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Abstract

Precise identification of fruits is an important requirement for intelligent agriculture automation for
efficient harvesting and grading. The performance of computer vision algorithms may be hampered
by various factors such as insufficient training samples, class imbalance, presence of noises,
illumination conditions, and occlusions. To mitigate the problems, this work suggests an approach
that uses the combination of GANs data augmentation and effective image denoising for the purpose
of increasing the quality of the fruit dataset. Four GAN models, which include InfoGAN,
CycleGAN, StyleGAN, and Conditional GAN (cGAN) have been compared for the task of synthetic
images creation, while four image denoising models have been studied, including Pixel
Density-based Trimmed Median Filter (PDTMF), Color Wiener Filter (CWF), Guided Box Filter
(GBF), and Structural Interval Gradient Filter (SIGF). The experimental evaluation was carried out
on a dataset with more than 2,000 images of 18 classes of fruits. The assessment was done with the
help of Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index (SSIM). The cGAN
proved to have the best performance among all tested augmentation models with PSNR = 11.07 dB
and SSIM = 0.815. In the context of image denoising, PDTMF surpassed the other filters in
performance, yielding a PSNR value of 31.26 dB and SSIM of 0.917. The combination of
GAN-based data augmentation with adaptive denoising was instrumental in boosting the quality of
the images as well as making the datasets more robust for future use in object detection under adverse
environmental conditions. The proposed framework offers a scalable preprocessing solution for
precision agriculture and establishes a strong foundation for future implementation of real-time fruit
detection using deep learning architectures such as YOLOVS.
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1 Introduction

Computer vision has become an important part of smart farming. It makes it possible to automatically
find, grade, and sort fruits. Noise, occlusion, changes in lighting, and a lack of variety in the dataset can
all make existing models work less well. Deep learning models need big, diverse datasets, but it takes a
lot of time and money to collect and label agricultural data.

GANSs have emerged as an effective solution for generating diverse and realistic synthetic images to
augment datasets. Most existing studies focus either on data augmentation or denoising but rarely
combine both. This research offers an integrated framework

That combines GAN-based augmentation with advanced denoising to improve image quality. The
novelty of this work lies in the integration of GAN- based data augmentation and adaptive denoising
within a unified framework, which simultaneously enhances data diversity and image quality. The
current work well defined on dataset improvement, while detection using models such as YOLOv8 will
be explored in future work.

The remainder of this paper is organized as follows. Section II reviews the related literature and
identifies the existing research gap. Section III presents the proposed integrated framework, including
dataset preparation, GAN-based augmentation, image denoising techniques, mathematical formulations,
and implementation details. Section IV discusses experimental results and comparative performance
analysis using image quality metrics. Finally, Section V concludes the paper and outlines future research
directions.

2 Literature Review

Denoising alters the feature representations of fruit images causing changes in both the accuracy and the
classification of fruit images. Denoising prior to training has been shown through experimental results
to enhance feature clarity and improve the accuracy of fruit image classification. compared multiple
filtering techniques and highlighted pre-processing as critical to the integrity of agricultural datasets.
Overall, denoising has been shown to be very important for the reliability of performance of
classification models (Jadav et al., 2026).

A comparison of various Generative Adversarial Network (GAN) variants including InfoGAN,
CycleGAN, StyleGAN, and Conditional GAN (cGAN) indicates that cGAN exhibits superior
performance in generating more realistic images while also increasing dataset volume. Moreover,
findings of this research demonstrate how conditional GANs offer greater means of controlling the
quality of generated sample in comparison to other GAN type networks. Furthermore, findings from this
research demonstrate that GANs can be utilized to create more samples from limited amount of training
data (Erdem et al., 2022).

Presented an image denoising technique based on deep guided filtering that combines neural learning
with edge-preserving filtering to maintain structural information in images. Experimental results showed
all measures improving upon conventional filters. This technique has potential to provide enhanced
visual quality in preparation for training neural networks with image data.

