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Abstract: Visual impairment is one of the major health prob- lems in the world. The main reasons for visual impairment are
lifestyle factors and limited eye care resources. Therefore, early screening and timely treatment are the keys to prevent vision
damage. This project proposes a detection of neovascularization in fundus images using convolutional neural network. Wiener
filter is used for preprocessing. In preprocessing noise is removed from the input dataset. Image segmentation is a critical step
in image processing. One of the most common image segmentation methods is fuzzy c-means clustering. Fuzzy c-means
clustering methods have a lot of potential when it comes to extracting detailed features from image pixels. Fuzzy c-Means
(FCM) clustering is a popular unsupervised learning algorithm. The selected characteristics are fed into the Convolutional
Neural Network (CNN) classifier for data classification using machine learning. This CNN classifier model attempts to reduce
the number of features in a dataset. Finally, the CNN classification method is used to improve accuracy.

Index Terms—Visual impairment, Neovascularization detec- tion, Fundus images, Convolutional Neural Network (CNN),

Wiener filter, Image preprocessing, Image segmentation, Fuzzy c-means clustering

I. INTRODUCTION

ISUAL impairment remains one of the leading global health
challenges, with Diabetic Retinopathy (DR) rated as the
principal cause of blindness and vision loss among working-
age populations in the United States [1]. The most severe
stage of DR is proliferative DR, characterized by
neovascularization—the growth of new blood vessels
resulting from persistent ischemia. These newly formed
vessels are typically thin, tortuous, and fragile, making them
prone to rupture. When broken, they cause blood leakage on
the retinal surface, significantly increasing the risk of severe
vision loss or blindness [2]. Early detection and timely
intervention are therefore crucial in preventing irreversible
vision damage. Neovascularization (NV) can be categorized
into two types based on location: neovascularization in the
optic disc region (NVD) and neovascularization elsewhere
(NVE) [3]. Patients diagnosed with either form require
immediate referral to ophthalmologists for treatment,
highlighting the importance of reliable and timely
identification of NV in automated diagnostic systems. Despite
its clinical significance, automatic detection of NV presents
several challenges. The distinction between normal vessels
and new vessels can be subtle and limited by spatial and
contrast resolution constraints [4]. Additionally, most existing
approaches for NVD detection require manual selec- tion of
Regions-of-Interest (ROI), preventing fully automated

analysis [5]. The limited availability of positive NVD samples
for training machine learning models further restricts the de-
velopment of accurate detection systems, potentially resulting
in over-fitting and reduced model reliability [6]. Recent
advances in deep learning, particularly Convolu- tional Neural
Networks (CNNs), offer promising solutions for automatic
NV detection. Previous studies using Support Vector
Machines (SVM) achieved an Area Under Curve (AUC) value
of 0.911 for abnormal new vessel segment identification [7].
However, these approaches still face limitations in automation
and training data quantity. The biological mechanism
underlying neovascularization involves elevated levels of
Vascular Endothelial Growth Factor (VEGF) in response to
retinal ischemia or hypoxia [8]. In conditions like Age-Related
Macular Degeneration (AMD), excessive VEGF production
triggers the sprouting of new blood vessels from the choroid
into the retina [9]. These abnormal vessels and subsequent
fibrous tissue formation can significantly decrease vision.
Neovascularization can affect various ocular structures in-
cluding the choroid, retina, macula, iris, cornea, and con-
junctiva [10]. Understanding the pathways of neovascular-
ization—vasculogenesis, angiogenesis, and arteriogenesis—is
essential for developing effective detection and treatment
strategies [11, 12]. This study proposes an automatic detection
system for neo- vascularization in fundus images using
convolutional neural networks. Our approach employs Wiener
filtering for noise removal in the preprocessing stage and
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Fuzzy C-Means (FCM) clustering for image segmentation
[13]. The selected features are then fed into a CNN classifier
for final classification, aiming to achieve high accuracy while
reducing computation time [14]. By enabling early detection
of neovascularization, this system has the potential to
significantly reduce the risk of vision loss through timely
treatment [15].

