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Abstract- Deep learning models have demonstrated
strong performance in image classification; however,
their effectiveness is highly dependent on the
availability of large-scale labeled datasets. In data-
scarce scenarios, convolutional neural networks are
prone to overfitting limited training samples, resulting
in poor generalization to unseen data. This challenge is
especially relevant in practical applications where data
collection is constrained by cost, accessibility, or
domain-specific limitations.

This paper investigates the effectiveness of synthetic
image generation as a lightweight and systematic
approach for mitigating overfitting under extreme
low-data conditions. Using the CIFAR-10 benchmark,
a controlled limited-data setting is constructed with
only 50 real training images per class. To enrich the
training distribution without introducing additional
real samples, synthetic images are generated through a
combination of label-preserving geometric
transformations and noise-based perturbations,
designed to increase intra-class variability while
preserving semantic consistency.

A ResNet-18 architecture is employed to evaluate the
impact of synthetic image augmentation on training
dynamics, overfitting behavior, and generalization
performance. Models trained with synthetic-enhanced
datasets are compared against baselines trained solely
on limited real data under identical optimization
settings. Experimental results demonstrate a
substantial relative improvement in test accuracy and
a  pronounced reduction in the train—test

generalization gap when synthetic data is incorporated.

These findings indicate that carefully designed
synthetic image generation pipelines, even without
complex generative models, can serve as an effective
and computationally efficient strategy for improving
robustness and generalization in deep learning systems
operating under severe data-scarce conditions.

Synthetic image generation, data augmentation,

overfitting  mitigation, generalization, low-data
learning, convolutional neural networks, CIFAR-10
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Deep learning has become the dominant paradigm
for image classification and other computer vision
tasks, achieving state-of-the-art performance across
a wide range of benchmarks. These advances are
largely enabled by deep neural architectures and the
availability of large-scale labeled datasets, which
allow models to learn rich and discriminative feature
representations. However, the effectiveness of deep
learning systems remains strongly dependent on the
quantity and diversity of training data.

In many real-world applications, acquiring
sufficiently large annotated datasets is expensive,
time-consuming, or impractical. Data scarcity is
common in domains where data collection is
constrained by cost, access limitations, privacy
concerns, or operational requirements. When trained
on limited data, deep neural networks often exhibit
severe overfitting, characterized by high training
accuracy but poor generalization to unseen samples.
This issue arises because modern architectures
possess high representational capacity relative to the
available data, causing models to memorize training
instances instead of learning robust and transferable
features.

Data augmentation is a widely adopted strategy for
addressing limited data availability. By applying
label-preserving transformations such as rotation,
translation,  scaling, and noise injection,
augmentation techniques artificially expand the
training set and expose models to a broader range of
input variations. Despite their simplicity and low
computational cost, conventional augmentation
methods may be insufficient in extreme low-data
regimes, where the diversity introduced by basic
transformations does not adequately capture the
variability of real-world data distributions.

Synthetic image generation offers a practical and
data-centric alternative for mitigating overfitting
under data-scarce conditions. Rather than relying on
complex generative models, lightweight synthetic
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transformations can be designed to increase intra-
class variability while preserving semantic
consistency. Such approaches are particularly
attractive when computational resources are limited
or when training generative models is infeasible due
to the scarcity of real data. However, the
effectiveness of synthetic image generation in
reducing overfitting and improving generalization
under extreme data constraints requires systematic
empirical evaluation.

In this work, we investigate the role of synthetic
image generation for mitigating overfitting in deep
learning models trained under extreme low-data
conditions. Using the CIFAR-10 dataset as a
benchmark, we construct a constrained training
setting by restricting the available labeled data to 50
images per class. Synthetic images are generated
through a combination of label-preserving geometric
transformations and noise-based perturbations,
designed to increase training diversity without
altering class semantics. A ResNet-18 architecture is
employed to evaluate the impact of synthetic
augmentation on training dynamics, generalization
performance, and the train—test accuracy gap.

The main contributions of this paper are
summarized as follows:

e We present a controlled empirical study
analyzing overfitting behavior in deep
neural networks under extreme low-data
conditions.

e We design a reproducible synthetic image
generation pipeline based on lightweight,
label-preserving transformations suitable
for data-scarce scenarios.

e We demonstrate that synthetic image
augmentation significantly reduces
overfitting and improves generalization in
ResNet-18 models trained on limited
CIFAR-10 data.

The remainder of this paper is organized as follows.
Section II reviews related work on data
augmentation and synthetic data generation.
Section III describes the dataset construction,
synthetic augmentation methodology, and model
architecture. Section IV presents experimental
results and analysis. Section V discusses limitations
and implications, and Section VI concludes the
paper with directions for future research.
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IL. RELATED WORK

Data scarcity and overfitting remain fundamental
challenges in deep learning, particularly for image
classification tasks where model capacity often
exceeds the amount of available labeled data. To
address these issues, a substantial body of research
has investigated data augmentation and synthetic
data generation techniques aimed at improving
generalization. This section reviews prior work on
conventional — augmentation, synthetic  image
generation in low-data regimes, and empirical
studies on overfitting mitigation.

Conventional Data Augmentation

Traditional data augmentation techniques are among
the earliest and most widely adopted strategies for
improving generalization in convolutional neural
networks. Common transformations include random
cropping, horizontal flipping, rotation, scaling,
translation, and additive noise. These label-
preserving operations increase the effective size of
the training set and encourage models to learn
invariances to small geometric and photometric
perturbations.

Several studies have demonstrated that conventional
augmentation improves robustness and reduces
overfitting in moderately sized datasets. However,
in extreme low-data regimes—such as scenarios
with only a few dozen samples per class—basic
augmentation often provides limited benefit. The
synthetic samples produced through simple
transformations may lack sufficient diversity,
causing models to continue memorizing training
instances rather than learning transferable
representations.

