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ABSTRACT

Glaucoma-induced blindness is a serious and escalating public health problem, particularly in low and middle-income
countries where there is a shortage of specialist care. Current automated screening systems rely on a single deep learning
model, which are prone to instability on small and non-balanced clinical datasets and are thus difficult to adopt in
practice. In this study, an intelligent clinical decision support framework based on a soft-voting ensemble of two
lightweight and complementary pre-trained convolutional neural networks (MobileNetV2 and InceptionV3), specifically
for the resource constrained screening setting is presented. The images were obtained from two different independent
public fundus databases: ORIGA (650 images) and ACRIMA (705 images), were stratified and enhanced with seven
clinically motivated geometric and photometric transformations applied only to the training partition. The probabilistic
output of each backbone was fine-tuned independently on ImageNet initialised weights, and then fused by average
ensemble. The framework sensitive performance was 97.05%, specific performance was 96.02%, accuracy was 96.57%,
and area under the receiver operating characteristic curve (AUC-ROC) was 0.98, and was always higher than the fourteen
benchmark methods reported in the literatures. The false positive (FP) and false negative (FN) rates were 1.7% and 1.9%
respectively, giving the system good suitability to real world triage. The study shows that a lightweight ensemble
architecture can achieve the same level of diagnostic performance as a specialist, without the need for a large annotated
corpus or dedicated GPUs, and makes a case for using Al for glaucoma screening at the point of care.
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INTRODUCTION

Globally, an estimated 80 million people are affected by
glaucoma, a figure projected to exceed 111 million by
2040.14 As the leading cause of irreversible vision loss,
glaucoma poses a distinct clinical challenge: its structural
and functional deterioration is largely asymptomatic in
early stages, meaning patients rarely seek care until
substantial and unrecoverable damage has occurred.15
Early-stage detection is therefore the single most impactful
intervention available to clinicians for preserving long-
term visual function.

Despite its importance, population-level glaucoma
screening remains out of reach for large portions of the

world. The World Health Organization estimates that more
than 90% of blindness attributable to glaucoma occurs in
low and middle-income countries, where access to trained
ophthalmologists, slit-lamp biomicroscopic, and optical
coherence  tomography  equipment is  severely
constrained.13 This creates an urgent need for automated,
low-cost, scalable screening tools capable of reliable triage
without specialist oversight.

Fundus photography has emerged as the most accessible
imaging modality for this purpose. Digital retinal fundus
images encode all the structural biomarkers of
glaucomatous damage optic disc cupping, neuroretinal rim
thinning, retinal nerve fiber layer (RNFL) atrophy, and
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parapapillary atrophy within a single, easily captured, non-
invasive photograph.16 Deep convolutional neural
networks (CNNs) have fundamentally transformed
medical image classification,17 demonstrating expert-level
performance in diabetic retinopathy screening, skin lesion
classification, and pulmonary nodule detection. Transfer
learning. The initialisation of CNN weights from large-
scale natural image datasets such as ImageNet has been
particularly impactful in ophthalmology, where labelled
clinical datasets are small and expensive to curate.18

Ensemble learning addresses performance variability by
aggregating the probabilistic outputs of multiple
independently trained models, exploiting complementary
feature representations to reduce variance, improve
calibration, and enhance generalisability.30 In this study,
we propose an intelligent clinical decision support
framework combining MobileNetV2 and InceptionV3 into
a soft-voting ensemble trained on a combined fundus
image corpus from the ORIGA and ACRIMA public
benchmarks, engineered for practical deployment on
commodity hardware or smartphones.

The principal contributions are: (i) a dual-architecture soft-
voting ensemble for clinical glaucoma triage; (i) a
systematic augmentation protocol of seven clinically
motivated transformations; (iii) comprehensive evaluation
across sensitivity, specificity, AUC-ROC, precision-recall,
and confusion matrix metrics; (iv) benchmarking against
fourteen prior methods; and (v) clinical deployment and
explainability analysis.

MATERIALS AND METHODS

Datasets and Ethical Considerations

Two sets of benchmark data were used, both publicly
available. The ORIGA dataset26 consists of 650 colour
fundus photographs of which 482 are normal and 168
glaucomatous, with a class imbalance ratio of 2.87:1. The
class distribution of the ACRIMA dataset27 is nearly
balanced, with 705 fundus images centred on the optic
disc: 309 normal and 396 glaucomatous. Since this study
was retrospective review of existing anonymised public
domain data, IRB approval was not necessary. The images
from both datasets were merged to create a single corpus
of 1355 images, divided into training (70%, n=948),
validation (10%, n=136) and test (20%, n=271) sets.

