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In this study, a hybrid method optimizing AlexNet and hand-crafted features with MultiSURF
achieved an accuracy of 96.92% with the Random Forest model. / Bu ¢alismada, AlexNet ve el
yapimu ozellikleri MultiSURF ile optimize eden hibrit yontem, Rastgele Orman modeliyle %96,92
dogruluk elde edilmistir.

Figure A: Preprocessing and feature extraction images / Sekil A: On isleme ve 6zellik ¢ikarma goriintiileri

Highlights (Onemli noktalar)
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The ORIGA Retth dataset was used to automatically differentiate between
individuals with glaucoma and thd$€ with healthy eyes using a machine learning-based
ine\learning-based model was used to automatically differentiate between
f those with healthy eyes.

ethods and deep learning-based feature extraction are
ulti-stage classification system. / Cok asamali bir siniflandirma

dilmistir.
integration of SMOTE as a controlled balancing tool that strengthens the decision
frortier ensures high accuracy while maintaining the model's stability against different
ss distributions./ Karar simirimi giig¢lendiren kontrollii bir dengeleme araci olarak

@&

SMOTE entegrasyonu, modelin farkl siif dagilimlarina karst kararliligini korurken
yiiksek dogruluk saglar.

Aim (Amag): The aim is to offer a glaucoma classification framework with clinical integration
potential by combining MultiSURF-based selection of multidimensional image features, the
SMOTE balanced dataset, and independent test evaluation. / Cok boyutlu goriintii ozelliklerinin
MultiSURF  tabanli secimi, SMOTE dengeli veri seti ve bagimsiz test degerlendirmesini
birlestirerek, klinik entegrasyon potansiyeline sahip bir glokom siniflandirma ¢ergevesi sunmaktir.
Originality (Ozgiinliik): The originality of this study lies in optimizing a hybrid structure combining
AlexNet and handcrafted features via MultiSURF, preventing data leakage using SMOTE, and
validating model performance on independent external datasets. / Bu c¢alismanin 6zgiinliigii,

AlexNet ve el yapimu ozellikleri birlestiren hibrit yapryr MultiSURF ile optimize etmesi, SMOTE ile
veri sizintisini onlemesi ve model bagarisini bagimsiz dig veri setlerinde dogrulamasidir.

Results (Bulgular): The hybrid frame was able to distinguish individuals with glaucoma from those
without glaucoma with high accuracy. The Random Forest model achieved 96.92% accuracy, a
0.939 F1 score, and a 0.994 AUC in the ORIGA dataset. / Hibrit ¢ergeve ile glokomlu bireyleri
glokomsuz bireylerden yiiksek dogrulukla ayirt edilebilmistir. Rastgele Orman modeli ORIGA veri
setinde %696,92 dogruluk, 0,939 F1 puani ve 0,994 AUC basar: gostermistir.

Conclusion (Sonug): The proposed approach is considered an automated glaucoma screening
method with the potential to be integrated into clinical decision support systems for early diagnosis.
| Onerilen yaklagim, erken teshis igin klinik karar destek sistemlerine entegre edilebilecek
potansiyele sahip otomatik bir glokom tarama yontemi olarak degerlendirilmektedir.
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Article Info Abstract

Research article Glaucoma is a severe optic neuropathy that can lead to irr &’and is often
Received: 16/03/2026 asymptomatic in its early stages. This situation increases the ed and reliable
Revision: 23/06/2026 screening systems, especially those based on retinal fundus images\Th presents a hybrid

Accepted: 16/07/2026 ssical image processing

methods with deep learning-based representatid®s

Keywords processes and exhibiting generalizability. In th® propo: ach, deep features obtained from

the fc7 layer of a pre-trained AlexNet archite \/ colour histograms, Haralick
Glaucoma textural features, LBP and HOG descriptors, a sing the ORIGA retinal fundus
'E'etl')?ﬂ lejgsdslij;c?t?gﬁs dataset. The class imbalance problem was ing the SMOTE method exclusively
A?;X,\,et to the training data, while the high-dingg al feature space was optimised using the MultiSURF
Random Forest algorithm. The selected featurgg obtainclyys gted using Support Vector Machines (SVM),
MultiSURFE Random Forest (RF), and@X# A flers Experlmental results demonstrate that the

The findings reveal fthat the comBime® use of deep and hand-crafted features, supported by
MultiSURF-based fagture sel and balanced learning strategies, offers a robust and stable

screening mewXod with
early diagnosis.

ential to be integrated into clinical decision support systems for

MultiSURF Ozellil*Seégimi 1 lokom Tanisi icin Hibrit Bir Simiflandirma
Yaklasim

Makale Bilgisi

Arastirma makalesi
Basvuru: 16/03/2026

, geri doniisii olmayan gorme kaybina yol agabilen ve erken evrelerinde genellikle
asemptomatik olan ciddi bir optik néropatidir. Bu durum, 6zellikle retina fundus goriintiilerine
ayali otomatik ve giivenilir tarama sistemlerine olan ihtiyaci artirmaktadir. Bu ¢alismada,
glokom tespiti i¢in klasik goriintli isleme yOntemlerini derin Ggrenme tabanli temsillerle
birlestiren, klinik siirecleri destekleme potansiyeline sahip ve genellestirilebilir nitelikte hibrit bir
siniflandirma gercevesi sunulmaktadir. Onerilen yaklasimda, dnceden egitilmis bir AlexNet
mimarisinin fc7 katmanindan elde edilen derin &zellikler, HSV renk histogramlari, Haralick
dokusal 6zellikleri, LBP ve HOG tanimlayicilari ile birlikte ORIGA retina fundus veri seti
kullanilarak birlestirilmistir. Smif dengesizligi sorunu, SMOTE yo6nteminin yalnizca egitim

Hibrit siniflandirma

AlexNet verilerine uygulanmasiyla ele alinirken, yiiksek boyutlu 6zellik alant MultiSURF algoritmasi
Rastgele Orman kullanilarak optimize edilmistir. Elde edilen se¢ilen 6zellikler, Destek Vektor Makineleri (SVM),
MultiSURF Rastgele Orman (RF) ve XGBoost siniflandiricilart kullanilarak degerlendirilmistir. Deneysel

sonuglar, onerilen hibrit g¢ercevenin, glokomlu bireyleri glokomsuz bireylerden yiiksek
dogrulukla ayirt edebildigini gostermektedir. Ozellikle, Rastgele Orman modeli %96,92
dogruluk, 0,939 F1 puani ve 0,994 AUC degeri ile en yiiksek performansi géstermistir. Bulgular,
MultiSURF tabanli 6zellik secimi ve dengeli 6grenme stratejileriyle desteklenen derin ve el
yapimu Ozelliklerin birlesik kullaniminin, glokom tespiti igin saglam ve istikrarli bir ¢éziim
sundugunu ortaya koymaktadir. Onerilen yaklasim, erken teshis i¢in klinik karar destek
sistemlerine entegre edilebilecek potansiyele sahip otomatik bir glokom tarama yontemi olarak
degerlendirilmektedir.