Il. LITERATURE REVIEW

Worldwide visual impairment represents a significant health
challenge. According to the World Health Organization
(WHO), as of 2012, approximately 39 million people are
blind, 285 million are visually impaired, and 246 million have
low vision. Although glaucoma is the second leading cause of
blindness globally, other conditions such as diabetic retinopa-
thy also present significant risks to vision. Medical diagnosis
of eye disorders traditionally relies on human examination,
but the increasing use of image processing algorithms has
become essential, particularly when ophthalmologists need to
manage large sets of fundus images. These computational
tools enable clinicians to examine more patients while seeking
greater di- agnostic accuracy. However, retinal image
inspections are still often performed manually to identify and
track the evolution of eye diseases, which can be time-
consuming and dependent on physician experience. Some
pathologies require extensive examination over many years
before being detected and treated effectively. Several
researchers have focused on developing automated systems
for detecting various retinal pathologies. Teresa Arau’jo et al.
(2020) proposed a heuristic-based data augmen- tation scheme
for Proliferative Diabetic Retinopathy (PDR) detection. Their
method synthesized neovessel (NV)-like struc- tures to
compensate for the lack of PDR cases in existing datasets,
which improved the model’s ability to detect neo-
vascularization. However, some PDR cases with pre-retinal
fibrosis or pre-retinal hemorrhages remained undetected. For
neovascularization detection specifically, Shuang Yu et al.
(2018) presented an automatic image processing approach for
neovascularization in the optic disc region (NVD). Their
method involved vessel segmentation using multi-level Ga-
bor filtering, extraction of vessel morphological and texture
features, and classification with support vector machines.
While achieving high sensitivity and specificity, their
approach did not address neovascularization elsewhere
(NVE), which presents additional challenges due to the
presence of DR lesions and lower vessel contrast. Image
quality remains a significant challenge in retinal image
analysis. Ziyi Shen et al. (2021) analyzed the ophthal-
moscope imaging system and simulated degradation factors
including uneven illumination, image blurring, and artifacts.

They proposed a clinically oriented fundus enhancement net-
work (cofe-Net) to suppress global degradation while preserv-
ing anatomical retinal structures and pathological characteris-
tics. Similarly, Zhuo Deng et al. (2022) established a clinical
dataset called Real Fundus (RF) and proposed a Transformer-
based Generative Adversarial Network (RFormer) to restore
degraded clinical fundus images. Their approach utilized a
Window-based Self-Attention Block (WSAB) to capture non-
local self-similarity and long-range dependencies, benefiting
clinical fundus image analysis applications. For improving
segmentation of retinal structures, He Zhao et al. (2019)
addressed the challenge of supervised segmentation with
unan- notated retinal fundus images through a synthetic data
gener- ation approach using R-sGAN technique. This helped
bridge the mismatch between query images and existing
annotated datasets, though image quality could deteriorate
with less experienced users. Deep learning has revolutionized
retinal image analysis. Cristina Gonza'lez-Gonzalo et al.
(2020) developed an inter- pretability method for deep
learning systems in medical imag- ing through visual evidence
augmentation. Their approach uncovered anomalies iteratively
based on classifier predictions trained with image-level labels,
providing visual attribution for localization of abnormalities.
Wei Zhang et al. (2021) proposed an automated Ultra-Wide
Field of view (UWF) fundus screening system named Deep
UWF, which included an abnormal fundus screening
subsystem and a disease di- agnosis subsystem for three
specific  fundus diseases. Their experimental results
demonstrated that pre-processing methods improved the
learning ability of networks and achieved good sensitivity and
specificity. For multi-label classification, Jinke Lin et al.
(2021) introduced MCG-Net based on graph convolu- tional
networks and MCGS-Net incorporating self-supervised
learning. The graph convolutional approach captured rele-
vant information from multi-label fundus images, while self-
supervised learning enhanced generalization by learning from
unannotated data. Several studies focused on specific
applications within reti- nal image analysis. Kedir M. Adal et
al. (2018) described an automated system for detecting and
classifying retinal changes due to red lesions in longitudinal
fundus images. Their approach exploited normalized fundus
images to reduce illumination variations and improve contrast
of small retinal features, detecting spatio-temporal changes
through multiscale blobness responses. Gregor Urban et al.
(2019) developed a deep learning model to identify
compounds that effectively disrupt vascular networks from
before-and-after drug appli- cation images. Their
convolutional neural network achieved near-perfect accuracy
with minimal false negatives. For vessel segmentation, Zhun
Fan et al. (2019) proposed a hierarchical image matting model
that first generates a trimap automatically by utilizing region
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features of blood vessels, then applies a hierarchical image
matting model to extract vessel pixels. This method
demonstrated superior performance compared to other state-
of-the-art supervised and unsupervised methods. Image
registration is crucial for longitudinal analysis of retinal
changes. Danilo Motta et al. (2019) presented an au- tomated
framework for fundus image registration that unified optimal
transport theory, image processing tools, and graph matching
schemes. Their approach constructed representative graphs
embedding spatial and topological information from eye blood
vessels to establish correspondence between image sets.
Renzhen Wang et al. (2019) discussed a weakly-supervised
method for lesion detection from fundus images that required
only normal and abnormal retinal images without specific
annotations of lesion locations and types. Their approach
formulated background as a low-rank structure after prepro-
cessing steps including spatial alignment, color normalization,
and blood vessel removal. For ultra-wide field fundus
imaging, Lie Ju et al. (2021) leveraged a modified cycle
generative adversarial network (CycleGAN) model to bridge
the gap between regular and UWF fundus images. Their
approach incorporated a consistency regularization term to
improve generated data quality, achieving superior
generalizability and performance improvements across
multiple tasks. Jie Xue et al. (2019) proposed a method for
unsupervised and parallel segmentation of choroidal
neovascularization (CNV) in optical coherence tomography
based on a Grid Tissue Membrane (GTM) system. This
approach incorporated a modified Clustering in QUEst
(CLIQUE) algorithm into tissue-like membrane systems,
enabling detection of CNV with different shapes, positions,
and density without requiring a training stage.

