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An Efficient Glaucoma Classification for Fundus
Images by Pre-Trained Deep CNNs and
Accuracy-Weighted Voting Classifier Fusion

Salam Jabbar Edan 1, Mohammad-Reza Feizi-Derakhshi 1,2,*

1 Department of Computer Engineering, Faculty of Electrical and Computer Engineering, University of Tabriz, Tabriz, Iran
2 College of Engineering, Uruk University, Baghdad, Iraq

ABSTRACT

Glaucoma, a chronic eye disease characterized by progressive optic nerve damage, remains a significant public
health concern worldwide. Early and accurate diagnosis is crucial for timely intervention and preventing irreversible
vision loss. In this paper, developed an approach for glaucoma classification utilizing pre-trained convolutional neural
networks (CNNs), specifically ResNet-101, ResNet-18, and DarkNet-19. Also employed accuracy-based weighted voting
as a classifier fusion technique. Leveraging the capabilities of these CNN architectures, extract high-level features
from retinal fundus images and apply transfer learning to adapt the networks for glaucoma classification. Leveraging
the capabilities of these CNN architectures, extract high-level features from retinal fundus images and apply transfer
learning to adapt the networks for glaucoma classification. To enhance classification performance, a fusion strategy
based on accuracy-weighted voting is introduced, where the contribution of each classifier is weighted by its individual
accuracy on the validation set. Experimental evaluations conducted on three glaucoma datasets—ACRIMA, RIMONE-v2,
and Drishti-GS—using an 8:2 ratio for training and testing yielded promising results: 99.3% accuracy for the ACRIMA
dataset, 95.6% accuracy for the RIMONE-v2 dataset, and 90% accuracy for the Drishti-GS dataset. These results confirm
the efficiency of the approach proposed in the current study, particularly with regard to the accuracy of glaucoma
diagnosis across different datasets. By enabling intervention after early detection, this approach could have a significant
impact on glaucoma management, which in turn improves patient outcomes.

Keywords: Classifier fusion, Convolutional neural network, Deep learning, Glaucoma classification, Transfer learning

Introduction

Glaucoma is a widespread eye condition caused by
optic nerve damage that links the brain with the eye.
Chronic vision loss could be the result if it is left
untreated. Worldwide, it ranks as the second most
prominent cause of blindness. It is often called the
“silent thief of sight” due to its undetectable nature
in the early stages.1

In recent years, there has been a rising number of
glaucoma patients reported globally, as indicated by
the World Health Organization (WHO).2 It is antici-
pated that the prevalence of glaucoma will increase

from 64 million to 76 million by 2020 and reach
111.8 million by 2040. Africa and Asia are likely to
experience a more significant impact compared to
other regions due to a shortage of trained ophthal-
mologists for diagnosis.3,4 Therefore, this illness is
considered as an important public health issue, and
early detection is essential to prevent blindness.

Presently, there is a significant advancement in
Computer-Aided Diagnosis systems based on medical
images, aimed at providing doctors with secondary
diagnoses or medical decisions support.5 Therefore,
authors have produced extensive efforts to achieve
remarkable and robust throughputs concerning
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image recognition, object detection, and classifica-
tion. The efficiency of the proposed solutions is
affected by diverse important factors such as quality
solutions, computational efficiency, feature complex-
ity, methods or techniques used, and domain-specific
constraints. Recently, Deep learning has played a sig-
nificant role in the extraction features mainly through
its CNN technique which extracts features from image
pixels by a convolutional operator. CNN is considered
highly effective for image detection and recognition
due to its need for minimum rate for preprocessing
compared to competitors’ algorithms. The CNN ar-
chitecture has several layers to process the images
input such as convolutional, pooling, activation, and
FC layers on the other side, it includes various layers
in the training and testing processes for image clas-
sification.6 Additionally, clustering techniques have
become increasingly important, aiding in the identi-
fication of patterns and the organization of data into
meaningful groups, enhancing the diagnostic process
and improving the accuracy of automated systems.7

