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Abstract—This project presents a novel approach to face
age synthesis and age- invariant face recognition through
a unified deep learning framework named MTLFace.
The system simultaneously performs realistic facial
aging and robust identity preservation across age gaps
using GANs. By integrating attention-based feature
decomposition and identity-conditioned modules, the
model effectively disentangles age-related and identity-
specific features. A selective fine-tuning mechanism
refines recognition accuracy using only high- quality
synthetic images. The approach is validated on
largescale, annotated datasets and shows superior
performance in both visual realism and recognition
accuracy, with potential applications in forensics and
missing person identification.

Index Terms—Generative Adversarial Networks
(GANs), Age-Invariant Face Recognition, Forensics
Applications, Image Quality Filtering, Fine-grained Age
Transformation, AR/VR Integration, Ethical AlI,
Attention Feature Decomposition (AFD), Identity
Conditional Module (ICM)

[. INTRODUCTION

Human faces change significantly with age due to
natural biological processes such as growth, skin
texture variation, wrinkles, and facial structure
development. These changes make it difficult for
traditional face recognition systems to accurately
identify a person across different age stages. Face age
synthesis has therefore become an important research
area in computer vision and artificial intelligence,
aiming to generate realistic images of how a person's
face may appear at different ages while still preserving
their identity.

Recent advances in deep learning have introduced
powerful techniques to address this challenge,
particularly through the use of Generative Adversarial
Networks (GANs). GANs consist of two neural
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networks a generator and a discriminator that compete
with each other during training. The generator
attempts to create realistic images, while the
discriminator evaluates whether the generated images
look real or fake. Through this adversarial process, the
system learns to produce highly realistic synthetic
images.

In this project, we focus on face age synthesis using
GAN-based models to generate age-progressed and
age-regressed facial images. The system is designed
not only to simulate aging effects such as wrinkles,
skin texture changes, and facial structure variations,
but also to maintain the original identity of the person.
This is achieved by separating identity-related features
from age-related features using advanced deep
learning techniques.

Such systems have important real-world applications.
For example, they can assist in finding long-missing
persons by predicting how they might look after many
years. They can also support forensic investigations,
improve age-invariant face recognition systems, and
enhance identity verification in security systems such
as passport control.

Overall, face age synthesis using GANs combines
generative modelling and facial recognition
techniques to create a robust framework capable of
producing realistic aging transformations while
preserving identity information. This approach
contributes significantly to advancements in computer
vision, biometric security, and intelligent image
generation systems.

II. LITERATURE REVIEW
Face age synthesis has been widely studied in the field

of computer vision to generate realistic images of a
person’s face at different ages. Early approaches
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mainly relied on traditional image processing
techniques and statistical models such as Active
Appearance Models (AAM) and prototype-based
methods. These techniques attempted to simulate
aging by applying predefined aging patterns to facial
images. However, they often produced unrealistic
results and failed to preserve the identity of the
individual accurately.

With the advancement of deep learning, researchers
began exploring neural network—based methods for
age progression and regression. In particular,
Generative Adversarial Networks (GANs) introduced
by lan Goodfellow significantly improved the quality
of generated images. GAN-based models such as
Conditional GAN (cGAN) and Age-cGAN allow the
generation of facial images with specific age attributes
while maintaining identity consistency.

Later models like Cycle GAN and Age Progression
GAN further enhanced the process by enabling image-
to-image translation without requiring paired datasets.
These models learn complex aging patterns from large
datasets and produce more realistic age
transformations.

Recent research focuses on improving identity
preservation, reducing artifacts, and generating high-
resolution images. By incorporating advanced
architectures and training techniques, GAN-based age
synthesis systems have achieved promising results and
are now widely used in applications such as forensic
investigations, missing person identification, and age-
invariant face recognition systems.

III. DATASET DESCRIPTION

The dataset used for face age synthesis consists of a
large collection of human facial images categorized
into different age groups. Each image in the dataset
contains a clear frontal face with labeled age
information, which helps the model learn aging
patterns across various stages of life. The dataset
includes individuals of different genders, ethnicities,
and facial expressions to ensure diversity and improve
the robustness of the model.