Image Preprocessing

All images were subjected to a common preprocessing
pipeline using Python: (1) centred cropping around the
region of the optic disc; (2) contrast-limited adaptive
histogram equalisation (CLAHE) of the green channel to
improve the visibility of the optic disc and optic cup
margins; and (3) uniform resizing to 224x224 pixels. The
pixel values were normalized in the range [0,1] and then
channel-wise standardized with the help of the mean and
standard deviation values from the ImageNet.

Data Augmentation

The training partition was only augmented with 7 different
augmentation methods applied twice each epoch to double
the augmentation diversity in the training partition, while

no augmentation was performed on the validation or test
partitions.28 Transformations performed: (1) random
rotation around 20°; (2) horizontal and vertical shift of
+10%; (3) zoom of +15%; (4) shear of +10%; (5)
horizontal flipping; (6) channel shift by +£20 intensity
units. These transformations were chosen to approximate
the variability of clinically acquired images, such as
camera orientation differences, disc not aligned with the
camera center, magnification differences, perspective
distortion,  bilateral =~ symmetry, and illumination
differences.

MobileNetV2 Architecture

MobileNetV2 23 is a lightweight CNN, designed for
memory- and compute constrained applications: 3.4
million trainable parameters, and around 300m multiply-
accumulate operations per inference. It is based on
inverted residual bottleneck blocks: feature maps are up
sampled with 1x1 pointwise convolutions, then down-
sampled with 3x3 depthwise convolutions, followed by a
linear activation. The model has a global average pooling
layer and binary sigmoid classification head with 17
bottleneck blocks. After a warm-up phase of 5 epochs,
weights were initialised with ImageNet-pretrained weights
and then finely tuned.

InceptionV3 Architecture

The 24 layers of InceptionV3 24 are constructed around
multi-modular inception networks, each consisting of a set
of parallel inception blocks containing 1x1, 3x3, and 5x5
convolutions and max pooling layers, allowing for high-
level parallel processing and capture of fine-grained local
patterns as well as global structures. The global average
pooling layer is used to reduce parameters and prevent
overfitting, by replacing fully connected classification
layers in the global system. The progressive unfreezing
was applied during fine tuning from the output layer to the
input layer and the ImageNet-pretrained weights were
employed.

Soft-Voting Ensemble Integration

The ensemble is formed by independent fine tuning and
combines both backbones element-wise by average soft
voting. The ensemble prediction is given by
P_ensemble(x) = [P_MobileNetV2(x) +
P _InceptionV3(x)] / 2 for each test image x, P(x) denotes
the sigmoid probability of the glaucoma-positive class.
The binary output is obtained with threshold = 0.5. They
were both trained for 50 epochs with the Adam optimiser
(learning rate 1x10-4), batch size 32 and binary cross-
entropy loss. In order to avoid overfitting, the solution was
to apply early stopping with patience, based on the
validation AUC monitored at 10 epochs.

RESULTS

Individual Model Performance

MobileNetV2 had a 43.3% true negative rate, 49.9% true
positive rate and 3.4% false positive and false negative
rates on the held-out test set of 271 images. The
performance of InceptionV3 was slightly better with true
negative and true positive rate of 44.4% and 50.6%
respectively, and false rate of 2.3% and 2.7%. The
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uniformity of InceptionV3 is due to its more complex
multi-scale feature extraction ability, which can capture
more fine-grained spatial relationships between the optic
cup, disc, and the surrounding neuroretinal rim.

Ensemble Performance

The proposed soft voting ensemble outperformed all the
individual backbones on all the metrics with TNR of
45.0%, TPR of 51.4% and FPR of 1.7% and FNR of 1.9%.
These aggregate to a sensitivity of 97.05%, specificity of
96.02%, accuracy of 96.57%, and AUC-ROC of 0.98. The
AUC value of the Precision-Recall curve was 0.9757,
which is indicative of good performance when dealing
with cases of class imbalance.