In the medical diagnostics sector, deep CNNs have
been deemed robust tools for analyzing image which
process complex features from images automatically
to make it a powerful pattern recognition approach
that points out to a disease.8 To overcome limita-
tions arising from a scarcity of input samples and
computational resources for running deep learning
methods, transfer learning by pre-trained CNNs such
that ResNet-101, ResNet-18, and DarkNet-19 are
frequently utilized in developing of deep learning
frameworks. This technique leverages the weights
and parameters learned from prior large labeled
datasets and adapts them to the new task.2

On the other side, several attempts’ studies have
been conducted to find a solution for such issue by
training different classifiers such as classifier fusion to
avoid the limited capability for individual-optimized
deep CNN which is not adopted for various datasets.
The fusion classifier produced a promising solution
in the individual-optimized deep CNN using a set of
diverse deep CNNs rather than a single architecture.
Thus, presenting a fusion approach for different deep
CNN models is needed to gain the capability of single
classification.2 Various studies have indicated that
traditional classification methods are unsatisfactory
due to the challenges associated with the feature
extraction process.9 Therefore, the main objective
of this study is to develop a method based on pre-
trained CNNs and accuracy-based weighted voting
as a classifier fusion technique for better classifies
fundus images into two groups: “Glaucoma” or “Non-
Glaucoma”. Three different pre-trained deep CNNs
models such ResNet-101, ResNet-18, and DarkNet-19
are fused in parallel. the output scores are optimized

using accuracy-based weighted voting as a classifier
to find the best deep CNNs combination. Also, this
proposed method achieved high accuracy compared
with the other studies in glaucoma classification.

Related work

In reference,3,4 there is an extensive review of the
deep learning techniques used for detecting glaucoma
through retinal fundus images. This part presents
some of these techniques:

Velpula and Sharma,10 developed a stage classi-
fication model based on automated glaucoma using
CNN (convolutional neural network) pre-trained deep
models and classifier fusion. They devised classifier
fusion to combine the outputs of all CNN models
through a maximum voting-based method.

Velpula and Sharma11 suggested a model for au-
tomatically detecting glaucoma in fundus images,
employing three deep CNNs (convolutional neural
networks): ResNet101, NasNet-Large, and NasNet-
Mobile. They evaluated the model using five pub-
licly accessible fundus image datasets: RIMONE-v2,
ACRIMA, FTVD, Drishti-GS, and the HVD (Har-
vard Dataset). Akbar et al.12 introduced a new
approach combining DarkNet and DenseNet to dif-
ferentiate between glaucoma-affected and standard
fundus images. The proposed approach was trained
and evaluated using three datasets: RIM 1, high-
resolution fundus (HRF), and ACRIMA. To classify
healthy eyes, 658 images were implemented, and 612
images were processed for glaucoma-affected eyes.

Kumar and Gupta13 produced several of mod-
els of transfer learning that facilitate eye disease
prediction. In this study, various approaches were
implemented for deep transfer learning, including
AlexNet 2, Basic CNN, deep CNN, Inception V3, Xcep-
tion, DenseNet121, and ResNet 50. As confirmed by
the simulation results, ResNet50 demonstrated 98.9%
validation accuracy, out-functioning all other meth-
ods. Moreover, the Xception performed significantly,
recording 98.4% accuracy. A precise and robust al-
gorithm was proposed by Ajitha et al.14 They used
a CNN (convolutional neural network) to function
as an automatic diagnosis of glaucoma. They pro-
cessed 1113 fundus images, 660 of them were regular
and the rest were glaucomatous images from four
databases, which were used for the diagnosis. To
extract vital features, A 13-layer convolutional neu-
ral network was trained effectively on the collected
dataset. During testing, they were subsequently clas-
sified into either normal or glaucomatous classes.

