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Abstract: The proposed methodology, as this paper includes, represents an innovative way of developing high quality
synthetic information, through Generative Adversarial Networks which emerges due to the lack of availability of real-
world data in multiple areas. The workflow involves Min-Max Scaling as the preprocessing to make the data consistent
in the features ranges and GAN training easier. Also, a feature selection strategy, Recursive Feature Elimination, is
used to streamline the model effectiveness because only the most highly significant features remain. As a measure of
quality of data generated a Support Vector Classifier is utilised and has attained high level performance on synthetic
datasets. It also allows synthesis of deep learningdriven synthetic data through a framework constructed with
TensorFlow and TensorFlow-GAN to create a scalable yet flexible ecosystem to develop deep learning. This
methodology of generation of synthetic data results efficiently and reflects the statistical characteristics of the actual
datasets and can be used in many instances, such as in healthcare, finance, and development of machine learning
models where actual data can be limited or confidential.

Keywords: Generative Adversarial Network, Synthetic Data Generation, Min-Max Scaling, Recursive Feature
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INTRODUCTION

The recent years have been marked by the foundational role of good quality synthetic data, where
expanding need to train machine learning models in a variety of fields sometimes call for the usage of
data of which only a fraction is available or can be gathered without high costs or containing sensitive
material. Generative Adversarial Networks (GANs) have become one of the methods with the most
impressive potential in generating synthetic data, and able to learn complicated distributions on real-
world data, and produce convincing synthetic instances of them. Nevertheless, GANs performance greatly
relies on preprocessing of data, feature extraction as well as the principle of evaluating the model [1]. In
the paper, we discussed the application of GANSs to the synthesis of data with the emphasis on enhancing
data quality and model performance via particular preprocessing and feature selection procedures.

In order to achieve a stable training of the GAN, Min-Max Scaling is used in normalizing data, i.e.
standardizing the features within a fixed range, an important feature in keeping the GAN unbiased on
the features that lie in a larger range. Additionally, the article involves a feature selection method called
the Recursive Feature Elimination (RFE) that eliminates less significant features at each step and,
therefore, only the most significant variables with the greatest impact are used to train a model [2]. This
facilitates to decrease the complexity of computation and hyper fitting and leads to simple overfitting of
the model.

The synthetic data created is measured with a Support Vector Classifier (SVC), which gives a strong and
empirical value of its quality by testing it on real-world problems that require classification, among other
entities. The TensorFlow library is used to build the framework alongside TensorFlow-GAN (TF-GAN),
which is a special library enables the construction, training, and testing of GAN models to be easy [3].
Such a combination of techniques would enable the creation of synthetic data, resembling real data closely
and preserving its statistical integrity and predictive capability, thus having great potential in other
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domains of data use, such as healthcare, finance, and autonomous systems, where data privacy and
availability are still key issues in Figure 1.
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Figure 1:  Synthetic Data with GANs

The use of GAN with enhanced preprocessing and feature selection has given this study an innovative
solution to high-quality synthetic data generation on various applications [4].

RELATED WORK

Generative Adversarial Networks became very popular in recent years due to their potential to create
realistic synthetic data in many areas, including but not confined to image synthesis, text generation, and
generating tabular data [5]. Initial efforts by Goodfellow et al. (2014) proposed GANs that show that
GANSs are able to learn complicated data distribution by opposing two neural nets (generator and
discriminator). Since then, GANs found other uses such as generation of synthetic data to facilitate
Completion of tasks such as image generation) (e.g., Radford et al., 2015 using DCGAN) or augmentation
of image recognition data [6]. Nonetheless, even as GANs have performed well with regards to the
application in image-based endeavours, the use of GANs in the generation of synthetic tabular data is a
more recent development. Such papers as Choi et al. (2017) proposed approaches, such as CTGAN
(Conditional GAN), that directly allow generating tabular data and solve such problems as mode collapse
and discrete data representations that are widely observed when training a conventional GAN in table 1.
Besides GANSs, data preprocessing is a determining factor of the embedded synthetic data quality [7]. The
Min-Max scaling technique is common practice as a method to normalize features by fitting to a given
range resulting in stability of training deep learning models. Removing only best features A lesser-known,
yet so very important preprocessing tool that may greatly enhance the performance of GANs is feature
selection which has the multiple benefits of dimensional reduction and mitigation of overfitting [8]. One
of the most popular methods of feature selection known as Recursive Feature Elimination (RFE) was
effectively used in many other areas to filter out irrelevant features that cannot be used, thus boosting the
generalization power of the model. The Support Vector Classifiers have been widely applied in the past
to assess the quality of synthetic data. As an example, one may consider the work by Creswell et al. (2018),
in which the SVC was used as a powerful instrument that allowed determining the usefulness of synthetic
data in classification problems.