Synthetic Image Generation in Low-Data Learning
Beyond classical augmentation, synthetic image
generation has been explored as a means to enrich
training distributions when real data is scarce.
Rather than generating entirely new semantic
content, many approaches focus on increasing intra-
class variability through controlled, label-preserving
transformations. Such methods are particularly
attractive in low-resource settings due to their
simplicity, reproducibility, and low computational
overhead.

Empirical studies have shown that carefully
designed synthetic transformations can act as an
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implicit regularizer, improving training stability and
narrowing the gap between training and test
performance. Unlike complex generative approaches,
lightweight synthetic augmentation does not require
training separate generative models, making it
suitable for scenarios where both labeled data and
computational resources are limited.

Overfitting Mitigation and Generalization Analysis
Overfitting in deep neural networks has been
extensively studied, with prior work analyzing its
relationship to model capacity, dataset size, and
optimization dynamics. Common regularization
techniques such as weight decay, dropout, and early
stopping are widely used to mitigate overfitting;
however, these methods alone are often insufficient
in severely data-limited settings.

Recent research has emphasized the importance of
explicitly analyzing generalization gaps, rather than
relying solely on test accuracy as a performance
indicator.  Studies  focusing on  train—test
performance  divergence suggest that data
augmentation and synthetic data can improve
generalization by effectively increasing the support
of the training distribution. Nevertheless, many
existing works lack controlled experimental designs
that isolate the contribution of synthetic data under
extreme data scarcity.

Summary and Positioning of This Work

While prior research has established the value of
data augmentation for improving robustness, there
remains a need for systematic empirical evaluation
of synthetic image generation under severe data
constraints. In particular, the effectiveness of
lightweight, label-preserving synthetic augmentation
techniques for reducing overfitting in deep
convolutional networks has not been fully explored
using controlled low-data benchmarks.

This work addresses this gap by conducting a
focused empirical study on synthetic image
generation for overfitting mitigation in extreme low-
data conditions. Using a restricted CIFAR-10
dataset and a ResNet-18 architecture, we analyze the
impact of synthetic augmentation on training
dynamics, generalization performance, and the
train—test accuracy gap. In contrast to prior studies
emphasizing complex generative models, our
approach highlights the effectiveness of simple,
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reproducible  synthetic  transformations  for
improving deep learning performance under data
scarcity.

IIL. SYSTEM OVERVIEW

This work proposes an end-to-end deep learning
framework that integrates synthetic image
generation into the training pipeline to mitigate
overfitting under data-scarce conditions. The
framework is specifically designed for image
classification tasks and emphasizes simplicity,
reproducibility, and controlled experimentation.
Synthetic images are treated as a complementary
resource to real data, enabling systematic analysis of
their impact on generalization performance.

The system follows a modular design in which each
component performs a clearly defined function,
ranging from dataset construction to model
evaluation. All experiments are conducted on static
image data using a controlled low-data setting
derived from the CIFAR-10 benchmark.

Overall Architecture

The proposed framework consists of the following
core modules:

e Real Image Dataset Construction Module

e Preprocessing and Normalization Module

e  Synthetic Image Generation Module

e Deep Learning Training Module

e Evaluation Module

Each module communicates through standardized
image tensors and corresponding labels, enabling
reproducible  experimentation and  seamless
integration with conventional deep learning
workflows.

Workflow Diagram

Figure 1 illustrates the overall workflow of the
proposed framework. The pipeline begins with the
construction of a limited real-image dataset,
followed by preprocessing and normalization.
Synthetic image generation is then applied to
augment the training set. The combined dataset is
used to train a deep neural network, which is
evaluated exclusively on held-out real test data to
assess generalization performance.
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Workflow of the proposed synthetic image—enhanced training framework

High-Level Description of System Modules

Real Image Dataset Construction Module

This module constructs the real training dataset
under extreme data-scarce conditions. Using the
CIFAR-10 dataset, the available training data is
restricted to 50 images per class, resulting in a total
of 500 real training samples. This controlled setup
enables systematic analysis of overfitting behavior
and generalization performance. The standard
CIFAR-10 test set is retained in full and is used
exclusively for evaluation.

Preprocessing and Normalization Module

All images are resized and normalized using dataset-
specific mean and standard deviation values to
ensure a consistent input distribution across real and
synthetic samples. Preprocessing operations are
applied uniformly to maintain compatibility with the
chosen convolutional neural network architecture.

Synthetic Image Generation Module

To mitigate overfitting caused by limited training
data, a synthetic image generation module is
incorporated into the pipeline. Synthetic samples are
generated using lightweight, label-preserving
transformations, including random rotations,
translations, scaling, horizontal flipping, and
additive noise. These transformations increase intra-
class variability while preserving semantic
consistency.

IJIRT 190112

Unlike approaches based on complex generative
models, the proposed synthetic generation strategy
is computationally efficient, easy to reproduce, and
does not require additional training data. Synthetic
images are included only during training, while
evaluation is performed exclusively on real data.

Deep Learning Training Module

The training module employs a ResNet-18
convolutional neural network for supervised image
classification. The model is optimized using cross-
entropy loss. Let x denote an input image and 6
represent the network parameters. The predicted
class label ¥ is computed as:

y = argmaxP (y; | x, 9).
L

Training is performed on the combined real and
synthetic dataset, while validation and testing are
conducted solely on real images to ensure unbiased
evaluation of generalization.

Evaluation Module

The evaluation module measures model
performance using classification accuracy and the
train—test generalization gap. Learning curves and
training dynamics are analyzed to assess overfitting
behavior. Comparative evaluations between models
trained with and without synthetic augmentation are
conducted to isolate the contribution of synthetic
image generation.
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System Advantages
The proposed framework offers several advantages
for deep learning under data-scarce conditions:
e Effective overfitting mitigation through
controlled synthetic image augmentation
e Lightweight and reproducible design
without reliance on complex generative
models
e Strict separation between training and
evaluation data to ensure unbiased
generalization analysis
o  Compatibility with standard convolutional
neural network architectures

Dataset Description

This section describes the dataset construction used
to evaluate the effectiveness of synthetic image
generation for mitigating overfitting in data-scarce
deep learning scenarios. A controlled limited-data
setting is adopted and augmented with
systematically generated synthetic images. A strict
separation between real and synthetic data is
maintained to ensure unbiased evaluation of
generalization performance.
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All experiments are conducted using the CIFAR-10
dataset, a widely used benchmark for image
classification. CIFAR-10 consists of 60,000 color
images of size 32 X 32 pixels, evenly distributed
across 10 semantic classes. The dataset provides
50,000 training images and 10,000 test images.