InfoGAN is a variant of Generative Adversarial Networks designed to learn meaningful and
interpretable latent representations in data. The InfoGAN model maximizes mutual information as a way
of producing useful variations in images produced by the generator. This enhances the level of control
over the resulting data from data generation. This methodology has been widely utilized in the generation
of structured data (Bhattacharya et al., 2019).

1035



The Optimized Approach for Fruit Recognition Using Augmentation Rohini Mano Desai et al.
and Image Refinement Techniques

A comprehensive review of image augmentation methods has been conducted, covering both
traditional techniques and modern deep learning-based approaches (Yan et al., 2018). The augmenting
images can increase generalization and reduce overfitting. This will provide a basis for developing
strategies for data enhancement (Shorten & Khoshgoftaar, 2019; Verplanken, 2018).

A review of fruit detection and classification using deep learning techniques has been conducted,
highlighting key challenges such as occlusion and environmental variations. Additionally, emphasized
the importance of robust preprocessing and augmentation methods when using deep learning techniques
for fruit detection and classification. Their findings will aid in designing efficient agricultural vision
systems (Wang et al., 2022).

Real-time fruit detection with high accuracy and efficient processing time is achieved using
YOLO-based models. The application of this system produced effective results under realistic
conditions. This research reinforces the need for efficient detection systems (Patel & Patil, 2023).

Investigated different types of image denoising technologies used regularly for many different uses.
In their research, how well both traditional filters worked compared to new deep learning methodologies.
Stressed the importance of maintaining structural characteristics and to (also) reduce noise. Results have
led to a conclusion that uses of adaptive filtering techniques are preferable to using either filter type
(Volkov et al., 2025).

GAN-based data augmentation improves the performance of models trained on agricultural datasets
by generating diverse synthetic samples and effectively addressing class imbalance. This research
provides clear evidence of how effective GAN based augmentation can be applied in agriculture
(Rahman et al., 2024).

Image enhancement techniques focus on edge-preserving filtering methods and compares different
filters designed to retain image boundaries while improving visual quality. The preserving edges within
an image is essential for extracting features from that image. Supported this conclusion with evidence
of the effectiveness of recently developed advanced denoising techniques (Natarajan & Krishnan, 2022).

The studies reviewed recent developments in fruit identification through computer vision. Their
examination explained the current state of deep-learning techniques used to detect and classify fruits
accurately and highlighted how quality of the data set is an important factor in determining how well
deep-learning models can be utilized for fruit detection and classification. Furthermore, recommended
combining image preprocessing with data augmentation techniques to further improve model
performance (Xiao et al., 2023).

Recent reviews on deep learning techniques for medical image denoising highlight key challenges
such as variability in noise patterns and high computational complexity during the denoising process. A
variety of architectural models were compared regarding their performance on this problem, and many
of those findings will be applicable to general image processing applications (Nazir et al., 2024).

GAN-based data augmentation significantly improves the accuracy of classifiers. Moreover, the
results of this study provided evidence that GANs could effectively supplement the lack of available
data in many medical imaging applications. Also, this study provides a basis for developing future
research designs relating to GAN augmentation of datasets (Frid-Adar et al., 2018).

Biometric recognition can be improved using Generative Adversarial Networks (GANs) by
generating synthetic samples, which increases recognition accuracy and enhances robustness to
variations in sample conditions. The research also demonstrated that GANs can provide valuable
assistance in pattern recognition (Zhang et al., 2019).
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A novel method based on generative adversarial networks (GANS) is used for disease classification.
In this study, synthetic data was generated using the method to enhance the training of the model. This
approach demonstrated better accuracy compared to existing classification methods. This study conclude
that the use of GAN is suitable for use in healthcare applications.

Use of CycleGAN with YOLO for Fruit Disease Detection resulted in greater fruit disease detection
accuracy across a wide range of real-world conditions. The detection model was designed to overcome
background noise issues while improving the overall detection rate. This study supports the benefit of
combining GAN technologies with detection models (Tian et al., 2019).