In addition to dataset technique which was intro-
duced by Ovreiu et al.15 This set contained fundus
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color images of early-stage glaucoma. In the study,
a pre-trained ResNet50 network was employed dealt
with the ImageNet dataset. The findings suggest that
using deep learning algorithms could enable the de-
velopment of a cost-efficient screening tool for the
early and economical detection of glaucoma. Joshi
et al.16 proposed an automated and rapid method
based on deep learning for detecting glaucoma. Fun-
dus images of varying resolutions from three-eye
datasets are augmented by rotation and scaling at
various degrees. The automated configuration can
handle fundus image processing in 0.2 seconds. The
method was evaluated on 1220 fundus images and
demonstrated an accuracy average of 93.698%.

Materials and methods

Datasets

Three public datasets (ACRIMA, RIM-ONE v2, and
Drishti-GS) were utilized for training and testing
various deep convolutional neural networks (CNNs).
Details of these datasets are provided in Table 1. Also,
Fig. 1 displays a selection of sample images from the
datasets utilized in this study, giving visual examples
of the fundus images used for glaucoma detection.
The ACRIMA dataset contains 705 fundus images,
comprising 396 images showing signs of glaucoma
and 309 images depicting normal conditions. Each
image in the ACRIMA database underwent annotation
by two glaucoma specialists, each possessing eight
years of experience. These images were sourced from
patients with glaucoma and normal conditions, with
their prior consent obtained in compliance with the
ethical principles established in the 1964 Declaration
of Helsinki. The majority of fundus images in this
dataset were captured from eyes that had been dilated
beforehand and were focused on the optic disc. Addi-
tional clinical information was not considered when
labeling the images.17

The RIM-ONE v2 dataset was released by the
Miguel Servet and Canaria University Hospitals and
the San Carlos Clinic, which contains a total of 455
fundus images, comprising 200 images showing signs
of glaucoma and 255 images depicting normal con-
ditions that underwent manual segmentation by a
medical specialist.18

The Drishti-GS dataset was initially assembled at
the Aravind Eye Hospital in Madurai and contains
101 fundus images, comprising 70 images showing
signs of glaucoma and 31 images depicting normal
conditions. The ground truth data was acquired from
four experts with clinical experience spanning 3, 5, 9,
and 20 years.19

Table 1. Datasets details.

Dataset Normal Glaucoma Total

ACRIMA17 309 396 705
RIM-ONE v218 255 200 455
Drishti-GS19 31 70 101

Fig. 1. Sample fundus images from the datasets employed in this
study.

Proposed methodology

The automated diagnosis of glaucoma using fundus
images, as depicted in Fig. 2, comprises four sequen-
tial steps: Data collection and preprocessing, Data
augmentation, Deep transfer learning, and Classifier
fusion. The following subsections offer detailed expla-
nations for each of these steps:

1) Data Collection and Preprocessing: Three dis-
tinct collections of retinal images are assembled
from multiple sources, as discussed in subsection
(Datasets) of this section. In the preprocessing
stage, adjustments are made to the dimensions of
the datasets to align with the input requirements
of the CNN models. Each dataset is resized to
match the input size required by the respective
CNN models. For instance, the input image sizes
for ResNet-101, ResNet-18, and Darknet-19 CNN
models are 224× 224, 224× 224, and 256× 256,
respectively. Subsequently, each dataset is ran-
domly split into training and testing sets at a ratio
8:2 before training and testing the CNNs.
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Fig. 2. The proposed model for glaucoma classification.

Table 2. Augmentation parame-
ters used in training.

Function Value

Rand Scale [0.5 1]
Rand Rotation [−5 to 5]
Rand X Reflection 1
Rand Y Reflection 1
Rand X Translation [−3 to 3]
Rand Y Translation [−3 to 3]

2) Data Augmentation: Data augmentation involves
artificially increasing the size of a dataset by in-
troducing slightly modified or transformed copies
of existing data. By applying data augmentation
to the training data, enhance the robustness and
generalization capability of the model, thereby
mitigating the risk of overfitting.20,21 The aug-
mentation techniques utilized during training
include scaling, rotation, reflection, and trans-
lation, as listed in Table 2. Sample augmented
images from the ACRIMA dataset are depicted in
Fig. 3.