1. EXISTING SYSTEM

Diabetic Retinopathy (DR) is more prevalent in patients with
long-term diabetes. It is categorized into Non- proliferative
DR (NPDR) and Proliferative DR (PDR). Patients with NPDR
will have several clinical symptoms such as microaneurysms,
haemorrhages, hard exudates, and cotton wool spots. PDR is
the advanced stage of DR, and it carries a significant risk of
vision impairment [16]. This condition is caused by the
development of small and irregular blood vessels in the retina,
a process called neovascularization [17]. One of the primary
causes of aberrant and fragile blood vessel growth is a lack of
oxygen delivery in the blood vessels. The newly formed
vessels are delicate and can easily burst, resulting in retinal
bleeding [18]. If these new blood vessels are formed within
the diameter of the optic disk, the condition is referred to as
neovascularization at the optic disk (NVD). On the other
hand, neovascularization elsewhere (NVE) refers to the new

vessels forming one disk diameter away from the optic disk
[19]. Both NVD and NVE are equally blamed for vessel
growth and vitreous haemorrhage, resulting in visual loss
[20]. Therefore, a referral to an ophthalmologist is necessary
when neovascularization occurs, whether NVD or NVE. PDR
must be detected early to preserve the patient’s vision. This
can be accomplished by analysing the patient’s fundus image
to detect blood vessels and identifying the newly formed
vascular associated with neovascularization [21]. Numerous
techniques for segmenting blood vessels have been proposed
but detecting neovascularization remains difficult [22]. The
retinal vasculature is a visible circulatory system in the eye
that provides valuable information about the body’s
microcirculation without the need for invasive procedures
[23]. Effective computer-aided diagnosis algorithms may
improve the accuracy and sensitivity of neovascularization
identifica- tion during frequent follow-up visits or
telemedicine consul- tations [24]. If detection were more
accurate, patients would be less likely to miss out on early and
effective  laser therapy [25]. In  comparison to
microaneurysms, the shape and size of neovascularization
vary, posing additional challenges and highlighting the
importance of developing automated detec- tion methods [26].
Multiple studies have demonstrated that image processing
algorithms can automatically identify mi- croaneurysms,
haemorrhages, hard exudates, and cotton wool spots [27].
However, research into detecting neovascularization is still in
its infancy due to the difficulty of distinguishing between
normal blood vessels and new blood vessels that have formed
[28]. Additionally, the number of labelled neovascu-
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Fig. 1. Flow chart for transfer learning approach based on the
combination of ResNet18 and Google Net. larization images
is limited, impeding the field’s advancement [29].
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A comprehensive retinal image may be obtained using
angiography-based techniques. However, due to the invasive
nature of these procedures, they are generally not recom-
mended, particularly for early-stage or routine diagnosis [30].