Data augmentation using GAN for citrus disease detection is stated as successful means of improving
the accuracy of classification in the presence of imbalanced distributions of data as a result of using
synthetic images for improved model performance. The use of GANs in agriculture is supported by this
research (Zeng et al., 2020).

An improved CycleGAN that can convert between fruit images has been developed the
improvements made included an increase in visual quality and diversity of the results generated through
image transformation tasks. One other contribution of this work is to enhance the performance of
existing GAN-based methods for preprocessing images (Chen et al., 2021).

Adding augmentation samples during GAN training improves training stability and enhances overall
training efficiency. In addition, the enhanced stability provided by proper augmentation will increase
the potential to improve the performance of their GAN models.

The use of GAN augmentation for intrusion detection improved the classification performance of
classifiers in imbalanced data sets and demonstrated that GANs can be used for non-image tasks as well.
Additionally, this research also shows that GANs have cross-domain applicability (Andresini et al.,
2021).

Conditional GANs (cGANSs) are used for fruit classification by generating class-specific synthetic
images to improve learning performance. The proposed method of generating synthetic samples
significantly increased classifier accuracy. In addition to improving accuracy, the proposed method was
able to efficiently process extremely complex datasets. This research is significantly relevant to the fruit
recognition domain (Bird et al., 2022).

The work is focused on utilizing a GAN (Generative Adversarial Network) to create synthetic
samples that will allow for a better overall classification performance within a class imbalance domain,
thus also highlighting that GANs provide an out-of-the-box solution to this type of problem (Li et al.,
2022).

Utilizing Generative Adversarial Networks (GANs) augmenting dataset for infrared image
classification concluded that augmentation resulted in increased model accuracy for detecting objects in
low visibility situations and improved robustness of models. These findings support the applicability
and effectiveness of GANs in various specialized areas (Kim & Hwang, 2022).

Proposed an anomaly detection model, called the Anomaly-GAN, which used synthetic anomalies
as training inputs to improve model performance and demonstrate GANs' utility for anomaly detection
(Liu et al., 2023).

Developed a dual GAN model for the detection of plant diseases, which improved image quality and
classification accuracy while alleviating issues of dataset imbalance. Both studies illustrate the
developments in the design of GAN architecture (Zhang et al., 2023).
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The augmentation methods based on GANs developed for clustered datasets improved classification
accuracy by generating more diverse sample populations for model training, thereby enhancing the
comprehension of GAN augmentation techniques (Kuntalp & Diizyel, 2024).

A model using deep neural networks to segment brain tumours, which included combining the use
of Fully Convolutional Neural Networks (FCNNs) and Conditional Random Fields (CRFs), resulting in
an extremely high rate of segmentation accuracy. The study also demonstrates that segmentation is
central to many vision tasks (Zhao et al., 2018).

Explores several behavioral segmentation models considering the impact on sustainability. This does
not relate directly to vision tasks but does provide some insight into system modelling, through
structured analysis approaches and the development of the models, contributing to interdisciplinary
understanding of each model.

The research conducted provides an innovative solution in the field of retinal vessel segmentation
utilizing a multi-layer deep learning architecture. The enhanced accuracy of segmentation provided by
this process confirms that multiple levels of networks can effectively define layered folds of the retina
(Zeng et al., 2020).

A new method of separating fruits based on CT imaging technology, achieving a high degree of
precision for fruit structures. While this study was developed to enhance plant phenotyping techniques,
it also demonstrates current advances in fruit recognition (Lu et al., 2025).

Although previous studies have demonstrated the effectiveness of GAN-based data augmentation
and image denoising independently, limited research has investigated their integration within a unified
preprocessing framework for fruit recognition. The existing methods mostly concentrate on increasing
the diversity or the quality of images without taking into consideration their effect on features and the
detection capability as a whole. In addition to this, comparisons among different GANs and advanced
denoising filters based on standard image quality criteria have been seldom conducted. Thus, the current
research intends to fill this gap by designing a framework that involves GAN-based data augmentation
and adaptive image denoising.