3) Deep Transfer Learning: Convolutional Neural
Networks (CNNs), a class of deep neural networks
specifically designed for image recognition tasks,
are pivotal in the transfer learning phase. Convo-
lutional Neural Networks consist of several layers
of pooling and convolutional processes. These
processes enable the CNN to learn hierarchical

Fig. 3. Sample augmented images from the ACRIMA dataset:
(a) Original image, (b) Scaled image with factor [0.5, 1], (c) Ro-
tated image with angle [–5°, 5°], (d) Reflected image, (e) Translated
image with displacement [–3, 3].

feature representations automatically from raw
pixel data. These networks proved outstanding
performance in various computer vision tasks
such as segmentation, object detection, and clas-
sification.22–24 Phase transfer learning aims to im-
plement the proficiency of multiple CNNs, which
were trained already on ImageNet or any other
large-scale datasets, to use their feature extraction
and generalization capabilities. By adjusting these
pre-trained CNNs on specific glaucoma dataset
such as the set proposed in the current study, they
are enabled to adapt their learned features to the
nuances of our target task. This approach does not
only decrease the training time and computational
cost, but also enhances the performance of the
model by increasing the experience encoded in
the trained CNNs. In the present study, three deep
pre-trained CNNs are implemented on ImageNet
to diagnose glaucoma using retinal fundus images:
ResNet-18, Darknet-19, and ResNet-101. The fol-
lowing paragraphs illustrate the basic structure of
each CNN.

ResNet-101 and ResNet-1824–28 are convolu-
tional neural networks, with ResNet-101 having
100 layers and ResNet-18 having 18 layers. These
networks play a significant role in computer vision
tasks such as image classification, object detec-
tion, and image segmentation. Initially, these
networks were trained using over a million images
from the ImageNet database, classifying images
into 1000 object categories. The input to these net-
works is an RGB image of size 224-by-224. In this
study, the ResNet-101 and ResNet-18 architec-
tures were modified for glaucoma classification.
After modification, the fully connected (FC) layer
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Fig. 4. The proposed architecture of ResNet-101 used for glaucoma classification.

Fig. 5. The proposed architecture of ResNet-18 used for glaucoma classification.

was replaced with a new FC layer comprising
only two classes. The architectures of the mod-
ified models are illustrated in Figs. 4 and 5.
Darknet-19,29–31 developed by Joseph Redmon,
is a novel classification model acting as a back-
bone network for feature extraction. It comprises
19 convolutional layers and five max-pooling
layers, requiring fewer operations for image pro-
cessing while maintaining high accuracy. Similar
to ResNet models, Darknet-19 was trained us-
ing over a million images from the ImageNet
database, which classifies images into 1000 object
categories.32 In this study, the Darknet-19 archi-
tecture was modified for glaucoma classification.
After modification, the FC layer was replaced with
a new FC layer comprising only two classes. The
architecture of the modified model is illustrated
in Fig. 6.

4) Classifier Fusion: Classifier fusion involves com-
bining different classifiers to address the same

problem. In this study, all the mentioned architec-
tures are integrated into a single classifier. Various
forms of classifier fusion exist, differing in their
structure and fusion operation type. For this study,
the Accuracy-Based Weighted Voting (AWV) fu-
sion method is employed. The steps of the AWV
fusion method are as follows:

Step1: Calculates the Accuracy for the convo-
lutional neural networks that namely ResNet-10,
ResNet-18, and Darknet-19 respectively.

Step2: Calculate weights assigned to each convo-
lutional neural networks model that are determined
based on their individual accuracy or performance
scores according to the Eq. (1):33

wi, j =
ACCi, j∑N
i=1 ACCi, j

(1)

Where wi, j denotes the weight assigned to the jth
class of the dataset in the ith CNN classifier, ACCi, j
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Fig. 6. The proposed architecture of Darknet-19 used for glaucoma classification.

denotes the accuracy of the jth class in the ith CNN
classifier, and N is the number of CNN classifiers.