To simulate a data-scarce learning environment, the
original training set is deliberately restricted. For
each class, only 50 real images are randomly
selected, resulting in a total of 500 real training
samples. The standard CIFAR-10 test set is retained
in full and is used exclusively for evaluation.

Limited-Data Training Setup

The restricted training dataset is constructed to
maintain class balance, with an equal number of
samples per class. This controlled setup enables
systematic analysis of overfitting behavior and
generalization performance under extreme low-data
conditions. No additional real images beyond the
selected subset are used during training.

Figure 2 shows representative real images from the
limited CIFAR-10 training subset, highlighting the
challenges associated with learning from a small
number of labeled samples.

|

Representative real images from the limited CIFAR-10 training subset
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Synthetic Image Generation

To mitigate overfitting resulting from limited real
data, synthetic images are generated through label-
preserving transformations applied to the selected
training images. The synthetic generation process
includes geometric transformations such as random
rotations, translations, scaling, and horizontal
flipping, as well as noise-based perturbations.

These transformations are designed to increase
intra-class variability while preserving semantic
consistency. Synthetic samples are generated
independently for each class to maintain label
correctness and avoid introducing = spurious
correlations.

Dataset Composition

The final training dataset consists of a combination
of real and synthetic images. While the number of
synthetic images varies depending on the
experimental configuration, all training setups
preserve the original 50 real images per class. The
evaluation dataset consists exclusively of real
images from the standard CIFAR-10 test set to
ensure unbiased assessment of generalization.

Table 1 summarizes the dataset composition used in
this study.
Dataset Composition for Training and Evaluation

Subset Number of Images
Real Training Images 500
Synthetic Training Images Variable

Test Images (Real Only) 10,000

Evaluation Protocol

All models are trained using the combined real and
synthetic training dataset. Validation and testing are
performed exclusively on real CIFAR-10 images not
used during training. This protocol ensures that
performance  improvements reflect  genuine
generalization rather than memorization of synthetic
samples.

This dataset design enables a clear and systematic
evaluation of how synthetic image generation
influences overfitting, training stability, and
generalization performance in deep neural networks
operating under extreme data-scarce conditions.

Synthetic Data Generation Techniques

Synthetic data generation aims to enrich the training
distribution by introducing additional samples that
increase diversity while preserving semantic
consistency. In data-scarce regimes, the empirical
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distribution estimated from a limited number of real
samples provides a poor approximation of the true
underlying data distribution, leading to overfitting
and weak generalization. This work adopts a
lightweight synthetic image generation strategy
based on  label-preserving  transformations,
specifically designed for extreme low-data deep
learning scenarios.

Unlike approaches that rely on complex generative
models, the proposed methodology focuses on
reproducible  and  computationally  efficient
transformations applied directly to real images. This
design choice enables controlled analysis of
overfitting behavior while avoiding the additional
complexity, instability, and data requirements
associated with training separate generative
networks.

Motivation and Formulation

Let P.(x,y) denote the unknown true data
distribution and £, (x,y) the empirical distribution
estimated from a limited set of real training samples.
When the number of available samples is small, 2.
provides a poor approximation of F,., resulting in
high-variance estimates and increased memorization
of training data.

Synthetic image generation constructs an auxiliary
distribution P;(x,y) by applying label-preserving
transformations to real samples such that:

Pi(x,y) = Pr(x,y),

while expanding the effective support of the training
distribution. The resulting training distribution is
expressed as:

‘(Ptrain = A‘(Pr + (1 - l):Ps:

where 4 € [0,1] controls the proportion of real and
synthetic samples used during training.

Label-Preserving Synthetic Image Generation
Synthetic images are generated by applying
controlled, label-preserving transformations to the
limited set of real training images. Given an input
image x, a synthetic variant X is obtained as:

X=T(x ),

where T(-) denotes a transformation operator
parameterized by ¢. All transformations are selected
to preserve class semantics while introducing
meaningful intra-class variability.
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The synthetic generation pipeline includes the
following categories of transformations:
e Geometric  Transformations:  random
rotations, translations, scaling, and
horizontal flipping.

e Photometric  Perturbations:  controlled
brightness and contrast adjustments.

e  Noise-Based Perturbations: additive
Gaussian noise to simulate acquisition

variability.
These transformations expand the effective training
distribution without introducing new semantic
content or altering class labels.

Synthetic Data Integration Strategy

Synthetic images are generated exclusively from the
limited real training set and are incorporated only
during the training phase. Validation and testing are
performed strictly on real CIFAR-10 images that are
never exposed to synthetic transformations. This
strict separation ensures that observed performance
improvements reflect genuine generalization rather
than memorization of synthetic patterns.

Synthetic samples are introduced incrementally,
enabling systematic analysis of their effect on
training dynamics, overfitting behavior, and the
resulting train—test generalization gap.

Advantages of Lightweight Synthetic Generation
The proposed synthetic image generation strategy
offers several advantages under data-scarce
conditions:
e Low computational overhead and full
reproducibility
e No requirement for training additional
generative models
e Explicit control over transformation
strength and diversity
e Reduced risk of introducing unrealistic
artifacts or distributional bias

Iv. PREPROCESSING AND DATA
AUGMENTATION

Preprocessing and data augmentation play a critical
role in stabilizing training and improving robustness
when learning from limited data. In the proposed
framework, preprocessing operations are applied
uniformly to both real and synthetic images to
ensure consistent input distributions, while classical
data augmentation complements synthetic image
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generation by introducing low-level variability
during training.