Table 1: Summary of related work of the proposed methodology

Year | Author(s) Title & Citation Methodology Key . Limitations
Contributions
Improving GANs for GAN-based Developed a new | . ed o
i model for | GAN variant .
2025 ) Synthetic Data ) . ) specific
Smith et al. , | medical data | tailored for high- )
(9] Generation in . . . . datasets, privacy
generation with | quality medical | | .
Healthcare issues with
enhanced data. Focus on
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privacy- privacy and | some  medical
preserving quality. data types.
mechanisms.
Integrated Enhanced
Recursive feature selection | Dependency on
Feature techniques for | the quality of
2024 Advanced Feature | Elimination improved GAN | the initial
0] Jones et al. | Selection Techniques for | (RFE) with | performance, feature set and
GANs GANs for | reducing high
feature selection | overfitting and | computational
and data | computational cost for RFE.
generation. complexity.
Demonstrated
Comparative how GANs can | Limited
study of GANs | generate generalization
2023 Miller et al Generative Models for | and VAEs for | synthetic tabular | to larger, more
[11] " | Synthetic Tabular Data | synthetic ~ data | data with | diverse datasets
generation  in | comparable outside tabular
tabular form. quality to real | format.
datasets.
Improved
GAN used for | classifier ,
data accuracy by Augmentation
GAN-based Data augmentation in | generatin, may lead to
2022 | Brown and | Augmentation for s 5 ne overfitting  on
, : machine synthetic data to . .
(12] | Patel Machine Learning . . synthetic data if
learning, with a | augment
Models . .. not  properly
focus on image | training sets for .
] validated.
data. machine
learning models.
Conditional Proposed the use Limited to the
GANs (CGANs) | of CGANs  to .
quality of the
. used for | generate L
Conditional GANs for . . conditioning
2021 ) generating conditional .
Lee et al. Synthetic Data . . variables; may
[13] , synthetic  data | synthetic  data, )
Generation o . struggle  with
conditioned on | preserving
i . complex  data
certain important , ,
) : relationships.
attributes. attributes.
Introduced Requires
Implemented WGANs for | significant
) Wasserstein improved computational
2020 | Nguyen Wassm‘tem GANS f 1 GAN (WGAN) | stability and | resources  for
Synthetic Financial . . . ..
[14] | and Zhao i for generating | quality in | training on
Data Generation ) . .
synthetic generating high-
financial data. synthetic dimensional
financial data. financial data.
GAN-based Evaluated  the Eva.luatiog
GANs for Generating | synthetic image performance of | limited to image
2019 | Creswell et ) £ ) GAN-generated | data and lacks a
Synthetic Images and | generation, ) ,
[15] | al _ ‘ . images in real- | broader
Their Evaluation evaluated using , o
world machine | application to
Support Vector ,
learning  tasks | other data types.
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Classifier like
(SVQ). classification.
Provided
foundational Limited to
_ work on | image data;
Unsupervised DCGANs — for | noGaNs  for | difficult o
2018 | Radford et | Representation unsupervised realistic  im erali .
[16] | al. Learning with Deep | image eejlesl‘atcion age iih:rad:tea e(;
Convolutional GANs generation. § o p
leveraging or  structured
unsupervised data.
learning.
Pioneered Prone to i
Introduced the | GANs for liko €t r;sugs
original GAN | synthetic  data ﬁ Oncel
, , framework, with | generation, cotlapse a
2017 | Goodfellow | Generative Adversarial i . . unstable
a simple | enabling a wide .
[17] | etal. Networks training,
generator- range of 1 in
discriminator applications  in es;;elala Y
structure. generative compiex
modeling, datasets.
Introduced Pioneered VAEs
Variational and Vﬁf s hstrufgle
Kinem Autoencoders demonstrated ?:11 'ms arpd ets?
2016 | - hema Auto-Encoding (VAEs) and | how hybrid Hmase datd
and o . VAE-GAN
(18] . Variational Bayes hybrid models | models  (VAE- i .
Welling . . hybrids require
combining GAN) improve fl  tunin
VAEs and | synthetic  data Carg{; 1 unthg
GANE. generation. ahd batancing.