Step3: Calculate the AWV by the Eq. (2)33 as
follows:

AWVi, j =
∑N

i=1 wi, j ∗ Pi, j
N

(2)

Where Pi, j represents the probability computed by
the jth class in the ith CNN classifier, and N is the
number of CNN classifiers.

Step4: To determine the maximum accuracy values
of the calculated AWSs and assigned labeling, the
final decision can be calculated by Eq. (3) as follows:

Output = Label (max (AWVi, j)) (3)

Where the max () function selects the highest value
and Label () is defined to assign the class number
corresponding to this highest value as the final pre-
diction for the gesture class.

Results and discussion

The experiments were conducted in the MATLAB
R2023a environment on a computer system equipped
with an Intel Core i5 processor, 8 GB of RAM, and a
processing speed of 3 GHz. During the training pro-
cess, initialized epoch 50, used a mini-batch size 10,
and executed the environment on the CPU. Addition-
ally, employed the ADAM optimizer with a learning
rate of 1e-5 (0.00001) for all networks. The hyperpa-

rameters were carefully tuned to optimize outcomes
in our experiments.

The primary performance metrics for classification
tasks typically include Accuracy, Sensitivity (Recall),
Specificity, Precision, F-measure, and G-mean. In this
study, all of these metrics were utilized to evaluate
the performance of the proposed system. The calcu-
lation of these metrics can be done employing the
Eqs. (4) to (9)10,11,34:

Accuracy (Acc) =
TP+ TN

TP+ TN + FP+ FN
(4)

Sensit ivity (Sen) = Recall (Rec) =
TP

TP+ FN
(5)

Speci f icity (Spe) =
TN

TN + FP
(6)

Precision (Pre) =
TP

TP+ FP
(7)

F -measure (Fm) =
2× (Pre)× (Rec)

(Pre+ Rec)
(8)

G-mean (Gm) =
√

(Sen× Spe) (9)

Here, TP, TN, FP, and FN represent the True Posi-
tive, True Negative, False Positive, and False Negative
values, respectively. Tables 3 to 5 present the perfor-
mance of the ACRIMA, RIM-ONE v2, and Drishti-GS
datasets, respectively. Among the models, ResNet-
101 consistently demonstrates the highest accuracy.

Table 3. Performance metrics for the ACRIMA dataset.

CNN model Accuracy Sensitivity Specificity Precision F-measure G-mean

Resnet-101 0.9858 0.9839 0.9873 0.9839 0.9839 0.9856
Resnet-18 0.9433 0.8971 0.9863 0.9839 0.9385 0.9406
Darknet-19 0.9716 1.0000 0.9518 0.9355 0.9667 0.9756
Fusion 0.9929 1.0000 0.9875 0.9839 0.9919 0.9937
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Table 4. Performance metrics for the RIM-ONE v2 dataset.

CNN model Accuracy Sensitivity Specificity Precision F-measure G-mean

Resnet-101 0.9341 0.9412 0.9250 0.9412 0.9412 0.9331
Resnet-18 0.8352 0.7812 0.9630 0.9804 0.8696 0.8674
Darknet-19 0.9121 0.9057 0.9211 0.9412 0.9231 0.9133
Fusion 0.9560 0.9434 0.9737 0.9804 0.9615 0.9584

Table 5. Performance metrics for the Drishti-GS dataset.

CNN model Accuracy Sensitivity Specificity Precision F-measure G-mean

Resnet-101 0.8500 0.8000 0.8667 0.6667 0.7273 0.8327
Resnet-18 0.8000 0.6667 0.8571 0.6667 0.6667 0.7559
Darknet-19 0.8500 0.8000 0.8667 0.6667 0.7273 0.8327
Fusion 0.9000 1.0000 0.8750 0.6667 0.8000 0.9354

For the ACRIMA dataset, ResNet-101 achieves accu-
racies of 98.58%, 94.33%, and 97.16% for ResNet-18
and Darknet-19, respectively. Notably, employing a
classifier fusion of all three models results in an ac-
curacy of 99.29%. Similarly, for the RIM-ONE v2
dataset, the accuracy increases from 93.41% to 95.6%
with classifier fusion. Likewise, for the Drishti-GS
dataset, the accuracy improves from 85% to 90%.