Before training the model, the images are pre-
processed to ensure consistency. This includes face
detection, alignment, resizing, and normalization of
images to a fixed resolution. The dataset is then
divided into multiple age categories such as childhood,
young adults, middle age, and elderly. These labelled
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age groups help the Generative Adversarial Network
learn how facial features gradually change over time.
Using a well-structured and diverse dataset allows the
GAN model to generate realistic age-progressed and
age-regressed facial images while preserving the
identity of the person.

IV. DATA PREPROCESSING

Data preprocessing is an essential step in the face age
synthesis system to ensure that the input images are
clean, consistent, and suitable for training the model.
Initially, the collected facial images are examined to
remove low-quality, blurred, or incomplete images
that may negatively affect the learning process. After
filtering, face detection techniques are applied to
identify and extract the facial region from each image.
Once the faces are detected, the images are aligned to
maintain a consistent orientation of facial features
such as the eyes, nose, and mouth. The detected faces
are then resized to a fixed resolution so that all images
have the same dimensions, which is required for
training deep learning models like GANS.

In addition, normalization is performed to scale pixel
values into a standard range, improving model stability
during training. Data augmentation techniques such as
flipping, rotation, and slight brightness adjustments
may also be applied to increase dataset diversity.
These preprocessing steps help the model learn more
effectively and generate realistic age-transformed
facial images.

V. SYSTEM ARCHITECTURE

The system architecture for face age synthesis using
GANs consists of two main components: the
Generator and the Discriminator. The generator
network takes a facial image along with an age
condition as input and produces a new image showing
the face at the target age. The discriminator network
evaluates both real and generated images to determine
whether they are authentic or synthesized. During
training, these two networks compete with each other,
improving the quality of generated images. Additional
modules such as feature extraction and identity
preservation help maintain facial identity while
applying age transformations, resulting in realistic and
accurate age-progressed or age-regressed facial
images.
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Face Age Synthesis Using GANs: System Architecture
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VI. SOFTWARE REQUIREMENTS

The implementation of the Face Age Synthesis system
using Generative Adversarial Networks (GANs)
requires several software tools and libraries. The
project can be developed using the Python
programming language due to its strong support for
machine learning and deep learning frameworks.
Libraries such as TensorFlow or PyTorch are used to
design and train the GAN model. Image processing
tasks like face detection, alignment, and preprocessing
can be performed using OpenCV and NumPy. Jupyter
Notebook or Google Colab can be used as the
development  environment for coding and
experimentation. Additionally, Matplotlib is used for
visualization of results and model performance during
the training process.

VII. HARDWARE REQUIREMENTS

The system requires a computer with at least an Intel
i5 processor or equivalent, 8 GB RAM, and 256 GB
storage. A GPU such as NVIDIA CUDA-supported
graphics card is recommended for faster training of
GAN models. Additionally, a standard monitor,
keyboard, and stable internet connection are required
for development and dataset access.

VIII. APPLICATION WORKFLOW

The workflow of the face age synthesis system begins
with collecting a dataset of facial images with age
labels. These images undergo preprocessing steps such
as face detection, alignment, resizing, and
normalization to ensure consistency. After
preprocessing, the prepared dataset is used to train the
Generative Adversarial Network (GAN).
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During training, the generator receives an input face
image along with a target age condition and generates
anew image representing the person at the desired age.
The discriminator then evaluates the generated image
by comparing it with real images to determine whether
it is real or fake. Through this adversarial learning
process, both networks improve their performance.
Once the model is trained, the system can take a new
input face image and generate age-progressed or age-
regressed versions. The final output is a realistic facial
image showing how the person may appear at different
ages while maintaining their identity.
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IX. IMPLEMENTATION

The implementation of the Face Age Synthesis system
using Generative Adversarial Networks (GANSs)
involves several stages, including data preparation,
model development, training, and testing. Initially, a
dataset containing facial images with age labels is
collected from reliable sources. The images are then
pre-processed to improve their quality and
consistency. This preprocessing stage includes face
detection, alignment of facial landmarks, resizing
images to a fixed resolution, and normalizing pixel

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 6623



© March 2026 | IJIRT | Volume 12 Issue 10 | ISSN: 2349-6002

values. These steps ensure that the input data is
suitable for training the deep learning model.