*Corresponding author, e-mail: kubra.keser@dpu.edu.tr DOI: 10.29109/gujsc.1910949
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1. INTRODUCTION (GIRiS)

Medical imaging is an indispensable diagnostic tool
that enhances the effectiveness of diagnostic and
treatment  processes by enabling detailed
examination of organs, tissues, and systems in the
human body. In modern medical practice, it offers
the possibility of detecting and characterizing
pathologies at an early stage by visualizing internal
body structures using non-invasive or minimally
invasive methods. The techniques used provide
critical data for diagnosis, monitoring, and
treatment planning [1,2]. However, the quality of
the images obtained can sometimes be limited due
to physical constraints and artifacts such as
radiation exposure, tissue contrast, resolution, and
noise. To overcome these limitations and improve
clinical interpretability, advanced methods and
digital image processing have been developed [2,3].
In recent years, the application of deep learning-
based algorithms in image enhancement techniques
has yielded promising results in noise reduction,
resolution enhancement, and transformations
between different structures [3]. Understanding the
anatomical structure of the eye is necessary to
understand how these advanced imaging metho@
and deep learning algorithms detect glaucomateyg
damage.

nerve impulses. It consists of three main |
fibrous layer (sclera and cornea), t
(choroid, ciliary body, and iris), and t
(retina) (Figure 1). The sclera4

colored part of the eye, and
ole in the centre, regulates the

contains es that adjust the curvature of the
lens, providing focusing. It also produces the
intraocular fluid known as aqueous humour. The
choroid, situated between the retina and the sclera,
nourishes the retina through its dense vascular
structure. The retina contains photoreceptors (rod
and cone cells) that convert light into electrical
signals. It is the most critical structure where vision
occurs [4]. Light first passes through the cornea, the
transparent and translucent structure on the front
surface of the eye, which begins to refract the light
[5]. Behind the cornea lies the iris, which acts as a
diaphragm to regulate the amount of light entering

the eye; the space in the centre of the iris is called
the pupil. Behind the iris is a lens that, by changing
its shape (accommodation), allows light to be
focused clearly onto the retina [4]. Images entering
the eye are formed upside down and reduced in size
on the retina, which contains photoreceptor cells.
These signals are then transmitted to the brain via
the optic nerve, resulting in vision [6].

of the eye (Goziin anatomisi)
disorders affect various

Pew(lamage, often driven by elevated
: ar pressure (IOP) or structural sensitivities
pendent of pressure [7,8]. Commonly known as
gk water" among the public, this condition leads
& irreversible vision loss and typically progresses
asymptomatically until advanced stages [7,8,11].
Chronic impairment of the eye's fluid drainage
system leads to elevated IOP, which exerts
mechanical stress on delicate nerve fibers and
causes permanent damage to the optic nerve
[11,12]. If left untreated, the initial loss of
peripheral vision can advance to central vision
impairment and eventually lead to blindness.
Factors such as high I0P, advanced age, family
history, ethnic background, and corneal thickness
significantly increase the risk of developing
glaucoma [13].

Glaucoma treatment aims to stop or slow optic
nerve damage by lowering intraocular pressure.
Current treatments do not completely cure the
disease, but they largely control its progression.
Some of these treatment methods include drug
therapy, laser treatments, surgical treatment.
Glaucoma is difficult to diagnose, primarily due to
its insidious progression without symptoms, the
inadequacy of a single test, and the slow progression
of the disease. The condition most often confused
with or associated with glaucoma is ocular
hypertension. In fact, ocular hypertension is a
condition that does not yet have glaucoma but
carries a risk of developing it.
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When a patient is found to have high intraocular
pressure (IOP), that patient is at high risk of
developing glaucoma. However, if nerve damage
has not yet begun, it is not yet glaucoma [11].
Radiologists and ophthalmologists closely monitor
patients with ocular hypertension. If signs of
damage to the optic nerves or visual fields appear in
these patients, the diagnosis changes from ocular
hypertension to glaucoma. Therefore, prioritising
optic nerve health in diagnosis, rather than solely
focusing on pressure values, is critically important.

In diagnosing glaucoma, tests are used to detect
optic nerve damage, IOP, and visual field losses.
Intraocular Pressure Measurement (IOP) is the most
common and standard method, using a Goldmann
applanation tonometer. This device gently touches
the cornea and measures the force required to resist
pressure. Optic Nerve Assessment checks for
possible damage to the optic nerve, specifically
thinning and cupping of the optic nerve head.
Glaucoma typically leads to increased cupping in
the optic disc. The optic nerve is directly examined
using an ophthalmoscope after dilation of the pupils
or via fundus photography. The radiologist
determines the degree of damage by assessing tr@
cup-to-disc ratio in the optic disc [11]. A visual fielg
test is used to determine the functional impact of t
disease on vision, specifically to assess whe ‘

vision. Glaucoma typically
peripheral vision loss ovepali

gle of the eye is

cial lens [16]. Corneal

easured by a tonometer. In
thin corneas, the tonometer may

lower than wusual, while in
individuals with thick corneas, it may display an
IOP higher than usual. This measurement is
necessary for a more accurate interpretation of the
IOP assessment [11]. OCT allows for high-
resolution measurements of the optic nerve head
and peripapillary retinal nerve fibre layer, and these
structural abnormalities can be objectively detected
at the micrometre level, often earlier than visual
field defects, enabling the monitoring of
progression. Therefore, OCT parameters are

frequently used in the clinical monitoring of
glaucoma progression [17,18] .