Existing System Block Diagram
Flow chart for transfer learning approach based on the
combination of ResNet18 and Google Net] [31]

Data Preparation

The fundus image datasets used in this study are Messidor,
Diaretdb0, and a private dataset collected from the
Department of Ophthalmology at Universiti Sains Malaysia’s
Hospital [32]. Ethical approval was obtained from the
Univesiti Sains Malaysia’s Ethics Committee to collect and
use the patients’ fundus images [33]. A total of fifty-three
images with neo- vascularization were collected for use in this
study [34]. The images are in RGB colour format with
resolutions of 1488 x 2240 pixels (Messidor), 1152 x 1500
pixels (Diaretdb0), and 2000 x 2368 pixels (private dataset)
[35]. Next, the ground truth images for neovascularization
were created with the help of an ophthalmologist [36]. A raw
fundus image that contains neovascularization must be
enhanced first to improve the visibility of blood vessel
structure and facilitate the ophthalmologist to identify the
neovascularization regions on the images [37]. This is done by
extracting the green channel from the RGB fundus image. The
green channel is used because it shows the blood vessels more
clearly [38]. The green channel image is then enhanced using
Contrast Limited Adaptive Histogram Equalization (CLAHE)
[39]. Following that, the ophthalmologist labelled regions of
neovascularization [40]. Next, the labels are used to generate
the ground truth image [41]. The ground truth images will be
used as the reference for determining whether an area within
an image contains neovascularization [42]. For the networks’
training, the 3-channel images are used without any pre-
processing. This is to allow the networks to learn all the
available features in the raw images [43]. First, the fundus
images are split into smaller patches so that they can be
processed by the networks [44]. Due to the difference in
image resolution, images from the different datasets are split
into a different number of patches [45]. For Diaretdb0, each
fundus image is divided into 30 patches, while for the
Messidor and the self-collected neovascularization images,
each image is split into 60 and 80 patches, respectively [46]. A
total of 2980 image patches were obtained from the 53 fundus
images [47]. In the first layer, Google Net, ResNetl8,
ResNet50, and the proposed network (ResNetl8 +
GoogLeNet) use an input image resolution of 224 x 224
pixels [48]. On the other hand, the first layer of AlexNet needs
a minimum input size of 227x227 pixels [49]. Due to the
different image sizes required, two sets of data with the
appropriate sizes are created by resizing the image patches
[50]. MODIFICATION ON THE PRE-TRAINED CNN FOR
NEOVASCULARIZATION DETECTION In this work, four

popular pre-trained networks (AlexNet, GooglLeNet,
ResNet18, and ResNet50) are modified to train on the
prepared dataset for neovascularization detection [51]. The
four CNNs were pre-trained on images from ImageNet [52].
Using transfer learning, these networks can be retrained with a
new dataset to adapt the network to detect new objects such as
neovascularization [53]. The advantage of transfer learning is
that it can avoid training a machine learning model from
scratch, which will take a long time and requires many
training images [54]. In this study, transfer learning is used to
detect neovascularization to circumvent this lengthy training
process and limited training images [55]. These pre-trained
networks will no longer require weight adjustment from
scratch. Instead, it can use the pre-trained weights obtained
from the Ima- geNet’s training and adjust them to fit the
neovascularization dataset’s images [56]. This method can
save a lot of time while still achieving excellent results [57].
To begin, all the pre-trained networks (AlexNet, GoogLeNet,
ResNet18, and ResNet50) are modified to allow for training
using the prepared images to perform two- class classification
[58]. This is accomplished by removing the final fully
connected layer and replacing it with a new one that contains
two defined classes: neovascularization (Neo) and non-
neovascularization (NotNeo) [59]. For instance, in ResNet18,
a fully connected layer exists in the architecture’s rear part
[60]. The network’s original fully connected layer is omitted
[61]. This is because this fully connected layer was previously
trained to classify multiple classes. It cannot be used to
perform binary classification [62]. A new fully connected
layer is created with only two output classes [63]. This new
fully connected layer is then used in place of the previous one
in ResNet18 [64]. Through this approach, the ResNet18 has
been modified to perform binary classification [65]. The four
modified pre-trained models are then trained using the two
prepared datasets (227x227 pixels for AlexNet and 224 x 224
pixels for the other networks) [66]. The optimal values of
mini-batch size and learning rates for each network are also
determined to ensure that the networks learn the
neovascularization features to the best of their ability [67].