Comparative Benchmarking

The proposed framework is compared with fourteen
previous methods in Table 1. The proposed ensemble
outperforms the rest in terms of the highest reported
accuracy (96.57%), coming in as second highest in
sensitivity (97.05%) with a much lower accuracy (93.0%)
in specificity. Kim et al.7 had high specificity (100%) and
moderate sensitivity (95%), which would result in the
misdiagnosis of around 5% of glaucoma cases. According
to the four major metrics, the proposed ensemble provides
the best balance of overall performance. This is further
illustrated by Kumar et al.31 who showed that competitive
performance for glaucoma detection could be achieved
using competitive Al, specifically implementing a
GlaucoNet framework, further highlighting the clinical
usefulness of deep learning-based ophthalmic screening.

Table 1: Performance comparison of the proposed ensemble against prior glaucoma detection methods. N/A: not

reported.
Author Method/Model Dataset SN SP AUC | ACC
(%) | (%) (%)
Al-Aswad et Custom CNN Private 83.7 88.2 0.926 N/A
al.1
Christopher et | DenseNet/ResNet Transfer Drishti/ORIGA 84.0 83.0 0.910 N/A
al.2
Chai et al.3 Domain Knowledge DL SCES 92.33 90.9 N/A 91.51
Diaz-Pinto et CNN Ensemble ACRIMA 93.46 85.8 | 0.9605 | 89.77
al.4
Civit-Masot et Dual ML System RIM-ONE/Drishti 91.0 86.0 0.96 88.0
al.5
Lietal.6 DeepMed CNN Private 95.6 92.0 0.986 N/A
Kim et al.7 MediNoid CNN Private 95.0 100.0 | 0.990 96.0
Hemelings et Transfer + Active Learn Private 99.0 93.0 0.996 N/A
al.8
Lietal9 Automated Detection CNN Private 98.0 94.95 | 0.994 95.3
Ting et al.10 Deep Learning System SiDRP Multi 96.4 87.2 0.942 N/A
Liuetal.ll JAMA DL System Private 91.83 | 90.04 | 0.9546 | N/A
Sreng et al.12 Optic Disc DL Seg. REFUGE/Drishti N/A N/A 0.924 | 93.31
Proposed MobileNetV2+InceptionV3 | ORIGA+ACRIMA | 97.05 | 96.02 | 0.980 | 96.57
DISCUSSION trust the model and for regulators to approve. The

Clinical Error Profile Analysis

In clinical practice, false negative errors (when the
glaucoma is misdiagnosed as normal) are wrong diagnosis
that can have irreversible consequences. With false
positives, specialist referral and patient anxiety and health
care resource use are incurred. The proposed ensemble had
a low false negative rate of 1.9%, and a low false positive
rate of 1.7% which is an acceptable clinical tradeoff for a
primary triage tool that is wused before specialist
confirmation.

Explainability and Clinical Interpretability

One major challenge for deep learning in clinical
applications is that the decisions made by deep learning
models are opaque, making it difficult for physicians to

proposed framework is compatible with the post-hoc
visualisation method of Gradient-weighted Class
Activation Mapping (Grad-CAM).29 This method
produces heat maps of the retina regions that play the most
important role in making the classification decision.
Preliminary qualitative analysis revealed that both
backbones were activated mainly in the clinically relevant
region of glaucomatous structural change, in and around
the optic disc, suggesting that the model has learnt
diagnostically relevant features and not spurious dataset-
specific relationships.

Deployment Considerations
Both architectures are efficient, can be implemented on
commodity hardware and on smartphones and can be
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integrated into primary care triage in resource-limited
environments without the need for dedicated GPU
infrastructure. The soft voting ensemble strategy is
parameter-free and that no extra training is needed apart
from the two individual backbones, thus making the
framework practical and accessible for real world
implementation.

CONCLUSION

In this study, we proposed an intelligent clinical decision
support system for automatic glaucoma screening using
fundus images based on MobileNetV2 and InceptionV3
architectures, with soft voting. The framework is able to
achieve these best combined performance numbers, with a
sensitivity of 97.05%, specificity of 96.02%, accuracy of
96.57% and AUC-ROC of 0.98, across the fourteen
methods in this study. The first property of the framework
is that it is highly compute efficient, fit to run on
commodity hardware and smartphones; the second
property is a balanced error profile (both false positive and
false negative rate are 1.7%); the third property is that it is
compatible with explainability using Grad-CAM to
provide physician trusted clinical interpretability. Future
studies will include cross-dataset generalisation testing on
REFUGE, DRISHTI-GS and RIM-ONE datasets,
prospective  clinical ~ validation at ophthalmology
departments with subgroup analysis according to disease
severity and imaging device, and correlation between
Grad-CAM attention with expert-annotated structural
landmarks as quantitative agreement measures between
the model attention and the expert attention.
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