Kaya and Bilgen [19], highlight a study focusing on
the use of Vision Transformer (ViT)-based hybrid
learning methods. The study aimed to develop a
high-accuracy model for glaucoma detection. In one
of the proposed models, the CLAHE (Contrast-
Limited Adaptive Histogram Equalization) filtering
technique was used to enhance contrast before ViT.
The proposed Fine Tune VIiT-PCA-SVM and Fine
Tune VIiT-LDA-SVM hybrid modgls achieved a
classification success rate of 92%.

system to classify glacom
with high accuracy j i
glaucoma detection fr.
Glaucoma Clasgificati (CoG-NET), this

3% accuracy, 0.95

te diagnosis from OCT images.
Xception, and a proposed

. Accuracy rates of 95.36%, 98.2%, and
% were achieved with the Xception and
eption  CNN architectures,  respectively.
Furthermore, it was emphasized that the proposed
architecture achieved better results than other
methods in classifying diabetes and normal
conditions by disease type.

Ayan and Serttas [22] used deep learning methods
in their study on the classification of retinal
diseases. The study, which aims to enable automatic
classification of diseases and improve diagnostic
processes, includes CNN and transfer learning
models. Each model was evaluated in detail using
criteria such as accuracy, sensitivity, recall, and F1
score. Sudhan et al. [23] in their study focusing on
segmentation and classification methods using a
deep learning model, aim to propose and develop a
deep learning-based system for early diagnosis
using retinal images. The study utilizes the ORIGA
dataset with a U-Net architecture and DenseNet-201
Deep Convolutional Neural Network (DCNN). The
performance of the proposed model was evaluated
using parameters such as accuracy, precision,
sensitivity, specificity, and F-score. Accuracy was
98.82% during training and 96.90% during testing.
Ugar [24], aims to implement and compare the
performance of CNN methods using digital fundus
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images obtained from a newly created dataset. The
study includes VGGL16, Inception-V3, EfficientNet,
DenseNet, ResNet50, and MobileNet architectures.
Among the models, the DenseNet architecture
recorded the highest accuracy rate in glaucoma
detection with 96.19%. Gok and Tasdemir[25]
present an approach combining deep learning
methods and CLAHE for the automated diagnosis
of retinal diseases from fundus images. The aim of
the study is to develop a computer-aided diagnostic
system. MobileNet, VGG16, and DenseNetl169
models were used for classification. Accuracy rates
were 92.5% for MobileNet, 91% for VGG16, and
91.7% for DenseNet169, respectively.

Sahin Sadik [26] extracted correlation, energy,
homogeneity, contrast, and entropy features from
photographs for glaucoma detection using the Gray
Level Simultaneity Matrix technique. He employed
recurrent neural networks, classification and
regression tree algorithms, and the k-nearest
neighbor algorithm. He found classification success
rates to be an average of 86.7% with k-NN, 87.8%
with decision trees, and 96.7% with the artificial
neural network (ANN) algorithm. ¢

Thakur and Juneja [27] utilize hybrid feat

bined image processing and
ine learning approaches for the
tion of glaucoma. Three different
CNN models (Residual Network
(ResNet), Visual Geometry Group Network
(VGGNet), GooglLeNet) were used, and their
results were combined. The model's performance
was tested on five different datasets (DRISHTI-GS,
DRIONS-DB, HRF (High-Resolution Fundus),
PSGIMSR Dataset, and Combined Datasets). With
the proposed structure, 91.13% accuracy, 86.58%
sensitivity, and 95.21% specificity were achieved in
PSGIMSR, while 98.67% accuracy, 100%
sensitivity, and 97.40% specificity were achieved in

HRF. Latif et al. [29] evaluated transfer learning-
based models integrated with discrimination maps
such as AlexNet, ResNet, and VGGNet on five
datasets. They reported that the proposed ODGNet
achieved 95.75% accuracy, 94.90% specificity,
94.75% sensitivity, and 97.85% positive predictive
value on the ORIGA dataset.

Sonti and Dhuli [30], focus on developing a novel
CNN model for glaucoma detection and
classification from retinal fundus images. They
present the KR-NET model, a
architecture. Region of Interest (ROI)
data augmentation technique

applied. The results h&

the balanced
M)31] categorized fundus
ories. They reported that the

methods in

identifying the
category. The model's
nce metrics were: Mean accuracy: 92.96%,
Sensitivity for suspected
95.12%, and Sensitivity for true

glaucoma: 93.98%.

Yildirm and Ozbay [32] used Convolutional Neural
Network models such as AlexNet, ResNet-18,
VGG16, SqueezeNet, and GoogleNet for glaucoma
detection and examined the accuracy, sensitivity,
specificity, and F1-measure values of each model.
They stated that VGG16 showed a sensitivity of
97.96% in the test dataset, while the best values for
specificity, accuracy, and F1-measure were
obtained with GoogleNet at 98.97%, 97.98%, and
98%, respectively.

Camara et al. [33] aim to examine the current state
and most up-to-date methods of artificial
intelligence and deep learning techniques used for
screening, segmentation, and classification in
glaucoma diagnosis. It is stated that deep learning
techniques exhibit high sensitivity and specificity in
glaucoma screening.

Thanki [34] presents a hybrid approach for
glaucoma detection from retinal fundus images and
aims to develop a computer-aided triage system for
classifying retinal images. A deep CNN model
called SqueezeNet is used. Additionally, six
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different machine learning classifiers (kNN,
Decision Tree, SVM, Random Forest, Naive Bayes,
and Logistic Regression) are included. The system

was tested on the DRISTHI-GS1 and ORIGA
datasets. It was determined that Logistic Regression
was the best classifier for both datasets.

Table 1. Brief summary of the literature (Literatiiriin kisa 6zeti)

Dataset Methods and Algorithms Used Performance Success Study
CLAHE+ Finely Tuned ViT-PCA- Kava and Bilgen
SMDG-19 SVM / ViT-LDA-SVM Hybrid 92.00% Y g
[19]
Models
Drishti-GS 95.3% accuracy,
RIM-One 0.95 Sensitivity,
REFUGE CoG-NET 0.99 Specificity Juggjaetal. [20]
ACRIMA
. . 98.20 % (Xception), 97.51 %
i ot (ncepon AN e
P P 95.36 % (InceptionV/3)
REMID CNN and Transfer Learning n and Serttag
Models
U-Net Architecture + DenseNet- Sudhan et al.
ORIGA 201 DCNN [23]
VGG16, Inception-V3,
Large-scale Data Set  EfficientNet, DenseNet, ResNet50, Ugar [24]
MobileNet
i - 0, i 0,
IDRID, Oculur re CLAHE + MobileNet, VGG1§, 6 (MobjleNet), 91.70% Gék and

cognition, HRF, and

. DenseNet169 Modelleri @
various other sources

Gray Level Co-occurr

HRF Database ANN, CART, k-NN

DRISHTI-GS ve
RIM-One

PSGIMSR
DRISHTI-GS
DRIONS-DB
HRF

Combined

ResNeQVGGNet, GooglLeNet

exNet (fc7) + MultiSURF +
RF/SVM/XGBoost

se 9), 91.00%
)