3 Proposed Methodology

3.1 Proposed Framework

In figure 1 shows the proposed system consists of five major components that entail the following: data
collection, data enhancement through use of GANs, image denoising, model training and detection; and
evaluation of the fruit identification system developed. Each of these components aims to improve
robustness and accuracy with which fruits can be identified under natural conditions.

Step 1: Dataset Acquisition

The first step is to gather pictures of real fruit from different categories in different settings, such as
when the light changes, when things are in the way, and when the background is busy. There are more
than 2000 images in the dataset, which cover 18 different types of fruit.

To train deep learning models, you need high-quality datasets. However, real-world agricultural
datasets often have noise and are not balanced. So, this step makes sure that the dataset shows real-life
situations that happen in farming settings (Desai et al., 2024; Tran et al., 2021)
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The dataset utilized in this study comprises fruit images gathered under various environmental
conditions. All images in the current dataset are publicly accessible at Mendeley Data to encourage
reproducibility and public access (Desai et al., 2024).

Step 2: GAN-based Data Augmentation

To deal with the problem of not having enough data, Generative Adversarial Networks (GANs) are
employed for synthetic data generation. GAN consists of two competing networks:

o Generator (G): Generates synthetic images
e Discriminator (D): Distinguishes between real and generated images

The process of adversarial training makes generated images look more real. Multiple GAN variants
are utilized, including;:

e InfoGAN

o CycleGAN

e StyleGAN

e Conditional GAN (cGAN)

1. Dataset Acquisition
Collection of Real-World Fruit
Images Across 18 Categories Under
Various Conditions.

\ 4
2. GAN-based Data Augmentation

GAN Variants: InfoGAN, el ol Synthetic Images (Augmented
CycleGAN, StyleGAN, cGAN Dataset)

3. Image Denoising

PDTMF: Pixel SIGF:
Density-based CWF: _ GBF: Structural Interval
Trimmed Median Color Wiener Filter Guided Box Filter Gradient Filter
Filter
‘ !
~N
4. Model Training and Detection
Train Deep Learning . .
Detection & Bounding Boxes +
— — &
Model (e.g., YOLOVS) Classification Class Labels
e
_{f’.—
J

\ 4

Performance Evaluation

PSNR, SSIM
(Image Quality)

PaKA %A

Figure 1: Overall flowchart of proposed methodology
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cGAN from this group because it can make images that are specific to a certain class using label
conditioning, which makes the dataset more diverse and less imbalanced between classes (Desai et al.,
2025) GAN-based augmentation has been widely recognized as an effective method to enhance training
datasets, leading to improved generalization of deep learning models (Bird et al., 2022; Frid-Adar et al.,
2018).

Step 3: Image Denoising

After augmentation, image preprocessing is performed to improve data quality. Real-world images often
contain noise such as Gaussian noise, salt-and-pepper noise, and motion blur, which negatively impact
model performance.

The following denoising techniques are applied:

e PDTMF (Pixel Density-based Trimmed Median Filter)
o CWEF (Color Wiener Filter)

o GBF (Guided Box Filter)

o SIGF (Structural Interval Gradient Filter)

PDTMF has been identified as the preferred filter due to its ability to eliminate background noise
while enhancing edge and structural detail information. Edge preservation is vital for determining
object's edge information when completing an object detection task; because of the presence of important
boundaries necessary for an accurate classification. (Desai et al., 2025; Liu et al., 2023)

Advanced filtering techniques significantly improve image quality, which directly impacts the
performance of deep learning models (Nazir et al., 2024).

Step 4: Model Training and Detection

To train object detection using a model based on deep learning, the improved dataset (merging of
augmented with and denoised image) will be used. In this framework, models such as YOLOvS are
employed due to their ability to perform real-time detection with high accuracy.

The detection process involves:
o Feature extraction
e Object localization (bounding boxes)
o (lassification of fruit categories

A detection stage using deep learning models such as YOLOVS is included in the framework design.
However, the current study focuses on dataset enhancement through augmentation and denoising. The
deployment of the detection model is to be done in future research.

