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ABSTRACT

The study suggests using a hybrid convolutional neural networks-support vector machines architecture to extract reliable charac-

teristics from medical images and classify them as an ensemble using four different models. Manual processing of fundus images

for the automated identification of ocular disorders is laborious, error-prone, and time-consuming. This necessitates computer-

assisted technologies that can automatically identify different ocular illnesses from fundus images. The interpretation of the

photos also plays a massive role in the diagnosis. Automating the diagnosing procedure reduces human mistakes and helps with

early cataract detection. The oneDNN library available in the oneAPI Environment provided by Intel has been used to optimize
all transfer learning models for better performance. The suggested approach is verified through a range of metrics in experiments
using the openly accessible Ocular Disease Intelligent Recognition dataset. The MobileNet Model outperformed other transfer

learning techniques with an accuracy of 0.9836.

1 | Introduction

The primary cause of vision impairment at the global level is
eye disease, including cataracts [1]. An early and accurate diag-
nosis of cataracts is important to make effective treatments and
stop further vision loss. A cloudy patch on the lens of the eye,
caused by aging and tissue deterioration of the eyes, is referred
to as a cataract, which causes blurred vision. Early detection of
eye conditions like cataracts is one economical and efficient way
to prevent blindness. World Health Organization estimates that
2.2billion people in our world are visually impaired, and at least
a billion of them might have avoided it if not [2]. Identification of
cataracts is essential as it is a widespread condition that affects
many people and also, at the same time, has massive costs to
health care.

Deep learning techniques have boosted the utilization of auton-
omous image recognition methods to diagnose ocular diseases,
particularly with the use of transfer learning and convolutional
neural networks (CNN) [3]. In the field of ophthalmic disease
diagnosis, the technology is advantageous, for it can discretely
learn about intricacies contained in large datasets and identify
properties human perception cannot detect [4]. Deep learning
has made advancements with promise in cataract or ocular dis-
ease detection, and the research of Menaka et al. demonstrated
how well a deep learning model can detect cataracts using
fundus pictures with an accuracy of 92.78% [5]. Just like this,
Thanoon and Dawwd used a deep learning system with parallel
architecture, which showed the model's ability to detect cataracts
rapidly and accurately (96.7%) [6]. They also studied the use of
more sophisticated architectures, like ResNet-50, and were able
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to diagnose cataracts in fundus images with over 97% accuracy,
even in the presence of variable picture visibility. The models in
this regard showed good accuracy but did not perform well with
respect to cataract identification. It was studied by considering
various standalone machine learning models and conventional
image processing techniques. All the models were taken into
consideration but discarded for use in the study. Often, created
features are required when using traditional image processing
techniques for medical photos, and they may be better captured
by deep learning models [7]. In addition, although applicable,
other machine learning algorithms may not be as good at detect-
ing the subtle differences and spatial hierarchies that are crucial
to a precise cataract diagnosis in the fundus image.

There are currently two diagnostic approaches to cataracts;
these include manual or tonometry, visual acuity, and slit lamp
examination: the time-consuming, subjective, and diagnos-
tic discrepancies of these procedures. The human technique is
improved over conventional machine learning models like ran-
dom forest and support vector machines (SVM), which provide
automatic categorization. Nevertheless, the trade-off is that it
is computationally inefficient, low in accuracy, and requires
manual feature extraction. However, deep learning models such
as Efficient NetV2S, Resnet50, and other complex deep learn-
ing models, mainly CNNs, have higher loading and feature
extraction efficiency and accuracy. However, such models are
complicated to train efficiently as they require large labeled
data sets.

This article introduces a novel approach to integrating SVMs
and CNNs to extract features for HCI problems. Four distinct
classification models are implemented: In the project, we imple-
mented Inception, MobileNet, ResNet, and VGG19. To classify,
an individual model is used with results rigorously compared
to determine which model performs best. The oneDNN library
is employed within a oneAPI environment to optimize each
model individually for efficacies during the classification pro-
cess [8]. The intricacies and the potential benefits of each model
were compared. CNNs are reliable at extracting fine details
from medical imagery, but noise and overlapping features might
make them unreliable for fine-grained classification tasks. It is
shown that using SVMs for feature selection increases the dis-
criminative strength of the learnt features while, at the same
time, concentrating on the most pertinent patterns in the data. It
solves the problem of CNN-only techniques, improving the clas-
sification accuracy by combining SVMs for the fine-tuning of
feature selection and CNNs for reliable feature extraction. This
is particularly useful for diagnosing cataracts because it is im-
portant to spot minute changes in the fundus image. OneAPI
integration offers a standard programming model used to create
an integrated and optimized application on diverse hardware
architectures. It thus enables the operation of our models and
their ability to operate in numerous computing environments.
Following this, several sections present a thorough investigation
of aspects of our proposed methodology, including optimized
classification strategies (using oneDNN and oneAPI) and hybrid
CNN-SVM feature extraction. We seek to improve the precision
and reliability of cataract diagnostics by combining insights
from individual classification results with the knowledge that
CNN-SVM has about features. It will also help advance auto-
mated medical image analysis.