Concerning implementation, TE-GAN have emerged to be the standard platforms in the context of GAN-
based research, where the models can be trained or tested effectively [19]. Recent articulations, including
Dumoulin et al. (2016), employ the potential of TensorFlow to devise scalable and versatile GAN models
and TF-GAN consists of fewer complications to make and train GANSs and is, therefore, an apt object for
the research. Combination of these methods is a real breakthrough in concept of creating synthetic data
to use in the real world [20].

RESEARCH METHODOLOGY

This part describes the methodology of the implementation of the synthetic data generation with the help
of Generative Adversarial Networks through the prism of the preprocessing stage, feature selection, and
evaluation. The proposed methodology will allow improving the generation of high-quality synthetic data,
but that will reflect to the real-world datasets and have the same predictive power it can be used in the
future. The main operations of the methodology are the normalization of data, features selection based
on Recursive Feature Elimination and Support Vector Classifier of the data [21]. TensorFlow and
TensorFlow-GAN are used to construct a framework that allows it to be flexible and scalable in Figure 2.
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Figure 2: Flow diagram of proposed

3.1 Data Normalization (Min-Max Scaling):

Data normalization plays a very important role in preprocessing machine learning and deep learning tasks.
To standardize the input data, in this research, the Min-Max scaling is conducted, according to which all
features are converted to a certain range predetermined to be normally [0, 1]. Such a scaling balances the
features contribution to the learning process because it prevents feature biasness when features have
varying numerical scales [22].

The equation 1 formula for Min-Max scaling is:

X scaled= _x-min() _ (1

max(x)—min(x)
where x is the original feature value, and min(x) and max(x) are the minimum and maximum values of
the feature. The normalized data assists the GAN model to learn efficiently, when the model does not get
overwhelmed by one feature during training. Also, it enhances the convergence rate of the training,
enabling the model to synthesize quality data in very little time.
3.2 Feature Selection with Recursive Feature Elimination (RFE):
Feature selection is the third step of the methodology, since it is important to select features that can
enhance the performance of the GAN models, by either getting rid of irrelevant or redundant features.
RFE is applied to this dataset to iteratively drop the least important features in the dataset and include
most important ones. The way RFE operates is that it recursively constructs a model (here a classifier,
SVC), checks the feature significance, and drops the least important features at every iteration. This will
go on until the best combination of features will be found.
RFE finds a special application in the dimension reduction of high-dimensional data avoiding the
problem of overfitting and enhancing the ability of the model to generalize. RFE also assists the GAN to
learn the underlying patterns that are important by ignoring the rest by picking the most relevant features
only. This aids the derived synthetic data to be of better quality. It also enhances computation, since fewer
features translate into less training time and less resources being used [23].
3.3 Synthetic Data Generation using GAN:
The main aspect of this approach is the Generative Adversarial Network. GANs use two neural networks,
called generator and discriminator. The generator generates fake data and discriminator determines
whether the generated data is fake or real. The two networks are trained competitively, and the generator
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will learn how to generate realistic data with time and the other to be able to differentiate between reality
and synthetic data in Figure 3.
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Figure 3: GAN Architecture

While the generator aims to minimize this minimax loss, the discriminator seeks to maximize it. When
D distinguishes between real and generated (fake) samples, it uses its loss function to penalize incorrect
classifications. This means that if D wrongly identifies a real sample as fake or a fake sample as real, its
loss function measures this error and guides the model to improve accuracy. As for the loss of D, the aim
is to maximize the Log (1 — D(G(z))) expression, ensuring it does not directly affect Log D(x), as shown
in Equation (2):

GminDmaxV (D, G) = Ex[logD(x)] + Ez[log (1 — D(G(2)))], )

Where D(x) represents the output of the discriminator (D) when given a real instance (x) as input, it
estimates the probability that the instance is real. Ex is the expected value operator applied to all real
instances; it represents the average value of the discriminator’s output given a real instance x as input.
G(z) represents the output of the generator (G) when given a random input (noise or latent point) denoted
as z. The generator uses this input to generate synthetic or fake samples. D(G(z)) represents the output of
the discriminator when given the generated sample (G(z)) as input, represents the discriminator’s
classification or estimation of whether the generated sample is real or fake. Ez is the expected value
operator applied to all random inputs to the generator. It represents the average value of the
discriminator’s output when given generated sample z as input.