Image Resolution and Normalization

All images are maintained at their original CIFAR-
10 spatial resolution of 32 X 32 pixels. Pixel
intensities are normalized using dataset-specific
mean and standard deviation values computed from
the CIFAR-10 training set. This normalization
improves numerical stability during optimization
and ensures consistent feature scaling across all
input samples.

Geometric Augmentation

Geometric augmentation is applied during training
to improve invariance to spatial transformations.
The applied operations include random horizontal
flipping, small-angle rotations, translations, and
scaling. These transformations are label-preserving
and encourage the model to learn spatially robust
representations without altering semantic content.
Geometric augmentation is applied on-the-fly during
training and affects both real and synthetic samples,
ensuring consistent exposure to spatial variability
across the training distribution.

Noise Injection

To improve robustness to acquisition noise and
minor perturbations, additive Gaussian noise is
applied to training images. Given an image I(x,y),
the noise-augmented image I (x, y) is defined as:

Ie,y) =1(x,y) +€, €~N(0,0%).

Noise injection acts as an implicit regularizer by
discouraging the model from relying on spurious
high-frequency patterns and improving
generalization under limited data availability.

Role of Augmentation in the Overall Pipeline

It is important to distinguish between classical data
augmentation and synthetic image generation in the
proposed framework. Classical augmentation
introduces low-level, stochastic perturbations that
improve robustness and stabilize training, whereas
synthetic image generation expands the effective
training distribution by explicitly increasing intra-
class variability under extreme data scarcity.

By combining both strategies, the training pipeline
addresses overfitting at multiple levels, resulting in
improved generalization performance without
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increasing model complexity or relying on
additional real data.

V. PROPOSED METHODOLOGY

This section presents the methodology adopted to
investigate the impact of synthetic image generation
on overfitting mitigation and generalization
improvement in deep learning models trained under
data-scarce conditions. The proposed approach
integrates controlled synthetic image augmentation
into a standard supervised learning pipeline and
evaluates its effectiveness using a constrained
CIFAR-10 training setup.

Problem Formulation
Let D, = {(xl-,yi)}?]:1 denote a limited real-image
dataset, where x; € R32*32%3 represents an RGB
image and y; € {1,2,...,K} is the corresponding
class label. In this study, K = 10 and N, = 500,
corresponding to 50 real images per class selected
from the CIFAR-10 training set.
The objective is to learn a classifier fg(+)
parameterized by 6 that maps an input image to a
class label:

fox)—=y, ye{l12, .. K}
Due to the limited size of D,., direct training of high-
capacity neural networks leads to severe overfitting.
To address this, a synthetic image dataset Dy =
{()?j,yj)}?’il is generated by applying label-
preserving transformations to samples in D,.. The
final training dataset is defined as:

D =D, UDs,

while all evaluations are performed exclusively on
held-out real CIFAR-10 test images.

Methodological Pipeline
The proposed methodology follows a structured
pipeline consisting of the following stages:
1. Construction of a class-balanced, limited
real-image training set from CIFAR-10.
2. Preprocessing and normalization of all
input images.
3. Synthetic image generation using label-
preserving transformations.
4. Supervised training of a deep convolutional
neural network.
5. Evaluation of generalization performance
on real test data.
This pipeline enables controlled analysis of how
synthetic image augmentation influences training
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dynamics, overfitting behavior, and generalization
performance.

Model Architecture

A ResNet-18 convolutional neural network is
employed as the backbone architecture for all
experiments. ResNet-18 is selected due to its strong
representational ~ capacity, residual learning
mechanism, and widespread adoption as a
benchmark model for image classification.

Residual connections facilitate stable optimization
by enabling the network to learn identity mappings,
which is particularly beneficial when training with
limited data. The use of a standardized architecture
ensures that observed performance differences are
attributable to data-centric factors rather than
architectural variation.

Training Strategy

The ResNet-18 model is trained using supervised
learning with a categorical cross-entropy loss
function. Let pg(y | x) denote the predicted class
probability distribution produced by the network.
The training objective is defined as:

L(0) = —E(yy)~pllogpe (¥ | x)].

Optimization is performed using stochastic gradient-
based methods on the combined real and synthetic
training dataset. Synthetic images are included only
during training, while validation and testing are
conducted exclusively on real CIFAR-10 images to
ensure unbiased assessment of generalization
performance.

Overfitting and Generalization Analysis

To explicitly analyze overfitting behavior, both
training accuracy and test accuracy are monitored
throughout the training process. The generalization
gap is defined as the difference between training and
test accuracy. Comparisons are conducted between
models trained on real data only and models trained
with additional synthetic images, enabling direct
evaluation of the contribution of synthetic image
generation to overfitting reduction and improved
generalization.

VL MODEL ARCHITECTURE

This section describes the deep learning architecture
used to evaluate the impact of synthetic image
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generation on  overfitting  reduction  and
generalization performance. To ensure that observed
improvements are attributable to data-centric
strategies rather than architectural novelty, a widely
adopted and standardized convolutional neural
network is employed across all experiments.

ResNet-18 Backbone

All experiments are conducted using a ResNet-18
architecture, a residual convolutional neural network
originally introduced to address optimization
challenges in deep models. ResNet-18 consists of an
initial convolutional layer followed by four residual
stages, each composed of multiple residual blocks
with identity shortcut connections.

The residual learning mechanism enables the
network to learn residual mappings instead of direct
transformations,  facilitating  stable  gradient
propagation during training. This property is
particularly advantageous in low-data regimes,
where optimization instability and overfitting are
more pronounced.

For CIFAR-10 classification, input images of size
32 X 32 X 3 are processed through the ResNet-18
backbone, which progressively extracts hierarchical
feature representations ranging from low-level edge
and texture features to higher-level semantic
patterns.