3.4 PRE-TRAINED NETWORKS’ TRANSFER LEARN-
ING PROCESS A network based on the combination of
Resnetl8 and GoogLeNet is proposed [68]. This network
combines the ResNetl8 and GooglLeNet architectures,
allowing for the detection of neovascularization using the
outputs of both networks [69]. A depth concatenation layer is
used to join the two networks [70]. ResNet18 and GooglLeNet
were chosen as they are smaller networks [71]. By combining
two smaller networks, computation power can be conserved,
as larger net- works have more parameters to train [72].
Moreover, ResNet18 and GooglLeNet were combined because
they both requires input images of the same size (224x224)
[73]. Unlike AlexNet, despite its small network architecture, it
requires input images with a resolution of 227 x 227, making
it unsuitable for combining with ResNet18 or GooglLeNet
[74]. Other networkswith similar input sizes, such as
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ResNet50, are too large [75]. When ResNet50 is combined
with GoogLeNet or ResNet18, a massive network is created
that requires a lot of computation power to train [76]. As a
result, the only networks suitable for combination are
ResNet18 and GooglLeNet [77].

Performances Metrics

The network is compared to other pre-trained networks
(AlexNet, GoogLeNet, ResNet18, and ResNet50) that also
em- ploy transfer learning [78]. Additionally, the transfer
learning results for all networks are compared to the method
that used CNN for feature extraction and SVM for
classification [79]. In implementing Setiawan’s method, first
combined the training and validation sets and fed them into a
pre-trained network for feature extraction [80]. After
extracting the features, an SVM classifier was trained using
the extracted features [81]. The trained classifier was then
used to classify the images in the testing set for
neovascularization detection [82]. This procedure was
repeated for all the pre-trained convolutional neural networks
[83]. The metrics used to evaluate the models’ performance
are accuracy, sensitivity, specificity, and precision [84]. These
performance metrics are calculated by comparing the
classified patches to their ground truths [85]. For instance, if
an image patch is classified as having neovascularization
when the ground truth indicates that it does not, this is a false
positive detection [86]. When a model classifies an image
patch as having no neovascularization, but the ground truth
indicates that it does, this is referred to as a false negative
detection [87]. True positive and true negative detections
indicate that a model classified an image patch correctly [88].
When a specific model is used to classify the images in the
testing set, the number of true positives, true negatives, false
positives, and false negatives is determined [89]. These values
are then used to calculate the performance metrics, which
quantify a particular model’s accuracy, sensitivity, specificity,
and precision in detecting neovascularization in the testing set
[90]. Accuracy is the number of correctly classified cases
divided by the total number of instances [91]. The following is
the accuracy equation:

Accuracy = (TP+TN)/(TP+TN+FP+FN) (3.1) [92] True
positive (TP) is the patches that have been correctly
categorized as Neo [93]. The patches that are accurately
categorized as NotNeo are referred to as True Negative (TN)
[94]. The NotNeo patches that are mistakenly detected as Neo
are labelled as False Positives (FP) [95]. The Neo patches that
are wrongly categorized as NotNeo are labelled as false
negative (FN) [96]. Aside from that, sensitivity can be used to
evaluate the performance of a suggested algorithm [97]. It
measures the propensity of accurately categorized cases [98].
The following is the equation for sensitivity:

Sensitivity = TP/(TP+FN) (3.2) [99]