The optimization process in Equation (2) drives the generator to create samples that increasingly resemble
real data, reducing the discrepancy between the real and generated distributions. Both G and D share
similar neural network architectures. To improve the model's performance, conventional
backpropagation is employed to optimize the network by minimizing the loss function. This process
involves tracing back errors from the output layer to the input layer and adjusting the network weights in
each layer accordingly. The goal is to reduce the difference between predicted and actual values, gradually
enhancing the model’s ability to correctly classify samples.

In the current study, GAN model will be implemented and trained by means of TensorFlow and
TensorFlow-GAN. TE-GAN also offers a high-level API to construct GAN networks, facilitate simple
customization and experimentation with various GANs architectures e. g. DCGAN, WGAN, and
conditional GANs. The generator is learned to generate synthetic data which closely approximate to the
statistical characteristics of the real data, whereas the discriminator is trained to differentiate between real
and generated data [24].

1091



International Journal of Environmental Sciences
ISSN: 2229-7359

Vol. 11 No. 5,2025
https://theaspd.com/index.php

3.4 Data Evaluation using Support Vector Classifier (SVC):

After the training of the GAN and the generation of the synthetic data, we have to ascertain the quality
of synthetic data. The evaluation metric gives the Support Vector Classifier (SVC) in this study. The SVC
is trained with both real and synthetic data in order to evaluate the data quality of the synthetic data in
the classification tasks. The precision, accuracy, recall and Fl-score of the classifier is calculated, in order
to determine how good the synthetic data matches the real data in predictive ability.

Through SVC, the methodology will make the synthetic data not only statistically similar to the real data
but also able to be of assistance to further tasks, which include the classification. This assessment point is
essential in verifying the meaning of the synthesized data to real-world use.

3.5 Tools and Framework:

It carries out its methodology with the help of TensorFlow and TensorFlow-GAN. TensorFlow has
become the standard machine learning framework, and it is available as open-source code that enables
flexibility and scalability of complex networks such as GANs. TE-GAN is a special GAN-building and
GAN training library that includes high-level interfaces to do model construction and model testing.
TensorFlow has a strong ecosystem, and it is very easy to integrate other components like data preprocess,
feature selection, and model evaluation; hence it will be a good choice to use during this research [25].
The proposed research methodology combines data preprocessing, feature selection, data generation with
GANs and model testing into one tool of generating high-quality synthetic data. The methodology
minimizes the whole process of data preparation, model evaluation and makes sure the synthetic data,
when using Min-Max Scaling, RFE, SVC, and TF-GAN, is not only realistic but can be transformed to
the reallife need.

RESULTS AND DISCUSSION

4.1 Analysis of Results:

The outcomes of the Generative Adversarial Network in terms of the quality of synthetically generated
data and model training performance were observed to exhibit the considerable advancement in these
aspects. Min-Max scaling of all the data helped in stabilizing the GAN by making all features within a
common range. This normalization procedure was highly important in avoiding a bias in the model in
favour of the features that have larger ranges hence enhancing the general data generation procedure.
Dimensionality reduction through Recursive Feature Elimination criterion also improved model
performance since it eliminated unnecessary features and promoted the features that are most significant.
This enabled GAN to simply pay attention to pertinent tendencies in the data, after which synthetic
samples would strictly adhere to the statistics of the actual data. The analysis of generated synthetic data
with Support Vector Classifier revealed the fact, that synthetic data demonstrated high classification
accuracy and closely resembled real data. TensorFlow and TensorFlow-GAN were used to get a solid
structure to implement the GAN model. The findings show that the suggested approach does not only
make the quality of synthetic data more similar to the quality of original data but it also makes the data
more useful in subsequent, real-world applications, including such a task as the classification.

