utilised the IMDB-WIKI dataset 

for training and testing. Out of the 500,000+ samples, 

260,282 images were used for training, while the 

remaining samples were dedicated to testing. According 

to the authors, the experiment showed that the DEX 

network improved the rate of age prediction compared 

to traditional regression. The authors of this study 

reported an MAE of 3.2 years. One of the limitations 

mentioned in this paper is the demand for higher 

computational power to carry out the face identification 

process. In addition, it was mentioned in this paper that 

extreme illumination and various poses were the main 

contributors to failed predictions. 7.2. Transfer 

Learning-Based Methods Pre-trained models such as 

VGG19 or ResNet50 have solved various machine 

learning problems. The interest in utilising pre-trained 

models lies in their ability to produce better accuracy 

without needing a lot of labelled training samples. 

In age estimation, one of the common issues is the 

availability of adequate training samples. Several studies 

suggested using pre-trained models to tackle the 

problem of insufficient data. The authors of introduced a 

multi-stage age and gender estimation model that uses a 

pre-trained VGG19 model. The first component of the 

proposed method is a saliency detection network 

capable of extracting regions of interest, which, in the 

case of this problem, is a subject’s face. The second 

component is an age estimation model, a pre-trained 
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VGG19 network. The saliency detection network is a 

deep encoder–decoder segmentation network that has 

proven successful in semantic segmentation, hole filling, 

and computer vision tasks that require segmentation. 

The age and gender estimators are combined into a 

modified VGG-19 network, where the last fully 

connected layers are replaced with average pooling 

layers, and two extra separated layers are added to 

predict age and gender. The output of the last 

convolutional layer is encoded from 14 × 14 × 512 to 14 × 

14 × 1 using a 1 × 1 convolutional layer. A max-pooling 

layer is then used to encode the feature map to 7 × 7 × 1. 

These two separate layers are introduced to reduce the 

number of parameters and complete the linear 

combination of the 512 feature maps. The output of the 

last convolutional layer is flattened to a 49 × 1 vector, and 

each element in the vector is a 32 × 32 features region. 

The 49 × 1 vector is then expanded to 2058 × 1 to 

represent the features of the reach region using the local 

region interaction (LRI) operation. The introduced LRI 

ignores the interactions among local regions in the same 

row, which better represents the features by eliminating 

redundant information. 

The study’s authors treat age as a continuous variable; 

therefore, they consider this problem a regression task in 

which the final layer outputs a single value instead of a 

class probability. The authors used the FG-NET, 

Adience, and CACD datasets to train and test the 

proposed method. The age label in the CACD dataset 

was estimated using the year information acquired when 

the dataset was collected through a web search. All three 

datasets were equally divided into 80% training and 20% 

testing data with a mini-batch stochastic gradient 

descent of patch size 224 × 224 and a batch size of 10. The 

learning rate of the network is 2.5 × 10−4 , whereas the 

momentum is 0.9, and the number of epochs is 200. The 

authors reported an MAE of 1.84 years, mainly due to 

the implementation of the saliency detection network, 

which ensures that only faces are extracted. Compared to 

the other models, this method’s main advantage is 

adding a subjectbackground segregation mechanism to 

better pre-process the input images. Ensuring that only 

the pixels representing one’s face are fed to the learning 

algorithm helps ease the training process. Despite 

reporting a relatively low MAE, this method suffers from 

several issues. Firstly, the authors insisted that this 

method performs only on images that contain a single 

face due to the lack of a face detection component. 

This issue limits the model from performing in real-life 

scenarios where more than one face might exist in a 

single image. In addition, this method does not consider 

non-frontal or misaligned faces since it only extracts 

regions of interest (faces) without aligning or rotating 

them. The lack of a pre-processing stage to correct 

alignment and rotation is a limitation since images 

acquired from different datasets or taken in real-life 

scenarios are of various poses and angles. The authors 

then used pre-trained models such as ResNet, VGG, and 

DEX to estimate the age from the input reconstructed 

images. The datasets used to train and test the age 

estimation model were the PAL, MORPH, and FG-NET 

databases and the authors reported an MAE of 8.3 as 

their best result. Although the proposed method 

confirmed that other architectures, such as GANs, can be 

used to improve the rate of correctly estimating facial 

age, one of the main drawbacks of this method is the 

increased processing time caused by the GAN 

component. 

The main highlight of the proposed model is that it 

transforms the output layer and merges classification 

and regression age estimation concepts. In addition, the 

authors claim that the model focuses only on the critical 

features extracted during the pre-processing stage and 

data augmentation. The proposed method consists of 

several image pre-processing steps to ease the training 

process and a data augmentation step such as filtering, 

sharpening, and stretching to overcome overfitting. The 

authors tested and trained their model on the MORPH-II 

and FG-NET datasets and were able to achieve an MAE 

of 2.68. 

The proposed method consists of three components: (1) 

Gender classifier, (2) Males-only age classifier, and (3) 

Females-only age classifier. The proposed method 

begins with a pre-processing step in which all images 

are normalised and resized to a constant size. Next, a 

pre-trained VGG16 is modified and trained to estimate 

age class from the pre-processed images. During the 

training phase, each VGG16 network is trained on a 

group of images filtered by gender. Therefore, the 

males-only age classifier is trained on images of males, 

while the females-only age classifier is trained on 

images of females. The gender classifier is the first entry 

point when the Big system is in use and is responsible 
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for loading the appropriate age classifier based on the 

gender label. The authors used the UTKFace dataset to 

train their age classifiers and a gender dataset from 

Kaggle to train the gender classifier. The authors 

reported an accuracy of 80.5%; however, the main 

drawback of this system is that it does not consider 

non-binary individuals. 
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