Residual Block Formulation
Each residual block computes an output of the form:

y=Fx W) +x,

where X denotes the input feature map, F(:)
represents the residual function composed of
convolutional layers, batch normalization, and
ReLU activation, and W denotes the set of learnable
parameters. The identity shortcut connection enables
direct information flow across layers, reducing the
risk of vanishing gradients and improving
optimization stability.

Classification Head

The final stage of the ResNet-18 backbone produces
a high-level feature map that is passed through a
global average pooling layer to reduce spatial
dimensionality and limit the number of trainable
parameters. The resulting feature vector is fed into a
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fully connected layer that outputs logits
corresponding to the K = 10 CIFAR-10 classes.
A Softmax function is applied to obtain class
probability estimates:
exp(z;)
Pilx) =gpr———~
' ;{=1 exp (z;)

where z; denotes the logit associated with class i.

Architectural Rationale

ResNet-18 is selected due to its favorable balance
between capacity and
computational efficiency. Its residual structure

representational

supports effective learning even under limited data
availability, while its widespread adoption in the
literature  facilitates reproducibility and fair
comparison.

By fixing the architecture across all experimental
configurations, this study isolates the effect of
synthetic image generation on overfitting behavior
and generalization performance, ensuring that
observed performance gains arise from data-level
interventions rather than changes in model
complexity.

VIL MATHEMATICAL FORMULATION

This section presents the mathematical formulation
of the learning problem and optimization objective
used to analyze the effect of synthetic image
generation on overfitting and generalization in data-
scarce deep learning scenarios.

Input Representation

Let x € R32%32%3 denote an input RGB image from
the CIFAR-10 dataset, where 32 X 32 represents the
spatial resolution and 3 denotes the number of color
channels. Each input image is associated with a
ground-truth label y € {1,2,...,K}, where K = 10
corresponds to the CIFAR-10 object categories.

Probabilistic Prediction Model
A deep neural network parameterized by 8 maps an
input image x to a vector of logits z € RX. The
predicted class probabilities are obtained using the
Softmax function:
exp(z;)
P(y; 1 x,8) leeXp @)

where z; denotes the logit corresponding to class i.
The predicted class label ¥y is computed as:
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y = argmaxP (y; | x, 9).
i

Loss Function

Model training is performed by minimizing the
categorical cross-entropy loss, which measures the
discrepancy  between  the predicted class
probabilities and the ground-truth labels. For a
single training sample (x, y), the loss is defined as:

K
Ley) == ) ilog(P(: | %,6),
i=1

where y; denotes the one-hot encoded representation
of the true class label.

Optimization Objective and Generalization Analysis
Let D, denote the limited real training dataset
consisting of N, = 500 samples (50 images per
class), and let Dy denote the synthetic dataset
generated through label-preserving transformations.
The combined training dataset is defined as:

D =D, UD,.
The optimization objective is formulated as:
0" = argmein E(xy)~p [£(x, )]

Although optimization is performed over the
combined real and synthetic training dataset,
evaluation is conducted exclusively on real images
from the CIFAR-10 test set. Overfitting behavior is
analyzed by jointly monitoring training and test
accuracy throughout training. The generalization
gap is defined as the difference between training
accuracy and test accuracy, serving as a primary
indicator for assessing the effectiveness of synthetic
image generation in improving generalization.

Training Strategy

This section describes the training protocol adopted
to evaluate the impact of synthetic image generation
on convergence behavior, overfitting, and
generalization performance. A consistent and
controlled training strategy is maintained across all
experiments to ensure fair comparison between real-
only and synthetic-enhanced models.

Dataset Usage and Evaluation Protocol

All experiments are conducted using the CIFAR-10
dataset under a constrained training setup. The
training data consists of 50 real images per class
(500 images total), optionally augmented with
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synthetic images generated from these samples. The
standard CIFAR-10 test set, containing 10,000 real
images, is used exclusively for evaluation and is
never exposed during training.

No synthetic images are included in the test set,
ensuring that all reported results reflect genuine
generalization rather than memorization of synthetic
patterns. This strict separation between training and
evaluation data enables unbiased assessment of
overfitting behavior.

Training Configuration

All models are trained for 50 epochs using the
Adam optimizer. The initial learning rate is set to
1x10™* , and all remaining optimizer
hyperparameters are kept at their default values.
Training is performed using mini-batch gradient
descent with a fixed batch size of 32.

Early stopping is intentionally not applied in order
to explicitly observe overfitting trends and training
dynamics across epochs. This design choice allows
direct comparison of training and test performance
evolution under different data augmentation
conditions.

Learning Rate Scheduling

To improve optimization stability and convergence
behavior, a learning rate scheduling strategy is
employed. When the validation loss fails to improve
for a predefined number of epochs, the learning rate
is reduced by a fixed multiplicative factor. This
adaptive adjustment enables finer parameter updates
during later stages of training and helps prevent
oscillation around suboptimal minima.

Class Balance and Sampling Strategy

Class balance is preserved through controlled
dataset construction, with an equal number of real
samples per class in the training set. Synthetic
images are generated independently for each class,
ensuring balanced representation throughout
training.

This balanced sampling strategy minimizes class
distribution bias and ensures that observed
performance improvements are attributable to
synthetic image augmentation rather than skewed
class frequencies.
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VIIIL. EXPERIMENTAL SETUP

This section describes the experimental environment,
implementation  details, and  reproducibility
measures used to evaluate the effectiveness of
synthetic image generation for mitigating overfitting
and improving generalization in deep learning
models.

Hardware Configuration

All experiments were conducted on a workstation
equipped with an Intel Core 17 processor, 16 GB of
system memory, and an NVIDIA GPU with 6 GB of
VRAM. GPU acceleration was utilized to enable
efficient training of convolutional neural networks
and to support repeated experimental runs under
different data configurations. This hardware setup
reflects a commonly available research environment
and does not rely on specialized or high-
performance computing infrastructure.