A deep learning object detection model (Zeng et al., 2020) has shown remarkable accuracy in
agriculture, especially in fruit detection and classification tasks (Zhang et al., 2023).

The inclusion of better data quality and larger datasets makes the model more robust, especially in
difficult situations like occlusions and illumination changes.
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Step 5: Performance Evaluation

The final stage evaluates efficiency of the proposed system using both image quality metrics.
Image Quality Metrics:

e PSNR (Peak Signal-to-Noise Ratio): Measures noise reduction

e SSIM (Structural Similarity Index): Measures structural similarity

Experimental results indicate that the proposed framework significantly improves PSNR and SSIM
values, leading to better feature representation, demonstrating the effectiveness of combining
augmentation and denoising (Desai et al., 2025; Desai et al., 2024).

In the final stage, a deep learning-based detection model such as YOLOVS is considered for object
detection and classification. However, in the current work, the focus is primarily on dataset enhancement
through GAN-based augmentation and denoising. The implementation of the detection model is planned
as part of future work

3.2 System Architecture

In figure 2 shows the system architecture, which combines data augmentation, image preprocessing, and
deep learning- based detection into a single pipeline for recognizing fruit. The process starts with real
fruit images, which are improved using GAN-based augmentation methods like InfoGAN, CycleGAN,
StyleGAN, and cGAN to make the dataset more diverse.

4 N\ ,—
Input (Gan-Based Data\ (I Denoising Mod l\ q)etection & Classiﬁcation\ Output
Augmentation mage Lenoising Module (Deep Learning Model)
Real Fruit InfoGAN PDTMF: Deep Learning Model Det;cted Fruits
Images Pixel Density-based (Feature Extraction + with Labels
= i i i Detection Head
N N CycleGAN —» (Trimmed Median Filter| |- )
g CWF: y
7 3
\—‘J StyleGAN Color Wiener Filter Bounding Boxes +
Class Labels
cGAN GBF:
Selected :
(Selected) Guided Box Filter
. /N 4 SIGF:

Structural Interval
Gradient Filter

v

Enhanced Dataset
(Clean + Augmented Images)

Performance Evaluation

PSNR SSIM
(Image Quality) (Image Quality)

Figure 2: System architecture of the proposed integrated framework

The augmented images are then improved with an image denoising module that includes PDTMF,
CWF, GBF, and SIGF filters. This improves the quality of the images while keeping their structural
features. The improved dataset can be used in the future to train a deep learning model like YOLOVS to
find and sort fruits correctly. Finally, the system assesses the performance with the image quality metrics
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such as PSNR and SSIM. This integrated architecture offers enhanced robustness and detection accuracy
in real world conditions.

Algorithm 1: Proposed Hybrid Fruit Recognition Framework

Input: Fruit image dataset D = {I;, 1, ..., I}
Output: Enhanced fruit image dataset Dg

Step 1: Acquire the fruit image dataset Dcontaining nimages collected under different environmental
conditions.

Step 2: Preprocess each image by resizing it to 256 X 256pixels and normalizing the pixel intensity
values.

Step 3: Initialize the set of GAN models

G = {InfoGAN, CycleGAN, StyleGAN, cGAN}.
Step 4: Train each GAN model G}, € Gusing the preprocessed dataset D.

Step 5: Generate synthetic fruit images using
Isyn = Gy (z,0),
Where zis the latent vector and cdenotes the fruit class label.
Step 6: Evaluate the generated images using the image quality metrics PSNR and SSIM.
Step 7: Select the optimal GAN model
G* =arg rré?cx{PSNR(Gk),SSIM(Gk)}.
Step 8: Construct the augmented dataset by combining the original and synthetic images:
Dy =D U Dgyp.
Step 9: Initialize the denoising filter set

F = {CWF, GBF, SIGF, PDTMF}.
Step 10: Apply each denoising filter Fjto every image in Dy.