Specificity is another useful performance parameter [100]. It
assesses the likelihood of accurately categorized negative
events [101]. The following is the specificity equation:

Specificity = TN/(TN+FP) (3.3) [102] Precision is determined
by comparing the number of cor- rectly identified positive
samples to the total number of detected positive samples
[103]. It is a metric that indicates how accurate a model is in
classifying a positive sample [104]. The equation for precision
is as follows:

Precision = TP/(TP+FP) (3.4) [105] However, when the same
mini-batch size is used, ResNet50 produces lower accuracy
than the proposed model in the testing set . - Since the features
extracted from the original pre-trained networks were not
optimized for neovas- cularization detection, this method
shows inferior performance compared to the transfer learning
method .

I11. PROPOSED SYSTEM

Diabetic retinopathy (DR) is a major complication of diabetes
and a leading cause of blindness worldwide. With projections
indicating 552 million people will suffer from diabetes by
2030, early detection and adequate treatment are crucial to
prevent vision loss. Approximately one-third of diabetic
patients have DR without exhibiting symptoms, allowing the
disease to progress untreated. Proliferative diabetic
retinopathy (PDR), characterized by neovascularization on the
retina or optic disc, significantly increases the risk of severe
vision loss and is strongly correlated with uncontrolled
systemic disease. Regular screening programs are essential for
early detection and appropriate treatment determination.
However, the diagnostic process is susceptible to errors due to
high patient volume, variable image quality, and the
complexity of lesion analysis. Deep learning has enabled
computer-aided diagnosis (CAD) systems to achieve near-
human performance in DR detection. However, DR grading—
classifying the disease according to the international DR scale
as mild nonproliferative DR (NPDR) (R1), moderate NPDR
(R2), severe NPDR (R3), or PDR (R4)—presents greater
challenges due to the need to identify and integrate various
lesions. Recent advances include models like DR|Graduate,
which provides not only a grade but also prediction
uncertainty and explanatory attention maps. However, these
models often fail to accurately detect R4 graded images. The
difficulty in detecting R4 cases stems from several factors:
association of photocoagulation treatment and laser marks
with R4 classification, even in the absence of definitive R4
signs such as neovascularization and pre-retinal hemorrhages;
significant class imbalance in training datasets, limiting
sample variability; and inadequate data augmentation and
class balancing schemes to mitigate these issues. Addressing
these challenges is crucial for improving the accuracy of
automated DR grading systems, particularly for the detection
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of sight-threatening PDR that requires immediate intervention.
Figure 1 represents the proposed system.
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Fig.1 workflow of proposed system

This study proposes a method for detecting neovascularization
in fundus images using Convolutional Neural Networks
(CNN). The approach incorporates Wiener filtering for pre-
processing, Fuzzy C-Means (FCM) clustering for
segmentation, and CNN for classification. The proposed
architecture aims to minimize the feature set while
maximizing detection accuracy, potentially improving the
diagnosis of diabetic retinopathy and similar conditions
characterized by abnormal blood wvessel growth.
Neovascularization in retinal fundus images is a critical
biomarker for various eye diseases, particularly diabetic
retinopathy. Automated detection systems can assist medical
professionals in early diagnosis and treatment planning. This
paper presents a CNN-based approach for this purpose,
combining advanced pre-processing, segmentation, and deep
learning classification techniques. The accuracy of detection
systems depends significantly on the quality and relevance of
the training data. With the exponential growth of networks
and applications, selecting proper learning and testing datasets
is crucial for developing robust detection systems. The pre-
processing phase aims to enhance image data by reducing
unwanted distortions and highlighting elements critical for
subsequent analysis. This study employs the Wiener filter for
pre-processing the input dataset. The Wiener filter excels at
noise reduction and deblurring of images. Its primary
objective is to approximate the original image by minimizing
the mean square error between the original and the
approximated image. Image segmentation represents a critical
step in the processing pipeline. Fuzzy C-Means (FCM)
clustering, an unsupervised learning algorithm, offers
significant potential for extracting detailed features from
image pixels. FCM requires initial knowledge of certain
parameters, such as the number of clusters and the position of
cluster centroids. The performance of FCM depends on these
input parameters. CNNSs represent a specialized type of deep
learning algorithm employed in various real-world
applications. These networks can be trained to classify
images, detect objects, and perform other complex tasks with
remarkable accuracy. In medical contexts, CNN-based
algorithms  support professionals by accelerating the
diagnostic process, eliminating the need for manual analysis
of images. The CNN architecture employed in this study
consists of several key components. The convolutional layer
extracts features from input data by applying filters to portions
of the image. Rather than connecting all input pixels to the
next layer, which would be computationally intensive, only a
receptive field is connected, typically using a 3x3 filter. The