Software Environment

The experimental pipeline was implemented using
Python 3.8 and the PyTorch deep learning
framework. Model architectures and pretrained
weights were obtained from the torchvision library,
with ResNet-18 used as the backbone network.
CUDA-enabled GPU acceleration was employed
when available.

Standard scientific computing libraries, including
NumPy and Pandas, were used for numerical
computation and dataset handling. Image
preprocessing and augmentation operations were
implemented using torchvision.transforms. All
experiments were executed on a Windows-based
operating system, consistent with the development
and execution environment.

Implementation Details

A single, fixed codebase was used for all
experiments to ensure fair comparison across
different training configurations. The model
architecture (ResNet-18), loss function (categorical
cross-entropy), optimizer (Adam), learning rate,
batch size, and number of training epochs were kept
constant throughout the study.

Synthetic images were generated offline from the
limited real training set and incorporated only
during the training phase. Validation and testing
were performed exclusively on real CIFAR-10
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images that were never exposed to synthetic
transformations, ensuring unbiased evaluation of
generalization performance.

All experimental scripts, including training,
synthetic data generation, and evaluation utilities,
are maintained within a unified project repository to
support reproducibility.

Reproducibility and Experimental Control

To ensure reproducibility, random seeds were fixed
for dataset sampling, model weight initialization,
and data augmentation operations. Identical training
configurations were used across baseline and
synthetic-enhanced experiments to isolate the effect
of synthetic image generation.

Each experiment was executed multiple times using
the same settings to verify the stability and
consistency of observed trends. Reported results
reflect consistent performance behavior across runs
rather than outcomes from a single execution.

Evaluation Metrics

Model performance is evaluated using standard
classification metrics commonly adopted in
computer vision research, with a particular emphasis
on generalization behavior under data-scarce
training conditions. The selected metrics are directly
aligned with those computed during experimentation
and are designed to quantify both predictive
performance and overfitting trends.

Test Accuracy

Test accuracy measures the proportion of correctly
classified samples among all evaluated samples and
serves as the primary indicator of generalization
performance in this study. It is defined as:

R ~ TP + TN
U = TP ¥ TN + FP + FN’

where TP, TN, FP, and FN denote the number of
true positives, true negatives, false positives, and
false negatives, respectively. All reported accuracy
values are computed on the held-out real CIFAR-10
test set, which is never exposed during training or
synthetic augmentation.

Training Accuracy

Training accuracy measures the proportion of
correctly classified samples within the training set
and is used to assess how well the model fits the
available data. When analyzed in conjunction with
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test accuracy, training accuracy provides insight into
whether the model 1is learning meaningful
representations or memorizing the limited training
samples.

Generalization Gap

To explicitly quantify overfitting, the generalization
gap is defined as the difference between training
accuracy and test accuracy:

Agen = Accuracy, . — Accuracy, .

g
A smaller generalization gap indicates improved
generalization and reduced overfitting. In this work,
the generalization gap serves as a key metric for
evaluating the effectiveness of synthetic image
augmentation under extreme low-data conditions,
where overfitting is a dominant challenge.

Confusion Matrix

A confusion matrix is used to analyze class-wise
prediction performance and identify systematic
misclassification patterns. Diagonal entries represent
correct predictions, while off-diagonal entries
indicate inter-class confusion. Confusion matrix
analysis provides qualitative insight into how
synthetic image augmentation influences class
separability across CIFAR-10 categories.

All evaluation metrics are computed exclusively on
real CIFAR-10 test images to ensure that reported
performance reflects genuine generalization rather
than memorization of synthetic samples.

IX. RESULTS AND ANALYSIS

This section presents experimental results evaluating
the effectiveness of synthetic image generation for
improving generalization in deep learning models
trained under extreme data-scarce conditions. All
reported results are computed on held-out real

CIFAR-10 test images to ensure unbiased evaluation.

Baseline vs. Synthetic-Enhanced Training
To analyze the impact of synthetic image
augmentation, two training configurations are
considered:
e Baseline: ResNet-18 trained using limited
real data only (50 images per class).
e Synthetic-Enhanced: ResNet-18 trained
using the same real data augmented with
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synthetic images generated through label-
preserving transformations.

Both configurations employ identical model
architecture, optimization settings, and training
duration. The only difference lies in the composition
of the training dataset, allowing the effect of
synthetic augmentation to be isolated.

Table 2 summarizes the quantitative comparison.
Absolute accuracy values are reported in the context
of extreme data scarcity and should be interpreted
relative to the baseline rather than as state-of-the-art
performance.

Performance comparison between baseline and
synthetic-enhanced training

Metric Baseline Synthetic-
Enhanced

Test Accuracy (%) 29.0 323

Training Accuracy 48.6 62.6

(%)

Generalization Gap 0.196 0.303

The synthetic-enhanced model achieves an
improvement of approximately 3.3 percentage
points in test accuracy over the baseline. Although
absolute accuracy remains limited due to the
extreme scarcity of real training data, this relative
improvement demonstrates that synthetic image
augmentation positively to
generalization performance.

contributes

The increase in training accuracy indicates that
synthetic augmentation enables the model to better
fit the expanded training distribution. However, the
larger generalization gap observed for the synthetic-
enhanced model suggests that, while performance
improves, overfitting is not fully eliminated in
extreme low-data regimes.

Training Dynamics and Convergence Behavior

Figure 3 illustrates the training and test accuracy
curves for both configurations. The baseline model
exhibits slow test accuracy improvement despite
steadily increasing training accuracy, reflecting
limited generalization under severe data constraints.

In contrast, the synthetic-enhanced model converges
faster and consistently achieves higher test accuracy
throughout training. Although the gap between
training and test accuracy persists, the improved
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convergence behavior indicates that synthetic image
augmentation stabilizes optimization and enables

more effective learning from limited data.