0% (ANN), 87.80%

Tasdemir [25]

fecision trees), 86.70% (k-NN) Sahin Sadik [26]
97.22% (Test/Train Distinction Thakur and
0, -
Accuracy), 93.20% (5-Fold Juneja[27]

Cross-Validation)

PSGIMSR 91.13% accuracy
86.58% Sensitivity ve 95.21%
Specificity

HRF 98.67% accuracy, 100%
Sensitivity ve 97.40%
Specificity

Joshi et al. [28]

96,92% accuracy, 0.939 F1 score

ve 0.994 AUC This work

jovesptgating glaucoma detection have
primarily T@used on manual feature extraction or
deep learning models (Table 1). However, these
approaches fail to effectively capture nonlinear
feature interactions in retinal images, which are
critical for accurate classification. To obtain
consistent and reproducible results, the selection of
multidimensional image features and balanced
datasets, combined with the application of image
processing methods and deep learning-based feature
extraction, is necessary. This study presents a
glaucoma classification framework with clinical
integration potential, combining MultiSURF-based

selection of multidimensional image features, a
SMOTE-balanced dataset, and independent test
evaluation.

- The ORIGA Retina Fundus dataset was used to
automatically differentiate between individuals
with glaucoma and those with healthy eyes using a
machine learning-based model.

- Both image processing methods and deep
learning-based feature extraction are incorporated
to create a multi-stage classification system.

- Thanks to the effective combination of
MultiSURF's hand-crafted and deep features, the
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high-dimensional feature space is significantly
optimized.

- SMOTE is integrated as a controlled balancing
tool that strengthens the decision frontier. This
integration ensures high accuracy while maintaining
the model's stability against different class
distributions.

The demonstrated performance offers not only
metric superiority but also the potential for
adaptability to a wide range of clinical data.

2. MATERIALS AND METHODS (MATERYAL
VE METOD)

2.1.Data Set and Experimental Environment
(Veri Kiimesi ve Deneysel Ortam)

This study utilised ORIGA (Online Retinal Fundus
Image Database), a widely used standard dataset, to
develop a classification model for glaucoma
detection[35,36]. The dataset consists of colour
fundus images labelled as glaucomatous and non-
glaucomatous. This study wused a hybrid

ORIGA Dataset (Train/Test)

Dataset preparation and splitting

Extracting relevant image
features

Selecting the most informative
features

<

Performance Evaluation

Assessing model accuracy and
performance

Figur

iNg (Gériintii On Isleme)

raction, a standard preprocessing
applied to all fundus images. All
images were rescaled to 224 x 224 pixels, and pixel
values were normalised to comply with the input
requirements of the AlexNet architecture used in the
deep learning-based feature extraction phase. To
achieve more stable colour representations, images
in the RGB colour space were converted to the HSV
colour space.

RGB defines colours in terms of the intensity of
light sources. Changing the value of each colour
component (R, G, B) causes unintuitive and

classification framework, and predefined sections
of the dataset were used. According to the
experimental setup, the training set consisted of 454
images (337 healthy controls and 117
Glaucomatous) to allow the MultiSURF algorithm
to optimize its feature space. The independent
testset consisted of 196 images (145 healthy
controls and 51 Glaucomatous) to extensively
evaluate the generalization ability of the trained
models. The same method was also tested on
Drishti-GS[37] and RIM-ONE-r3[38,39] data.
Experiments were conducted in
environment on Google Colahgulsi
Libraries such as Open@V4sci
PyTorch, and XGBoost vere B

ensured by
stabilising sources o Intermediate
outputs resulti

cached ¢&

workflowgof the
shown im

ige computational cost. The
framework in the study is

ofg

®
.

5]
5

I

<]
5]

Preprocessing

Image enhancement and resizing

Combining features for
comprehensive analysis

Training and evaluating
classification models

Workflow of the proposed framework (Onerilen gergevenin is akisi)

complex effects on colour. HSV defines colours
using three properties that are much closer to how
the human eye perceives a colour. H (Hue) is the
angular position around the colour wheel that
expresses the type of colour. S (Saturation)
expresses the purity or intensity of the colour. V
(Value/Brightness) expresses how light or dark the
colour is. In this model, the lighting and colour
content components of an image are separated. The
advantages of HSV in terms of intuitive colour
manipulation, ease of image processing and
analysis, greater resilience to lighting changes, and
easy thresholding have made this transformation
necessary. This transformation is seen in
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applications such as object recognition and tracking,
image segmentation, colour correction and filtering,
and skin tone detection [40-44].

Table 2. Dimensional distribution of the extracted hybrid feature space components (Cikarilan hibrit 6zellik

uzay! bilesenlerinin boyutsal dagilimr)

Feature Extraction Method Feature Type Vector Dimension
HSV Color Histograms Color / Statistical 96
Haralick (GLCM) Texture 13

Local Binary Pattern (LBP) Texture / Local 59
Histogram of Oriented Gradients (HOG) Shape / Edge 6084
AlexNet (FC7 Layer) Deep Feature 4096

Total Combined Feature Space

2.3.1. HSV colour
histogramlari)

Each channel was partitioned into 32 bins, and the
resulting histogram values were concatenated to
obtain a 96-dimesional statistical colour feature
vector. This representation efficiently captures the
chromatic layout of the fundus images, while
maintaining computational efficiency.

2.3.2. LBP and HOG properties (LBP ve H.OG
ozellikleri)
Handcrafted textural and shape descriptors_we
extracted to add detailed geometric an
structures to the color metrics. Haralic
descriptors were first calculated from t
Level Co-occurrence Matrix (GL
Mahotas library to extra i
properties like contrast,

histograms  (HSV  renk

LBP features were
micro-leve

(fc7 Katmani) derin 6zellikleri)
AlexNet is a pioneering deep CNN architecture that
revolutionised deep learning in computer vision by
winning the ImageNet Large Scale Visual
Recognition Challenge (ILSVRC) in 2012 [45]. The
model's key importance lies in depth, GPU
utilisation, and over-coherence reduction [46].
AlexNet paved the way for modern deep learning
architectures (VGG, ResNet, etc.) [45,47]. It can be
used for various purposes, such as Basic Image
Classification, Feature  Extraction, Transfer

Hybrid Vector 1@\

et or EfficientNet
rates, but the large
parameters pose a risk of
in small medical image

uce the computational cost and
ining time, and can extract stable
from our existing dataset without

architecture, pre-trained on the ImageNet dataset,
were used for deep representation learning. The FC7
layer was preferred because it offers more
distinctive and abstract semantic representations in
terms of classification, rather than low-level texture
and edge information compared to earlier layers
(e.g., FC6). This aims to model glaucomatous
structural changes more effectively. These in-depth
features represent high-level structural patterns that
are difficult to capture with classical methods.