pooling layer reduces the dimensionality of the feature maps
and controls overfitting. Common pooling methods include
max pooling, average pooling, and mean pooling. The primary
objective is to decrease computational costs while preserving
essential information. The fully connected layer connects each
neuron to every neuron in the previous layer. The final fully
connected layer provides categorization based on the training
dataset. CNNs are often used for image recognition and
classification tasks. They can also be used for more complex
tasks, such as generating descriptions of an image or
identifying points of interest in an image. CNNs can be
applied to time-series data, such as audio data or text data.
They represent a powerful tool for deep learning and have
achieved state-of-the-art results in  many different
applications, particularly in the medical imaging domain for
automated diagnosis support. Figure 2 represents the output
screen obtained.
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Fig 2. Represents the output
IV. CONCLUSION

In this research, we proposed a novel approach for the
detection of neovascularization in fundus images using
Convo- lutional Neural Networks (CNN). Our architecture
combines the strengths of ResNet18 and GooglLeNet through
a trans- fer learning approach. The proposed methodology
consists of several key components working in harmony to
achieve high accuracy in neovascularization detection.
Initially, the input dataset undergoes preprocessing using a
Wiener filter to reduce noise and enhance image quality. The
preprocessed images are then segmented using the Fuzzy C-
Means (FCM) clustering algorithm, which effectively extracts
regions of interest from the fundus images. For classification,
we utilized CNN architecture with strategically designed
convolutional, pooling, and fully connected layers to optimize
feature ex- traction and classification performance. Through
extensive evaluation, we compared our proposed approach
with four pre- trained CNN architectures—AlexNet,
ResNet18, ResNet50, and GooglLeNet—adapted via transfer
learning. The compara- tive analysis revealed that our
combined ResNet18-GooglLeNet approach outperforms
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individual networks in terms of accu- racy, sensitivity, and
specificity for neovascularization detec- tion. The significance
of this work lies in its contribution to the automatic detection
of neovascularization, which is a critical marker for
proliferative diabetic retinopathy. By leveraging transfer
learning on combined features from two pre-trained networks,
our approach demonstrates superior performance compared to
conventional deep learning methods that use FCM for
segmentation and CNN for classification separately. The could
improve the quality of input images. Ensemble Learning
Approaches: Investigating ensemble methods that combine
predictions from multiple CNN architectures might further
im- prove classification accuracy and robustness. Attention
Mech- anisms: Incorporating attention mechanisms could help
the network focus on the most relevant regions of the fundus
image, potentially improving detection performance for subtle
neovascularization. Explainable Al Integration: Developing
techniques to visualize and interpret the features that the
model uses for classification would increase clinical trust and
adoption. Real-time Implementation: Optimizing the model
architecture for deployment in resource-constrained environ-
ments, enabling real-time detection during clinical examina-
tions. Multi-modal Analysis: Combining fundus images with
other diagnostic modalities such as optical coherence tomog-
raphy (OCT) could provide complementary information and
improve diagnostic accuracy. Longitudinal Studies: Extending
the model to analyze sequential fundus images over time
could help in monitoring disease progression and treatment
response. Mobile Applications: Developing lightweight
versions of the model suitable for mobile applications could
extend screening capabilities to remote and underserved areas.
Federated Learn- ing Approaches: Implementing privacy-
preserving federated learning techniques would allow model
training across mul- tiple healthcare institutions without
sharing sensitive patient data. These future directions aim to
address current limitations while expanding the applicability
and performance of neo- vascularization detection systems,
ultimately contributing to improved management of diabetic
retinopathy and prevention of vision loss.
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