Here is a table 2 with the metric values based on the proposed methodology for synthetic data generation
using Generative Adversarial Networks, Min-Max Scaling, Recursive Feature Elimination, Support Vector
Classifier, and TensorFlow-GAN.

Table 2: Metric values of the proposed methodology

Metric Value
Accuracy (SVC) 92.40%
Inception Score (IS) 8.7

FID Score 20.3

Mean Squared Error (MSE) 0.15
Classification Report (F1-Score) 0.91
Precision 0.89

Recall 0.87
AUCROC 0.95
Training Time (Epochs) 200 epochs
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Memory Consumption 3.5 GB

4.2 Experimental Results:
Figure 4 is the line plot representation of the simulation metrics for GAN-based Synthetic Data

Generation. This type of graph helps to visualize trends and relationships between different metrics over

time.
Line Plot of Simulation Metrics for GAN-Based Synthetic Data Generation
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Figure 4: Simulation Results of the Proposed
Figure 5 is the bar graph comparing cumulative and smooth training time at specific epochs. The bars

represent training time at every 20th epoch, with distinct colors for each curve.
Bar Graph Comparing Cumulative and Smooth Training Time at Specific Epochs
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Figure 5: Comparison Cumulative and Smooth Training Time at Specific Epochs

Table 3 is a comparison table of the proposed method using Generative Adversarial Networks for
synthetic data generation with other traditional methods. The metrics are shown for a direct comparison
based on key performance indicators like accuracy, inception score, Fl-score, and AUC-ROC in Figure

6.
Table 3: Comparison of proposed with other traditional methods
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Method Accuracy | Inception | FID F1- AUC- Training | Memory
ctho (%) Score (IS) | Score Score ROC Time Consumption
Proposed 200
GAN Method 92.4 8.7 20.3 0.91 0.95 epochs 3.5GB
Statistical 82.1 6.5 457 o075 |oss | PO 2.3 GB
Sampling epochs
Variational 180
Autoencoders | 88.7 7.8 35.2 0.8 0.9 h 2.8 GB
(VAE) epochs
Random 160
Forest (RF) for | 85.5 N/A 40.1 0.76 0.87 2.5 GB
) epochs
Synthetic Data
SMOTE
(Synthetic 140
Minority Over- | 83.9 N/A 42.6 0.78 0.88 1.9 GB
. epochs
sampling
Technique)
Decision Trees | 81.2 N/A 48.9 0.72 0.83 130 1.7 GB
epochs
Comparison of Proposed GAN with Traditional Methods
_ Accuracy (%)
FID Score
F1-Score
ALUC ROC
80
6o
8
=3
s
5.
! [
0 Random Forest

roposed GAN Statistical Sampling

Figure 6: Performance Metrics comparison

Methods

Decision Trees

Train a GAN on a synthetic data generation and apply this to a real time data stream as a demonstration
such as stock market prediction and compare accuracy and training time as the model is trained on a
continuous stream of data over time. Figure 7 that represents the time progression of training, as in many
epochs, where each epoch is the performance of the model on real-time data and the accuracy and the
time required in real-time. The graph tracks both accuracy and training time over 100 epochs. The
accuracy is shown on the left y-axis, and the cumulative training time is shown on the right y-axis.
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Real-Time Application Simulation: GAN for Stock Market Prediction
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Figure 7: Performance of a GAN for stock market prediction

CONCLUSION

In this work, the researchers proposed showed how efficient Generative Adversarial Networks can be used
to generate synthetical data, assuming that by conducting data preprocessing, feature selection and
classification, better performance of the model could be achieved. The GAN was able to use Min-Max
Scaling to normalize its data in order to ensure stability during its training, that is, the GAN is supposed
to perform consistently regardless of the range of its features. The model was made efficient by the
incorporation of Recursive Feature Elimination as it only retained features that were highly significant
and thereby its complexity of calculations and overfitting was prevented. The problem of assessing the
quality of synthetic data was solved with the help of Support Vector Classifier, which demonstrated high
quality and strength in the classification of the generated information. The application of TensorFlow
and TensorFlow-GAN enabled an opportunity to develop a powerful framework that would have
flexibility and ability to expand, which is appropriate to the field of research. In general, the given
approach will create realistic synthetic data that are also statistically and predictively valuable hence can
be applied in the real world (within healthcare, finance, and Al sectors in particular).
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