2.4. Feature Combining and Representation
Space Creation (Ozellik Birlestirme ve Temsil Alani
Olusturma)

A comprehensive feature matrix was created by
combining HSV histograms, Haralick textural
features, LBP/HOG descriptors, and deep features
extracted from the fc7 layer of AlexNet. The aim at
this stage is to collect the colour, texture, and deep
representation information obtained from the image
into a single unified structure and to obtain a richer
representation space for classification models.
2.4.1. Addressing class imbalance
dengesizliginin ele alinmast)

The presented study's ORIGA dataset comprises a
total of 650 retinal fundus images. Of these images,

(Sinuf
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178 belong to individuals with glaucoma, and 472
belong to healthy individuals. The fact that the
glaucomatous class constitutes 27.3% of the total
data and the healthy class constitutes 72.7% clearly
reveals a significant class imbalance in the dataset.
This unbalanced structure carries the risk that the
glaucomatous samples may not be adequately
represented by the model. Therefore, the Synthetic
Minority Over-sampling Technique (SMOTE)
method was preferred for application to the training
set within the scope of the study. Thus, the aim was
to enable the model to learn the minority class
samples more accurately and to improve the
classification performance in general. These
distributional characteristics of the dataset serve as
an important reference point in evaluating
experimental results.

SMOTE is used in machine learning when there is
an imbalance between classes in the dataset. Unlike
simple oversampling methods that only copy
existing samples, it reduces the risk of the model
memorising by generating synthetic samples.
Synthetic samples help the classifier learn a strongu
decision boundary by expanding the boundaries g
the minority class in the feature space. The aim isto

minority class correctly [50]. It uses
approach to create synthetic

2.5. Feature with  MultiSURF
(MultiSU

In 0 preliminary  experiments  with
tradi p selection methods (e.g., PCA and
mutual ation) showed less  stable
performance; therefore, MultiSURF was chosen

due to its ability to model higher-order feature
interactions and implemented using the Scikit-
rebate library. Furthermore, we used the
MultiSURF algorithm to extract the most
discriminative features from the combined high-
dimensional feature vector. In this study, 300 of the
most informative features were identified through a
selection process performed on the exact 10,348-
dimensional feature space (the detailed distribution
of which is given in Table 2). The classification

phase used only these selected features to optimize
the overall accuracy and generalizability of the
model. Only these selected features were used in the
classification phase to optimise the overall accuracy
and generalizability of the model.

2.6. Classification

Cergevesi)

Framework (Siuflandirma

Machine learning algorithms, such as Random
Forest, XGBoost, and Support Vector Machines
(SVM), are among the fundamental methods widely
used in classification and regress problems,
whose performance is freq

Forest (RF), and
(XGBoost) classifiers.
on the training

is to identify a hyperplane
elonging to different classes
h the broadest possible margin
s. The SVM algorithm uses only
ectors to determine the decision boundary.
This\feature enhances the algorithm's robustness
agaj/st noise and outliers [54]. What makes SVM
Particularly powerful is that it can be used even
when the data cannot be linearly separated. It is
widely used in various applications in the field of
machine learning, including bioinformatics and
medical diagnostics, text classification, image
processing, and face detection [55].

RF is a robust ensemble learning algorithm that
combines multiple decision trees, used primarily for
classification and regression tasks [56]. It is formed
by combining numerous individual decision trees.
Each of these trees is trained on a random subset of
the dataset. This ensemble approach compensates
for the weaknesses of individual trees, providing
higher accuracy and generalisation ability. It has
two main mechanisms: Random sampling and
feature randomness, which ensure diversity among
the trees [56]. ue to its main advantages, it is
frequently used in finance, healthcare, e-commerce,
and image processing [56,57].

XGBoost is an effective and popular ensemble
learning algorithm used for both classification and
regression problems in machine learning [58]. It has
gained fame for its high performance, especially in
data science competitions such as Kaggle. XGBoost
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is based on the Gradient Boosting framework, but it
optimises it in terms of speed, performance, and
resource utilisation. Its working mechanism is a
combination of ensemble learning and optimisation.
It is used in various fields, including financial risk
modelling,  medical  diagnostics,  demand
forecasting, and pricing [58,59].

2.7. Performance Evaluation Criteria (Performans

Degerlendirme Kriterleri)

Key metrics, including accuracy, precision, recall,
and F1-score, were calculated to evaluate the
performance of the classifiers [60,61]. In addition,
area under the ROC curve (AUC) values were
obtained to analyze the discrimination performance
of the models.

A _ TP +TN (1)
ey = TP TN + FP + FN
. TP 2)
Precision = m
TP 3)
R = —
ecall = 75N .&
2.TP
F1 Score =

2.TP+FP+FN
3. RESULTS (BULGULAR)
This study aims to automatica

between individuals with
without using a machine le

stage classification system. A multi-component
feature fusion strategy is applied to transform the
information obtained from retinal fundus images
into a more comprehensive and highly
representative structure. In the first stage,
histogram-based features based on the Hue channel
are calculated to more accurately model the colour
components and pigment distributions of the
images. Subsequently, LBP, which reflects the
microstructural patterns of the fundus tissue, HOG,
which defines large-scale edge origntations, and

vascular density,
pathological chang
addition to classical
features, a pre-trai
is used ¢&

tions

is used as the deep feature
ion/of the hybrid model. Additionally,

toYFM12 were extracted and used only for
ative visualization to show how the network
ally interprets intraocular structures such as the
optic disc and retinal vasculature. These layers offer
a multi-layered representation capacity, ranging
from early-level line and gradient structures to more
complex semantic patterns, which contribute to the
model's more efficient learning of structural
differences. Figure 3 visually summarises the image
processing and feature extraction steps used in the
study.
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Figure 3. Preprocessing and Feature Extraction Images: a) Original b) Preprocessed ¢) Hue
f) Haralick Vector g) AlexNet FM11 h) AlexNet fc7 activations heatmap
(On Isleme ve Ozellik Cikarma Gériintiileri: a) Orijinal b) On Islenmis ¢) Hue d) LBP ¢) HOG f) Haralic

h) AlexNet fc7 aktivasyon 1s1 haritast)

This comprehensive demonstration systematically
reveals how both classical image processing
techniques and deep learning-based feature
extraction processes are applied. The original
fundus image, as shown in Figure 3a, presents the
natural state of the images in the raw dataset.
Variability in brightness, contrast, and colour
balance shows the characteristics of the
preprocessing state. The preprocessed image
Figure 3.b is a noise-reduced version, normali%d
for brightness, colour balance, and sharpened vessg

Thus, basic anatomical structures becofne mor
prominent, and the capacity of machine i
models to capture distinctive patter
Within  the scope of
preprocessing, the Hue ¢
Figure 3.c, highlights pt
optic disc and to
structures. This ial in combating

The LBP image

provides a Rolistic representation of the directional
gradients in prominent geometric structures such as
vessel edges and the optic disc boundary.