After preprocessing, the GAN architecture is
implemented using a deep learning framework such as
TensorFlow or PyTorch. The system consists of two
neural networks: the Generator and the Discriminator.
The generator takes an input face image along with a
target age condition and produces a new image that
represents the person at the specified age. The
discriminator, on the other hand, evaluates both real
images from the dataset and the images generated by
the generator to determine whether they are real or
fake.

During training, both networks are trained
simultaneously in an adversarial manner. The
generator continuously improves its ability to create
realistic aged faces, while the discriminator becomes
better at identifying generated images. This
competitive training process helps the model learn
complex aging patterns.

Once the training process is complete, the system can
accept a new input face image and generate age-
progressed or age-regressed versions. The final output
is a realistic facial image that preserves the identity of
the person while accurately reflecting the target age
transformation.

X. RESULTS AND PERFORMANCE ANALY SIS

The proposed Face Age Synthesis system using
Generative Adversarial Networks (GANs) was
evaluated based on the quality, realism, and identity
preservation of the generated facial images. After
training the model with a diverse dataset of facial
images across different age groups, the system was
able to generate realistic age-progressed and age-
regressed facial images. The generated results showed
noticeable aging features such as wrinkles, skin texture
changes, and slight facial structure variations while
maintaining the identity of the person.

The performance of the model was analysed by
comparing the generated images with real images from
the dataset. Visual inspection and qualitative analysis
were used to determine whether the synthesized
images appeared natural and consistent with the target
age group. The GAN model demonstrated strong
capability in learning aging patterns and producing
smooth transitions between different age stages.
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In addition, the adversarial training process helped
reduce image artifacts and improved overall image
quality over multiple training iterations. The system
successfully generated high-quality images for most
test inputs, indicating that the model effectively
learned age-related features. Overall, the results
demonstrate that GAN-based face age synthesis can
produce realistic and identity-preserving facial
transformations, making it useful for applications such
as forensic  investigations, missing person
identification, and age-invariant face recognition
systems.
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Identity Preservation Across Age Groups
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XI. FUTURE WORK

Although the proposed Face Age Synthesis system
using Generative Adversarial Networks (GANs)
produces realistic age-progressed and age-regressed
images, there are several areas for improvement in
future work. The model can be enhanced by using
larger and more diverse datasets that include different
ethnicities, lighting conditions, and facial expressions
to improve generalization. Future research can also
focus on generating higher-resolution images with
more detailed aging features such as fine wrinkles and
skin  texture.  Additionally, advanced GAN
architectures like StyleGAN or CycleGAN can be
implemented to improve image quality and stability
during training. Real-time face age synthesis can also
be explored to make the system suitable for mobile and
web-based applications. Furthermore, integrating the
system with face recognition models can improve
identity preservation and help develop more reliable
age-invariant recognition systems for security and
forensic applications.

XII. CONCLUSION

Although the proposed Face Age Synthesis system
using Generative Adversarial Networks (GANs)
produces realistic age-progressed and age-regressed
images, there are several areas for improvement in
future work. The model can be enhanced by using
larger and more diverse datasets that include different
ethnicities, lighting conditions, and facial expressions
to improve generalization. Future research can also
focus on generating higher-resolution images with
more detailed aging features such as fine wrinkles and
skin  texture.  Additionally, advanced GAN
architectures like StyleGAN or CycleGAN can be
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implemented to improve image quality and stability
during training. Real-time face age synthesis can also
be explored to make the system suitable for mobile and
web-based applications. Furthermore, integrating the
system with face recognition models can improve
identity preservation and help develop more reliable
age-invariant recognition systems for security and
forensic applications.
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