Fig. 7 illustrates the confusion matrices for
each dataset obtained through classifier fusion. In
Fig. 7(a), the confusion matrix of the ACRIMA dataset
shows a 100% accuracy rate for the “Normal” class
and 98.8% for the “Glaucoma” class, resulting in an
average accuracy of 99.3%. Fig. 7(b) presents the
confusion matrix of the RIM-ONE v2 dataset, with
a 94.3% accuracy rate for the “Normal” class and
97.4% for the “Glaucoma” class, resulting in an aver-
age accuracy of 95.6%. In Fig. 7(c), the confusion ma-
trix of the Drishti-GS dataset displays a 75% accuracy
rate for the “Normal” class and 100% for the “Glau-
coma” class, resulting in an average accuracy of 90%.

Based on the results outlined previously, the pro-
posed automated glaucoma diagnosis system demon-
strates significant benefits and efficiency. Unlike
conventional approaches that rely on manual feature

extraction strategies, automatic glaucoma feature
extraction is employed in this study, leading to
superior classification accuracy across various pub-
licly available datasets. By assessing six separate
metrics, including Accuracy, Sensitivity, Specificity,
Precision, F-measure, and G-mean, a comprehensive
evaluation is ensured for the system’s performance,
demonstrating consistent performance in glaucoma-
tous classification.

Furthermore, comprehensive experiments were
conducted to assess the performance of three deep
CNNs (ResNet-101, ResNet-18, and Darknet-19).
Among these architectures, ResNet-101 consistently
outperforms the others. It’s worth noting that the
Drishti-GS dataset presents a more significant chal-
lenge for each type of network. In contrast, the
ACRIMA dataset yields satisfactory results, likely due
to its suitability for deep learning classification tasks
as a newly developed dataset.

Additionally, our proposed ensemble framework
surpasses previously suggested methods, as demon-
strated in Table 6. These findings could promote the
processes of diagnosis and classification of glaucoma.
The results emphasize the efficiency and accuracy of
our approach to glaucoma diagnosis.

Fig. 7. Confusion matrices of all datasets by classifier fusion: (a) ACRIMA, (b) RIM-ONE v2, (c) Drishti-GS.
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Table 6. Comparison of our proposed method with existing state-of-the-art methods.

Accuracy
(Training and Accuracy

Author Year Method Dataset Test Data) (Test Data)

Velpula and Sharma8 2023 Transfer learning and fusion ACRIMA
Drishti-GS
RIMONE
HVD

99.57
90.55
94.95
85.43

–

Velpula and Sharma9 2023 Resnet-101
Nasnet_mobile
Nasnet_large

ACRIMA
RIMONE-v2
Drishti-GS
FTVD
HVD

99.43
92.75
82.18
78.15
90.23

–

Akbar et al.10 2022 Transfer learning and fusion HRF
RIM-1
ACRIMA

– 99.7
89.3
99

Kumar and Gupta.11 2022 Transfer learning models Private data – 98.9
Ajitha et al.12 2021 Customized CNN HRF, ORIGA,