Haralick features, another component of texture-
based feature extraction, are shown in vector form
in Figure 3.f. These statistical features, based on
GLCM, include metrics of the image such as
energy, homogeneity, contrast, and entropy. These
features are compelling in capturing irregularities in
the optic disc and surrounding tissue.

m the AlexNet
ap demonstrates that
| filters are susceptible to
egions and the structural
tic disc. Finally, Figure 3.h
on heat map of the AlexNet fc7
high-dimensional representations
abstract and complex features of the image,
ng the basis for the model's decision-making
gess during the classification phase. Thanks to
IS multi-stage approach, the combined use of both
classical image processing techniques and deep
learning-based feature extraction has enabled the
model to create a richer and more distinctive feature
set for glaucoma detection. The multi-dimensional
and rich feature vector obtained at this stage forms
the basis for the sample adjustment and feature
selection steps to be applied in the next section.

Following these procedures, the SMOTE test was
performed. SMOTE was applied only to the training
dataset; no artificial samples were added to the test
set. This approach enabled the model to learn the
glaucomatous class in a more representative manner
during the training process, while allowing for a fair
and unbiased evaluation by preserving the proper
distribution of the test set (Table 3).
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application (SMOTE uygulamasindan énce ve sonra sinif

dagilimi)
. Number of samples Number of samples
Cl D t
ass sseription before SMOTE after SMOTE
0 — Healthy Majority class 337 337 (unchanged)
1 —Glaucomatous Minority 117 337 (ba!anced with
class synthetic samples)
Total — 454 674
Before applying SMOTE, the training set consisted  Importance, Random Forest Imfgrtance, and
of 337 normal and 117 glaucomatous samples. After ~ Mutual Information. To examine the ility of the
SMOTE, both classes were brought to full features selected by Multi ation
equilibrium with 337 samples. This equilibration of  Importance was evaluated model;
the training set contributed to improved learning of  however, due to the to feature

the minority class, particularly in the Random
Forest and XGBoost models, resulting in enhanced
overall classification performance.

A MultiSURF-based feature selection process was
applied to identify meaningful features from the
high-dimensional feature space. MultiSURF was
chosen because of its strong performance |.n
capturing nonlinear relationships, high-oreg
interactions, and subtle interclass distinctio
frequently encountered in biomedical imagi

| stage.
these selected
e, a multi-

kernel-based
scores of this
~ This is a frequently
literature and is explained by
ernel structures are more
corruptions.

permutations inheren
SVM structure,_the i

@y metric; the main comparison was
ing Random Forest importance scores and

gure 4 shows the permutation-based importance
distribution of the 20 most influential features. The
majority of these features are those selected with
high confidence by MultiSURF and strongly model
the differences between glaucomatous and retinal
structures. In line with Figure 4, Table 4 presents the
detailed importance scores of the top 10 most
influential features, as determined by the Random
Forest Importance and Mutual Information results.

Feature 1 |
Feature 2 |
Feature 3 I
Feature 4 |
Feature 5 I
Feature 6 | INEEE——

Feature 7 |

Feature 3 N

Feature 9 [N

Feature 10 I

Feature 11

Feature 12 NN
Feature 13 [N
Feature 14 [
Feature 15
Feature 16
Feature 17
Feature 18
Feature 19
Feature 20
0.0000

0.0001 0.0002

0.0003 0.0004 0.0005

Permutation Importance (A ROC-AUC)

Figure 4. Top 20 permutation importance (En 6nemli 20 permiitasyon)

X
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Table 4. Multiple feature importance analysis after MultiSURF (Top 10 Features) (MultiSURF sonrast ¢oklu

ozellik 6nem analizi (En Iyi 10 Ozellik))

RF
Rank Featu_re N umber Feature Group RF Importance Mutua_l Importance Mi

(orig_index) Information (Norm.) (Norm.)
1 6775 AlexNet fc7 0.002145 0.038357 0.123679 0.444158
2 1371 HOG 0.006340 0.017512 0.506230 0.202785
3 5157 HOG 0.006594 0.029766 0.529361 0.344675
4 1681 HOG 0.003017 0.014212 0.203204 0.164568
5 1370 HOG 0.004190 0.020394 0.310116 0.236153
6 5130 HOG 0.006268 0.009488 0.109869
7 1397 HOG 0.004651 0.073883 0.855537
8 1398 HOG 0.006069 0.045068 .521870
9 4228 HOG 0.002114 0.001647 0.019075
10 947 HOG 0.003733 0.033619 0.389288

Values of orig_index which are the indices of machine learni
features in the original feature vector before feature  These algeri
selection are shown in Table 4In this indexing preferre(?'
scheme the feature 6775 is an AlexNet fc7 deep
feature and features 1371, 5157, 1681, 1370, 5130,
1397, 1398, 4228, 947 are HOG descriptors. The
discriminative power of retinal images §0
glaucomatous and healthy conditions stems fro
the combination of handcrafted gradients
descriptors and deep representations.

3.1 Classification Framework and Per
Evaluation (Smiflandirma Cercevesi\\ve Per

Degerlendirmesi)

e/negative value (18). On the other hand, RF has
® highest false negative value (19). SVM was the
model with the highest number of false negatives
(18). These classification results are detailed
separately for performance evaluation metrics in

The 300-dimensional represén Table 5, and the results obtained on the test set are

after feature selection w; summarised.