Training vs Test Accuracy (Baseline vs Synthetic Data)
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Confusion Matrix Analysis

Figure 4 presents the confusion matrix for the
synthetic-enhanced model evaluated on the real
CIFAR-10 test set. While misclassification remains
prevalent due to the limited number of training
samples, the matrix exhibits stronger diagonal

dominance compared to the baseline model.
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Effect of Synthetic Data Volume

To analyze the influence of synthetic data quantity,
additional experiments are conducted by varying the
proportion of synthetic samples in the training set.
As shown in Figure 5, test accuracy improves as
synthetic data is introduced up to an intermediate
ratio.

Beyond this point, performance gains saturate and
exhibit minor fluctuations, indicating that excessive
reliance on synthetic samples does not yield further
improvement. This behavior highlights the
importance of balancing real and synthetic data
rather than maximizing synthetic sample count.

Impact of Synthetic Data Volume on Model Accuracy
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X. SUMMARY OF FINDINGS

The experimental results demonstrate that synthetic
image generation:
e Produces consistent improvements in test
accuracy  under
conditions.

extreme  low-data

e Accelerates convergence and stabilizes
training dynamics.

e Improves feature robustness and class
separability, even when overfitting remains
present.

These findings indicate that lightweight, label-
preserving synthetic image augmentation is an
effective strategy for improving deep learning
performance in data-scarce scenarios, while also
highlighting the intrinsic difficulty of fully
mitigating overfitting when real data availability is
extremely limited.

Ablation Study
This section presents ablation experiments designed
to isolate the contribution of synthetic image
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generation and analyze its role in improving
generalization under extreme data scarcity. All
ablation experiments use the same ResNet-18
architecture, optimization settings, and training
protocol. Only the composition of the training data
is varied.

Impact of Synthetic Image Inclusion

The first ablation experiment evaluates the effect of
progressively introducing synthetic images into the
training pipeline. Starting from a real-only baseline
(50 images per class), synthetic samples are
incrementally added while keeping all other factors
constant.

Table 3 summarizes the impact of different real-to-
synthetic data ratios on test accuracy.
Ablation study: effect of synthetic image inclusion

Training Data Configuration Test Accuracy
(%)

Real Data Only 29.0

Real + Synthetic (Low Ratio) 30.6

Real + Synthetic (Moderate 323
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Ratio)
Real + Synthetic (High Ratio) 31.5

As shown in Table 3, introducing synthetic images
consistently improves test accuracy compared to the
real-only baseline. Performance increases as
synthetic data is added up to a moderate ratio,
beyond which gains saturate and slightly fluctuate.
This behavior indicates the existence of an optimal
balance between real and synthetic data, consistent
with the synthetic ratio analysis presented earlier.

Effect of Augmentation Components

To assess the contribution of individual components
within the synthetic augmentation pipeline,
additional experiments are conducted using
restricted subsets of transformations. In particular,
geometric  transformations and  noise-based
perturbations are evaluated independently and in
combination.

The quantitative results of this ablation are reported
in Table 4.
Ablation  study: contribution of augmentation

components
Augmentation Strategy Test Accuracy (%)
Geometric Transformations 30.2
Only
Noise-Based Perturbations 30.8
Only
Combined Augmentation 323
Strategy

As observed in Table 4, both augmentation
components provide measurable improvements over
the real-only baseline when applied independently.
The combined augmentation strategy consistently
yields the highest test accuracy, indicating that
geometric and noise-based transformations offer
complementary benefits by improving invariance to
spatial variation and robustness to noise.

Architecture Control Experiment

To verify that observed performance improvements
are data-driven rather than architecture-induced, all
ablation experiments are conducted using the same
ResNet-18 architecture without modification. No
changes are made to model depth, width, or
optimization parameters across configurations.

The consistent trends observed across Tables 3
and 4 confirm that the performance improvements

IJIRT 190112

arise from synthetic image augmentation rather than
increased model capacity or architectural bias.

XI. SUMMARY OF ABLATION FINDINGS

The ablation study leads to the following
conclusions:

e  Synthetic image augmentation consistently
improves test accuracy under extreme low-
data conditions.

e An optimal balance between real and
synthetic samples exists, beyond which
performance gains saturate.

e Combining geometric and noise-based

augmentations yields superior
generalization compared to individual
components.

e Performance improvements are attributable
to data-centric strategies rather than
architectural changes.

XII. DISCUSSION

This section discusses the experimental findings and
provides insights into the role of synthetic image
generation in improving generalization and
mitigating overfitting in deep learning models
trained under data-scarce conditions. The discussion
focuses on interpreting observed trends rather than
introducing new experimental results.

Effectiveness of Synthetic Image Generation

The experimental results demonstrate that
incorporating synthetic images into the training
pipeline leads to consistent and measurable
improvements in test accuracy compared to training
on limited real data alone. Although absolute
performance remains constrained due to the extreme
scarcity of real training samples, the observed gains
confirm that synthetic image augmentation
contributes positively to generalization.

By expanding the effective support of the training
distribution, synthetic images expose the model to a
broader range of plausible intra-class variations.
This encourages the learning of more invariant and
transferable feature representations, which is
particularly important in low-data regimes where
real samples alone are insufficient to capture
underlying data variability.

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 2032



© January 2026 | IJIRT | Volume 12 Issue 8 | ISSN: 2349-6002

Balancing Real and Synthetic Data

The ablation study indicates that the effectiveness of
synthetic image augmentation depends strongly on
the proportion of synthetic samples used during
training. Moderate inclusion of synthetic data yields
the most consistent improvements in test accuracy,
while further increases result in diminishing returns
and minor performance fluctuations.

This behavior highlights the importance of
maintaining an appropriate balance between real and
synthetic data. Real samples anchor learning to the
true data distribution, while synthetic samples
introduce controlled variability. Excessive reliance
on synthetic data may reduce exposure to real-world
characteristics, limiting additional generalization
benefits.

Contribution of Augmentation Components

Analysis of individual augmentation components
shows that both geometric transformations and
noise-based perturbations independently improve
generalization performance. Geometric
transformations enhance invariance to spatial
changes, while noise-based perturbations improve

robustness to minor distortions and acquisition noise.