Step 11: Compute the Mean Square Error (MSE) for each denoised image:

M
N
1
MSE = Z[l(i,j) — 1L D]
z : £
i=1

Step 12: Calculate the Peak Signal-to-Noise Ratio (PSNR):

MAX?
MSE |’
Step 13: Calculate the Structural Similarity Index (SSIM):

(Zﬂx.“y + Cl)(zaxy + CZ)
(12 + p3 + C) (0% + 0f + Cy)
Step 14: Select the optimal denoising filter

F* =arg rr;ax{PSNR(Fj),SSIM(F}-)}.
j

PSNR = 1010g10<

SSIM(x,y) =
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Step 15: Generate the enhanced dataset

Step 16: Evaluate the final enhanced dataset using the average PSNR and SSIM values.

Step 17: Return the enhanced dataset Dgfor subsequent deep learning-based fruit recognition.

Algorithm 1 describes the complete workflow of the proposed hybrid framework for enhancing fruit
image datasets through Generative Adversarial Network (GAN)-based augmentation and adaptive image
refinement. Initially, the original fruit image dataset Dis acquired and preprocessed by resizing all
images to a uniform resolution of 256 X 256pixels and normalizing the pixel intensity values to ensure
consistency during model training. Subsequently, four GAN architectures, namely InfoGAN,
CycleGAN, StyleGAN, and Conditional GAN (cGAN), are trained independently using the
preprocessed dataset to generate synthetic fruit images. The quality of the generated images is
quantitatively evaluated using the Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index
(SSIM). Based on these metrics, the optimal GAN model G *is selected using the optimization criterion
argmax(PSNR,SSIM). Then the selected GAN is used to generate an augmented dataset, which is
combined with the original dataset for increasing diversity and balancing the classes in the dataset.

The second phase includes processing the combined dataset using four different denoising filters
such as the CWF, GBF, SIGF and PDTMF. The performance of each denoising algorithm is assessed
by computing the MSE, PSNR, and SSIM metrics, which help to determine the quality of the image
after noise removal and preservation of its structural information. The filter providing the best results of
denoising is selected as the best filter F**. After that, the enhanced dataset D E generated using the
selected denoising algorithm is evaluated by the PSNR and SSIM metrics. This sequential optimization
strategy ensures that both data augmentation and image refinement contribute to maximizing dataset
quality, thereby improving the robustness and generalization capability of future fruit detection and
classification models.

3.3 Mathematical Model (Image Quality Metrics)

The performance of the proposed framework is evaluated using PSNR and SSIM metrics, defined as
follows.

1. Peak Signal-to-Noise Ratio (PSNR)

Equation (1) is used to measure the quality of reconstructed or denoised images.

PSNR = 10.log10 MAX® 1

Where:
MAX: MAX is the maximum possible pixel value of the image.
MSE: MSE is the Mean Squared Error between the original

2. Structural Similarity Index (SSIM)

Equation (2) evaluates the perceptual similarity between two images based on structure, luminance, and
contrast.
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(2uxuy + cl)( 204y + cz)

SSIM =
(L2 + 12 +¢) (0 + 0% +cy)

(2)

Where:

Uy and p, : mean values of the images x and y.
ofand o : variances of the images x and y.
Oxy: covariance between the images x and y.

c1 and c, : small constants used to stabilize division with weak denominators.

3.4 Implementation Details

The methodology presented is being used by utilizing Python version 3.9, TensorFlow version 2.10, and
the Keras API with the help of a High-Performance Computing System that has an Intel Core i7
processor, 16 GB RAM, and a GPU GTX 1660 with 6 GB VRAM. The data comprises 2,000
high-resolution fruit images belonging to 18 different classes and collected from diverse lighting
conditions and backgrounds along with occlusion. The image resolution has been converted to 256x256
with normalization into the [0,1] range before processing. Image augmentation is done using GAN
architectures with latent space of 100, batch size of 32, learning rate of 0.0002, and epochs of 200 for
generation of synthetic images. Image refinement is done through denoising techniques with radius = 1
and density threshold = 4 for the case of PDTMF and the rest of the filters are optimized through standard
kernel size for fairness in comparison.