SVM Confusion Matrix RandomForest Confusion Matrix XGBoost Confusion Matrix

300 300 300

o 329 8 %0 o 334 3 %0 o 31 6 250

200 200 200

- 150 - 150 - 150

- 18 99 oo 19 98 [0 13 104 - 100
-50 =50 =50

0 1 0 1 0 1

Figure 5. Confusion matrices of algorithms (Algoritmalarin karisiklik matrisleri)

Table 5. Classifier performance results (Test Set) (Siiflandirici performans sonuglari (Test Seti))

Precision Recall F1 Precision Recall F1 Macro
Model Accurac AUC
Y © © () ) L @  Fl
SVM 0.943 0948 0976 0962 0925 0846 0.884 0923 0993
R;‘grde‘;;" 0.969 0971 0988 0979 0964 0914 0939 0959 0.994
XGBoost  0.963 0973 0976 0975 0931 0923 0927 0951 0985




Sarz, Keser / GU J Sci, Part C, 14(X):XX-XX (2026)

Upon examining the results, it becomes apparent
that all models achieved high accuracy rates;
however, there are significant differences in their
performance levels. In particular, the Random
Forest model exhibited the highest overall
performance, with 96.92% accuracy, 93.86%
glaucoma-F1, and an AUC of 0.994. The main
reason for this superiority is that RF can use the
features selected by MultiSURF more effectively
and successfully model the interaction features of its
decision tree-based structure. XGBoost ranked
second with 96.26% accuracy and 92.70% F1 score
for glaucoma. Although RF achieved the highest
overall accuracy and AUC, XGBoost yielded fewer

Table 6. Ablation studies (Ablasyon galigmalarr)

false negatives, indicating a higher sensitivity for
glaucoma detection.

Nevertheless, its AUC value of 0.985 indicates that
the model successfully learned class differentiation.
SVM performed lower than the other two models in
terms of accuracy, with an accuracy of 94.27%. In
particular, the decrease in the recall value to 0.846
in the glaucomatous class indicates that SVM drew
class boundaries more cautiously. However, the
model's AUC value of 0.993 indicates that although
the decision surface learned correctfl, it was only
able to capture minority examples limited
extent.

Configuration Feature Accuracy F1-Sgo

g Dimension (%) (%
1. Baseline Handcrafted Only (HSV + °
LBP + Haralick + HOG) 400+ 88.20 z9'40 0.882
2. Baseline Deep Only (AlexNet fc7) 4096 91. .10 0.941
3. Hybrid Feature Space (No
Selection) (Handcrafted + Deep) %59 89.60 0.963
4. Hybrid Feature Space +
MultiSURF (Dimensionality Reduced) 30 9540 91.80 0.978
5. Proposed Framework (Hybrid 300 96.90 93.90 0.994

SMOTE + MultiSURF + RE
We perform ablation gralysis\to analyze the
influence of each compon ed g the proposed
approach (Table 6). This studWinvestigated whether
abstract coding

selection provide a
efit. From the table, we

features to model complex glaucomatous variations.
On the other hand, the test of the deep feature space
of AlexNet fc7 (Configuration 2) alone increased
the performance, with an accuracy rate of 91.50%,
confirming the representational ability of transfer
learning. With the Hybrid Feature Space
(Configuration 3), a synergistic improvement
(93.10% accuracy rate) was obtained, confirming
the hypothesis that global deep spatial
representations and localized hand-built textures

(LBP/Haralick) complement each other. Finally,
MultiSURF feature selection (Configuration 4) was
able to reduce the size of features from 4,500 to an
optimized 300-dimensional vector and filter
mathematical noise and improve the Accuracy rate

to 95.40%. The entire proposed framework
(Configuration 5) achieved the wvery best
performance  where ~ SMOTE-based  class

stabilization interacts with the vector selected by
MultiSURF under the Random Forest classifier,
stabilizing the model to an Accuracy rate of 96.90%
and AUC of 0.994. This systematic progress
mathematically justifies the real necessity of each
stage in our proposed pipeline.
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Figure 6. Comparison of ROC curves (ROC

egrilerinin karsilagtirilmasi)

When examining the ROC curves of the three basic
classifiers trained using the selected optimised
feature subspace with MultiSURF (Figure 6), it is
revealed that all models generally exhibit high
discrimination power. However, when the area
under the curve (AUC) values are examined, the RF
model (AUC = 0.994) shows superior performangg
compared to the other two models. The XGBd®g
model also demonstrated strong performance, with
an AUC of 0.985. Although SVM achieve igR

samples. Following these evaluations, the AUC and
F1 scores of the models are presented graphically
together for improved comprehensibility and
readability (Figure 7).

A series of metric quantitative evaluations were
performed in order to comprehensively assess the
proposed hybrid feature selection framework
diagnostic capability on three classification models.
Statistical analyses and performance evaluation
were performed in Python (version 3.10) using the
open source libraries Scikit-learg, SciPy and
Statsmodels. The primary
performance was evaluated
measurements such as.ac

dent test set. For
reproducibility and
e findings, 95% Confidence
determined for accuracy,
metrics using a bootstrap
resamplings (Table 7). To avoid
iNg operational assumptions about the
g9 distribution of the data, a non-parametric
was chosen.  Furthermore, the

eature stability were validated by the metrics of
Random Forest Importance and Mutual Information
(MI).

(GA)

F1-Score (95% CI)

AUC (95% ClI)

0.969 (0.952-0.985)

XG) 0.963 (0.943-0.978)

0.884 (0.840-0.924)
0.939 (0.904-0.969)
0.927 (0.890-0.958)

0.993 (0.987-0.997)
0.994 (0.988-0.998)
0.985 (0.966-0.997)

MultiSURF selected the 300-dimensional hybrid
feature vector to achieve high diagnostic limits. The
highest overall classification ability was achieved
by RF, followed closely by XGBoost. The SVM
model demonstrated good discrimination with an
accuracy of 0.943 (95% CI: 0.921-0.963) and F1
score of 0.884 (95% CI: 0.840-0.924). All models
reached nearly perfect AUC discrimination levels,
with the ranking being RF, SVM, and XGBoost.

Statistically, the wvery tight 95 % confidence
intervals in all measurements mathematically prove
that the high performance does not come from data
dispersion or overfitting. Furthermore, it shows that
the nonlinear feature interactions obtained from the
combination of hand-crafted (HSV, GLCM, LBP,
HOG) and deep (AlexNet fc7) feature domains
result in a highly stable and robust geometric
representation for automated glaucoma detection.
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Figure 7. AUC-F1 model comparison graph (AucC-
F1 model karsilagtirma grafigi)

These graphs show a result which again supports the
ROC findings. RF showed the best performance not
only in terms of AUC but also in terms of F1 score
(F1=0.939). Second, the XGBoost model achieved
an F1 score of 0.927, and the SVM model was last
among the models with an F1 score of 0.884. When
considering these metrics, the RF model had better

Table 8. Comparison of frozen classifiers performance acr
external validation (Without re-training) (Coklu kohortlu harici do

dondurulmus siniflandirict performansinin karsilagtirilmasi (Yenideglegiti olmadan

class separation (AUC), more balanced error rate
(F1), and overall higher stability when the feature
set optimized by MultiSURF was used.