and Drishti-GS1
– 93.86

Ovreiu et al.13 2020 Resnet-50 ACRIMA, ORIGA
and HRF

– 96.98

Joshi et al.14 2020 Darknet-53 Drishti GS,
Refuge and
Local Hospital

– 93.69

Our proposed method – Pre-trained CNNs and
Classifier Fusion

ACRIMA
RIMONE-v2
Drishti-GS

99.8
99.12
98.01

99.3
95.6
90

Conclusion

To sum up, the efficiency of pre-trained CNNs were
examined in the current study, namely, ResNet-18,
Darknet-19, and ResNet-101 in the classification and
diagnosis of glaucoma using the ACRIMA, Drishti-
GS and RIM-ONE datasets. As a fusion technique,
accuracy-based weighted voting was used and sig-
nificant advancements in glaucoma classification
accuracy were achieved. On the other hand, remark-
able performance was shown by the experimental
results, with accuracies of 90%, 95.6%, and 99.3%
for Drishti-GS, RIM-ONE v2 and ACRIMA datasets,
respectively. The results reveal the suggest promoting
pre-trained CNNs and classifier fusion methodologies
to improve glaucoma classification and diagnosis. In
addition, to ensure the efficiency and generalizability
of the findings of the present study across diverse clin-
ical scenarios, multiple datasets can be used with an
8:2 standardized split ratio to verify safe training and
testing. This paper supports the growing literature
work that looks forward to enhancing the advanced
techniques of machine learning in the field of oph-
thalmology. This will ultimately leads to improve the
efficiency and accuracy of tools for early diagnosis
and management of glaucoma. Future work is recom-
mended to integrate other datasets and adjustment
strategies to improve the classification performance
further and increase the accuracy of the proposed
approach in clinical utility.
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تصنيف فعال لمرض الجلوكوما لصور قاع العين بواسطة الشبكات 

العصبية التلافيفية العميقة  المدربة مسبقاً ومصنف التصويت 

 الموزون بالدقة

 سلام جبار عيدان1، محمد رضا فيضى درخشى1،2

 1 قسم هندسة الحاسوب، كلية الهندسة الكهربائية وهندسة الحاسوب، جامعة تبريز، تبريز، إيران.

 2 كلية الهندسة ، جامعة أوروك، بغداد، العراق.

 المستخلص

الجلوكوما هو مرض مزمن في العين يؤدي الى تلف تدريجي في العصب البصري ، ومايزال يمثل مشكلة صحية عامة 

البصر الذي لا  كبيرة في جميع أنحاء العالم. التشخيص المبكر والدقيق أمر مهم جدا للتدخل في الوقت المناسب ومنع فقدان

رجعة فيه.  في هذه الورقة، قمنا بتطوير نهج لتصنيف الجلوكوما باستخدام الشبكات العصبية التلافيفية المدربة مسبقاً 

(CNNs ًوتحديدا ،)ResNet-101و ،ResNet-18و ،DarkNet-19   كما استخدمنا التصويت المرجح بناءً على الدقة .

ل الاستفادة من قدرات هذه الهياكل العصبية التلافيفية، نستخرج ميزات عالية المستوى كطريقة دمج بين المصنفات. من خلا

من صور قاع العين ونطبق التعلم التكيفي لتكييف الشبكات لتصنيف الجلوكوما. لتعزيز أداء التصنيف، تم تقديم استراتيجية 

بناءً على دقته الفردية على مجموعة التحقق. دمج تعتمد على التصويت المرجح بالدقة، حيث يتم وزن مساهمة كل مصنف 

و  RIMONE-v2و ACRIMA -وقد أظهرت التقييمات التجريبية التي أجريت على ثلاث مجموعات بيانات للجلوكوما 

Drishti-GS -  لمجموعة بيانات 99.3للتدريب والاختبار نتائج واعدة: دقة بنسبة  8:2باستخدام نسبة %ACRIMA ،

. تؤكد هذه Drishti-GS% لمجموعة بيانات 90، ودقة بنسبة RIMONE-v2لمجموعة بيانات  %95.6ودقة بنسبة 

النتائج كفاءة النهج المقترح في الدراسة الحالية، لا سيما فيما يتعلق بدقة تشخيص الجلوكوما عبر مجموعات البيانات 

النهج تأثيرا كبيرا للسيطرة على الجلوكوما،  المختلفة. من خلال تمكين التدخل بعد الاكتشاف المبكر، يمكن أن يكون لهذا

 مما يحسن بدوره نتائج المرضى.

دمج المصنفات، الشبكة العصبية التلافيفية، التعلم العميق،  تصنيف الجلوكوما، نقل التعلم. الكلمات المفتاحية:  
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