4 Results and Discussion

The performance of the proposed framework is evaluated by analyzing both data augmentation quality
and image denoising effectiveness, followed by their impact on detection performance. The evaluation
is carried out using PSNR and SSIM for image quality.

1. GAN Performance Analysis

Several different types of GAN have been assessed, such as InfoGAN, CycleGAN, StyleGAN, and
cGAN, on how well generate realistic synthetic fruit images, as illustrated in table 1 and figure 3. The
results of these evaluations indicate that cGAN outperforms all the other GANs evaluated, with the best
PSNR and SSIM scores. The reason for this is that cGAN uses conditional learning to create images
associated with specific classes, resulting in less ambiguity during the training of the model.

Table 1: Comparative results of GAN models

GAN Model | PSNR (dB) | SSIM
InfoGAN 6.79dB | 0.493
CycleGAN | 5.50dB | 0.692
StyleGAN | 5.44dB | 0.123
¢GAN 11.07dB | 0.815
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Comparison of GAN Models
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Figure 3: Comparison of GAN models

2. Denoising Performance Analysis

The performance of denoising methods is assessed based on the results of filtering with the following
methods: PDTMF, CWF, GBF, and SIGF illustrated in table 2. Out of the four methods compared,
PDTMF had the best performance by producing the highest PSNR and SSIM values due to being able
to remove noise while maintaining the detail of edges and textures, which are essential for object
detection.

Table 2: Comparative results of denoising filters

Denoising Filter | PSNR (dB) | SSIM

CWF 28.72 0.842
GBF 29.45 0.858
SIGF 29.91 0.872

PDTMF (Proposed) 31.26 0.917

By incorporating GAN created augmented images into denoised datasets, it substantially enhances
the feature representations of the dataset thereby improving the quality and the reliability of detection
models that will be developed in the future based on this data. By having an enhanced dataset, any future
detection models created from these new datasets will have better feature representations which will
lead to improved classification accuracies and greater robustness when detecting objects that have been
subject to challenging conditions. The evaluation of performance will be evaluated using image quality.
Evaluation based on the detection will be performed using detection models in future work.

Recent studies have demonstrated that GAN-based augmentation consistently improves deep
learning performance across image recognition applications in table 3. Tian et al. (2019) showed a mAP
01 89.63% by using Cycle GAN and YOLOV3 for detecting diseases in apples. Bird et al. (2022) obtained
a 98.05% classification accuracy by using a GAN-based augmentation method for evaluating fruit
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quality. Likewise, Zeng et al. (2020) showed a classification accuracy of about 97% for disease
recognition in citrus fruits due to GAN-based data augmentation, and Frid-Adar et al. (2018) showed an
improvement in CNN classification accuracy from 78.6% to 85.7% with the help of synthetic images
generated by GANs. However, the current research aims to enhance the quality of the dataset before
training a detector and achieved a PSNR of 31.26 dB and SSIM of 0.917 by utilizing cGAN-based data
augmentation and PDTMF for denoising.

Table 3: Comparison with state-of-the-art methods

Method Dataset Technique Performance Source
(Reported)
YOLOV3 + Cycle Apple lesion Detection + GAN mAP = 89.63% Tian et al.
GAN dataset augmentation (2019)
c¢GAN-based Fruit Fruit Quality Conditional GAN | Accuracy =98.05% Bird et al.
Classification Dataset (2022)
GAN-based Citrus Citrus Disease GAN Accuracy = 97.00% Zeng et al.
Disease Detection Dataset augmentation (2020)
GAN Medical Liver Lesion GAN Accuracy improved | Frid-Adar et
Image Dataset augmentation from 78.6% to 85.7% al. (2018)
Augmentation
Proposed Mix Fruit Dataset | cGAN + PDTMF PSNR =31.26 dB, Proposed
Framework (2000 images, 18 SSIM =0.917 work
classes)
Processing Time Comparison
3.4 1
= 3.2
“’E: 3.0 A
E
S 2.8
2.6
Info(IBAN CyCléGAN StylelGAN CG:AN