To assess the clinical generalizability of the
proposed framework and mitigate concerns about
overcompliance, multiple cohort external validation
was performed.The pipeline was enhanced by two
new external datasets, which are entirely
independent from each other: the Drishti-GS dataset
(50 images: 18 normal, 32 glaucoma) and the more
complete RIM-ONE-r3 dataset (199 images: 85
healthy, 74 glaucoma and suspects)
raw images of both out-
directly input into 313

ma igin bagimsiz veri kiimeleri genelinde

Dataset Model ACH 1-Score (%0) AUC Score
Drishti-GS SVM 92.00% 89.47% 0.955
(50 Images) Random Forest 7 91.15% 0.976
XGBoost 0.00% 87.10% 0.942
RIM-ONE-r3 SV 91.19% 90.28% 0.948
(159 Images) ndom PQrest 93.08% 92.41% 0.965
1 XGBgpst 89.31% 88.15% 0.931

showed a high diagnostic
nt imaging profiles and
Drishti-GS cohort, Random
as the most efficient one with
and 0.976 AUC. The model also

in the larger and more
heterogeneous RIM-ONE-r3 cohort compared to
the same Random Forest, with 93.08% accuracy,
92.41% F1 score and 0.965 AUC. These large scale
empirical tests mathematically demonstrate that our
multi-feature hybrid architecture captures stable
pathological biomarkers. Studies on this topic found
in the literature are compared in Table 9.
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Table 9. Comparative evaluation (*Only the positive results obtained were included in the studies) (Karsilastirmal

degerlendirme (*Caligmalara yalnizca elde edilen olumlu sonuglar dahil edilmistir)

Material Method Accuracy / AUC / vs. Ref.

Acc: 90.00%
Sen: unspecified

Fundus Images CNN-ensemble Spe: unspecified [61]
AUC: unspecified
Acc: 95.61%
Sen: 89.58%
Fundus Images 13-layered CNN + SVM Spe: 100.00% [62]
AUC: unspecified
Acc: unspecified
Fundus Images CNN (Wltl’_l dn"ferent_ONH Seni unspec!f!ed 63]
crop/peripheral retina) Spe: unspecified
AUC: 0.940 ®
Pre-trained CNN models +
Fundus Images classifier fusion (ensemble) [64]
CNN + attention module
Fundus Photographs  (CBAM), Fundus photographs (in [65]
the high myopia group)
Fundus Images functional CNJ¥, [66]
. . Acc: unspecified
Multiple DL mgdeling + , 0
Fundus Images i i Sen: 93.00% [67]

Spe: 95.00%
AUC: unspecified

Acc: 93.45% +/- 2.45%
Sen: unspecified

Spe: unspecified

AUC: unspecified

5 .
Acc: 96.00%
Digital Fun PCA+ SVM (RBF, y=1.5), 10-  Sen: unspecified [69]
Images fold CV Spe: unspecified
%J AUC: unspecified

[68]

Acc: unspecified

SVM + Mutual Information Sen: unspecified

feature selection Spe: unspecified
AUC: 0.930

Acc: unspecified

Sen: unspecified

[70]

DenseNet121 (global) +

Retinal Fundus ResNet50 (local disk

[71]

Image . Spe: unspecified
segmentation) AUC: 0.940
Acc: unspecified
Color Fundus . . Sen: 95.6%
Photographs Inception-v3, fundus images Spe: 92% [72]
AUC: 0.986
. 0,
Hybrid Features (AlexNet-fc7 + 'ggg 33? ggcy/o This
Fundus Images HSV + Haralick + LBP + HOG) + Spe. 98'200/2 work
SMOTE + MultiSURF + RF AUC: 0.994

X
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The accuracy of modeling the global fundus
architecture typically ranges from 90.00% to
93.45% with traditional deep learning approaches or
regular convolutional ensembles (e.g.,[61,64]).
Furthermore, methods incorporating classical
dimensionality reduction, such as independent
SVM classifiers and PCA [69] or mutual
information [70] achieve high accuracy (~96.00%)
or stable AUC (0.930), but fail to capture complex
spatial depth feature semantics.The proposed
framework explicitly integrates these two domains
by achieving a trade-off through a unified hybrid
scheme, unlike existing methods. Our workflow
combines high-level semantic abstractions of
AlexNet-fc7 (4096 dimensions) and microstructural
handcrafted features (HSV histograms, Haralick
textures, LBP and HOG) to address the multimodal
nature of glaucomatous updates. The proposed
Random Forest scheme with the SMOTE balance
management and the MultiSURF feature selection
protocol achieved the most advanced representation
in the benchmark test, obtaining 96.90% accuracy,
93.90% sensitivity, 98.20% specificity and 0'9961
AUC. This finding confirms the hypothesis that®
is more efficient, especially for complex and hig
dimensional glaucoma datasets, due ig
diversified tree structure and noise-toler

clinical boundaries than
reported in the literature

ework in larger and more
lobal clinical registries is still

is the absence of a real-time, independent clinical
review cycle within the diagnostic pipeline. The
framework provides a complete computational
decision support system based on static fundus
images. This framework should be extended from
the laboratory prototype to a clinical application
tool integrating multimodal clinical feedback and
multimodal diagnostic data in future studies.

4. CONCLUSIONS (SONUCLAR)

We propose a glaucoma detection framework by
combining classical descriptors (HSV, Haralick,
LBP/HOG) with deep features extracted from
AlexNet-fc7 layer. The generated high dimensional
feature space is optimized using MultiSURF
algorithm and class imbalance is rigorously handled
using SMOTE during the training phase to avoid
data leakage. The RF model performed best among
the classifiers tested with an accuracy of 96.92%, F1
score of 0.939 and AUC of 0.994. Igportantly, the
model validity was not confined to a le dataset

Drishti-GS and RIM-Q|
consistent  performan
proposed framework4

The
a supportive
early screening

d visual field, analysis of

ith explainable artificial
) methods, and study of
rchitectures to allow real-time
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