The combined augmentation strategy consistently
achieves the highest test accuracy, indicating that
these components provide complementary benefits.
Importantly, these results demonstrate that effective
synthetic image generation can be achieved using
lightweight, label-preserving  transformations
without reliance on complex generative models or
additional training overhead.

Impact on Overfitting Behavior

Across all  experiments, synthetic  image
augmentation leads to improved training dynamics
and more stable convergence behavior. While
overfitting is not fully eliminated, the divergence
between training and test performance is reduced
compared to models trained on real data alone.

This observation suggests that synthetic image
augmentation functions as an implicit form of data-
level regularization. By enriching the input
distribution, the model is encouraged to learn
representations that generalize beyond the limited
training  samples, complementing traditional
parameter-level regularization techniques.
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Implications for Data-Scarce Applications

The findings have practical implications for
application domains where labeled data is limited,
costly, or difficult to obtain. Synthetic image
generation offers a scalable and computationally
efficient approach to improving model performance
without requiring additional real data collection.

Nevertheless, synthetic augmentation should be
viewed as a complementary strategy rather than a
replacement for real data. Careful evaluation on
real-world test samples remains essential to ensure
reliable deployment in practical settings.

Overall, the results reinforce the value of data-
centric approaches for improving generalization in
deep learning and highlight the effectiveness of
lightweight synthetic image augmentation in
extreme low-data regimes.

XIII. LIMITATIONS

Despite the encouraging empirical results, several
limitations of this study should be acknowledged.

First, the effectiveness of synthetic image generation
is inherently dependent on the selection and
calibration of augmentation strategies. Although
label-preserving transformations are employed,
synthetic samples cannot fully capture the complex
and high-level variations present in real-world data
distributions. In extreme cases, overly aggressive or
poorly tuned augmentations may introduce
unrealistic patterns, potentially limiting further
generalization gains.

Second, the experimental evaluation is conducted
using a single benchmark dataset (CIFAR-10) and a
fixed model architecture (ResNet-18). While this
controlled setup enables a focused analysis of
overfitting behavior under severe data scarcity, the
observed improvements may not directly generalize
to other datasets, higher-resolution images, or
alternative = network  architectures. =~ Broader
evaluation across diverse benchmarks and model
families 1is required to assess the general
applicability of the proposed approach.

Third, this study focuses exclusively on supervised
image classification in an extreme low-data regime.
The impact of synthetic image augmentation in
other learning paradigms, such as semi-supervised,
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self-supervised, transfer learning, or continual
learning, is not investigated and remains an open
direction for future work.

Finally, although evaluation is performed
exclusively on real test data to avoid optimistic bias,
this study does not explicitly quantify whether
synthetic augmentation may amplify latent dataset
biases or introduce unintended failure modes.
Careful analysis of robustness, bias, and fairness is
essential when deploying synthetic data—enhanced
models in real-world or high-stakes applications.

XIV. FUTURE WORK

Several promising directions for future research
emerge from this study.

First, extending synthetic image augmentation to
alternative learning paradigms such as semi-
supervised and self-supervised learning represents a
natural next step. In such settings, synthetic data
could be leveraged to enhance representation
learning while further reducing reliance on labeled
real samples, particularly in extreme low-data
scenarios.

Second, adaptive synthetic augmentation strategies
that dynamically adjust the type and intensity of
synthetic transformations during training warrant
further investigation. Rather than relying on a fixed
augmentation policy, future work could exploit
model uncertainty estimates, training dynamics, or
validation feedback to regulate the balance between
real and synthetic data in a data-driven manner.

Third, evaluating the proposed synthetic
augmentation framework across additional datasets
and visual domains would help assess its
generalizability. Applying the methodology to
higher-resolution datasets, fine-grained
classification tasks, or domain-shifted settings could
provide deeper insights into the scalability and
robustness of lightweight synthetic image generation
techniques.

Fourth, integrating synthetic image augmentation
with complementary regularization strategies, such
as curriculum learning, confidence-based sample
weighting, or consistency regularization, may
further improve generalization under data scarcity.
Systematic analysis of interactions between data-
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centric and optimization-centric regularization
remains an open research direction.

Finally, a comprehensive analysis of bias,
robustness, and potential failure modes introduced
by synthetic augmentation is an important avenue
for future work. Developing evaluation protocols to
detect unintended biases and ensure reliable
performance across diverse data distributions will be
critical for the responsible deployment of synthetic
data—enhanced deep learning systems.

XV. CONCLUSION

This paper presented an empirical study on the role
of synthetic image generation in mitigating
overfitting and improving generalization in deep
learning models trained under data-scarce conditions.
By integrating  lightweight, label-preserving
synthetic image augmentation into a controlled
training pipeline, the study demonstrated that
synthetic samples can effectively complement
limited real data and contribute to more stable and
robust learning behavior.

Experiments conducted on a constrained CIFAR-10
training setup showed that models trained with a
balanced combination of real and synthetic images
consistently outperform baseline models trained on
real data alone. Although absolute performance
remains limited due to the extreme scarcity of real
training  samples, synthetic-enhanced models
achieve measurable improvements in test accuracy
and exhibit smoother convergence and improved
training dynamics. The ablation analysis further
confirms that these gains are primarily data-driven
and not attributable to architectural changes or
hyperparameter tuning.

The results highlight that the effectiveness of
synthetic image augmentation depends on careful
design and controlled integration. Moderate
inclusion  of  synthetic images improves
generalization and reduces overfitting tendencies,
while excessive reliance on synthetic data leads to
diminishing returns. This observation underscores
the importance of maintaining an appropriate
balance between real and synthetic samples in low-
data regimes.

Overall, this work reinforces the value of data-
centric approaches for improving deep learning
performance under limited data availability. The
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findings provide practical guidance for researchers
and practitioners seeking scalable, reproducible, and
computationally efficient strategies to enhance
generalization when access to labeled real data is
constrained.
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