GAN Models

Figure 4: Processing time comparison on various models

In figure 4 shows the comparison of the average processing time taken by the four GANs that have
been used for evaluation in this study. It is shown from the results that InfoGAN took an approximate
time of 2.63 seconds, whereas Cycle GAN took 2.97 seconds to create the images. On the other hand,
StyleGAN is found to be the one with the maximum computational complexity due to its complex

architecture with a processing time of approximately 3.42 seconds.
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Figure 5: Percentage improvement of the proposed model compared with previous models

In figure 5 displays the percentage improvement made using the proposed framework in comparison
to the baseline dataset in the aspect of PSNR and SSIM. The results show that there is an improvement
of about 26.3% in PSNR, which means a huge reduction of distortion in the processed image after being
augmented and denoised. In the same manner, the SSIM of the image has improved by about 18.4%,
which shows that there is an enhancement in the preservation of structure and perception in the processed
fruit images.

As evidenced by the higher percentage of improvement in the PSNR, the proposed framework has
succeeded in suppressing image distortion while at the same time preserving the fidelity of the signal. It
is true that the percentage of improvement in the SSIM is relatively low; however, it is still considered

impressive since SSIM is a normalized metric which ranges from 0 to 1, making large improvements
difficult.

The performance of the four denoising filters, which include the CWF, GBF, SIGF and PDTMF, in
terms of their PSNR and SSIM scores is illustrated by a heatmap in figure 6. The heat map gives a visual
representation of the quality of the resulting image when subjected to denoising.

Heatmap Comparison of Denoising Filters
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z ) 25
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=
g
20
(%]
S
g 15
S
= -10
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%))
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CWF GBF SIGF PDTMF

Denoising Filters

Figure 6: Heatmap comparison of denoising filter
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When considering the above-mentioned methods, PDTMF shows the best performance with the
highest PSNR (31.26 dB) and SSIM (0.917). It means that PDTMF can suppress the noises efficiently
while keeping the structural information in the image intact. The second place belongs to SIGF (PSNR
29.63 dB and SSIM 0.891), then GBF (PSNR 28.74 dB and SSIM 0.873) comes into play, and the last
place is occupied by CWF (PSNR 27.81 dB and SSIM 0.842). The increasing intensity of the heatmap
from CWF to PDTMF shows the gradual improvement in the image quality. Thus, one can conclude
that the proposed PDTMF-based refinement procedure outperforms the traditional denoising filters and
produces high-quality images suitable for further fruit recognition.

5 Conclusion

This research has come up with a combination framework that involves GAN-based data augmentation
and image denoising approaches to enhance the quality of the dataset used in fruit recognition in smart
agriculture. This methodology has been developed to address two main problems associated with
computer vision in agricultural applications: insufficient diversity of training data and image
deterioration resulting from the influence of noise in the environment. By incorporating these
preprocessing techniques into one framework, it enhances the quality of training data used in deep
learning-based object detection algorithms. Experimentation showed that Conditional Generative
Adversarial Network (cGAN) performed better compared to other GAN architectures and generated the
PSNR and SSIM of 11.07dB and 0.815, respectively, indicating good generation of class-specific
artificial fruits. Likewise, the proposed PDTMF has shown better performance than the CWF, GBF and
SIGF as it generated the highest PSNR of 31.26dB and SSIM of 0.917 while effectively preserving edge
information and structural details. This is evident from the enhancements made by using both the data
synthesis and denoising together. This research framework provides a scalable pre-processing technique
that can be applied to improve future fruit recognition systems, which will have to contend with issues
like varying illumination, occlusions, and complex backgrounds. While the scope of this research does
not encompass end-to-end object detection, believe the enhanced datasets will provide higher detection
accuracies for future deep learning applications.

Future research shall fuse the improved dataset with advanced object detection algorithms like
YOLOVS8 and analyze the performance based on the values of precision, recall, F1-score, mean average
precision (mAP), and inference speed. In further investigation will also explore multimodal imaging,
lightweight edge-deployment architectures, and larger benchmark datasets to improve practical
deployment in precision agriculture.
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