2 | Related Studies

The contemporary improvement of deep learning, remarkably
CNN, has totally changed medical imaging, offering notable
gains in diagnostic efficiency and accuracy. This is because CNN's
are extremely well suited to analyze medical pictures. After all,
they are able to quickly spot characteristics such as edges and
textures, which are imperative to tasks like tumor diagnosis
and fracture detection. This characteristic makes CNNs very
useful in medical imaging applications since they considerably
decrease the number of parameters and improve the comput-
ing efficiency [9]. Specifically, CNNs have shown great promise
in ocular diagnostics. Some models they used include VGG-
16, VGG-19, and ResNet, and they stated that they have good
accuracy rates in diagnosing various eye diseases (including
cataracts) [10]. The complexity and unpredictability of retinal
pictures are managed, but these systems provide accurate and
dependable diagnoses. Complex CNNs with inception modules
and residual networks demonstrate significant improvement in
the diagnosis of diabetic retinopathy and cataracts and improve
feature extraction and model performance. Raman et al. [11]
further discussed the usage of these architectures. Moreover, as
Pingat et al. [12] suggest, techniques that hybridize CNNs with
traditional classifiers permit better interpretability as well as im-
proved performance and, thus, represent an appropriate strat-
egy for the diagnosis of eye disorders. Olaniyan et al. combined
Siamese networks VGG16 and Grad-CAM for explainability and
presented a hybrid deep learning model with high cataract de-
tection accuracy and visual interpretations of the machine's pre-
dictions [13]. The effectiveness of the ResNet50 transfer learning
model, handling the dataset imbalanced, and high accuracy in
cataract detection, as reported in [14], was demonstrated by
Mahmood et al., which included data augmentation and fine-
tuning strategies. These studies collectively demonstrated how
CNNs transformed medical imaging, particularly the diagnosis
of ocular disease. They suggested CNNs as a superior architec-
ture over other networks due to their better feature extraction
abilities, computational efficiency, and flexibility with more
convoluted medical image data. Multiclass multilabel ophthal-
mological illness diagnosis is done by researchers P. Khanna and
N. Gour [15] using a CNN based on transfer learning. The recom-
mended method uses four cutting-edge pre-trained CNN mod-
els, which are then fine-tuned with Ocular Disease Intelligent
Recognition (ODIR) database. During validation, training, and
testing phases, parametric evaluations showed that VGG-16
network performed better than CNN architectures of ResNet,
Inception V3, and MobileNet. The F1 and AUC values obtained
with VGG-16 using two input approaches with SGD optimizer
were 85.57 and 84.93, respectively. Comparing other designs to
the concatenated input approach with VGG-16 architecture, also
known as Model2, we have found that AUC and F-1 scores are
much higher, 68.88 and 85.57, respectively. This improvement
is by using VGG-16 with SGD optimizer. Li et al. [16] used the
ODIR dataset and developed a deep residual network (ResNet)
based model for the automated categorization of diabetic reti-
nopathy. The model compared favorably with other cutting-edge
techniques with an accuracy of 91.3%. Cao et al. [17] used Haar
wavelet to provide an automated cataract identification using
retinal picture characteristics. Retinal pictures of mild, moder-
ate, and severe cataracts and normal (non-cataract) conditions
are automatically identified by the enhanced Haar wavelet. The
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four-class classification and the two-class classification, where
the two-class classification classifies between cataract and non-
cataract cases, achieve accuracy rates of 85.98% and 94.83%, re-
spectively. Another investigation proposed by He et al. [18] was
to identify eye disorders using the ODIR database. As a classifier
to give classification scores, a feature extractor, and a module
to establish spatial correlation, these pre-trained models work
as a classifier. The proposed network reaches an AUC of 93%
and an F1-Score of 91.3%. Nevertheless, its suggested feature
correlation module leads to an excessively high cost of 74.2 mil-
lion parameters. Wang et al. use CNN and self-attention, called
MBSaNet, to identify fundus diseases. MBSaNet outperforms
existing techniques and achieves state-of-the-art performance

with fewer parameters [19]. In [20], authors thoroughly study
cataract classification strategies, both conventional machine
learning and deep learning. This study investigates several ocu-
lar imaging modalities, including slit lamp and AS-OCT images
and grading methods such as LOCS III and Wisconsin grading.
In article [21], the authors propose a novel CNN, GraNet, that
combines region-based integration and recalibration attention
blocks for the categorization of nuclear cataracts from AS-OCT
images. This highlights the importance of using clinical exper-
tise [22, 23] as well as attention processes to increase classifi-
cation efficacy. Both researches add to the refinement of more
precise and effective techniques for cataract diagnosis and
classification.

Result (validation

Ref Year Model

metrics accuracy)

Inference

[24] 2024 Utilizes VGG19,
ResNet50,
DenseNet201, MIRNet,
Inception V3, Xception,
EfficientNet BO
models to develop

CSDnet Framework.

97.24%

[25] 2024 CNN 98.93

[26] 2024 VGG19 and ResNet-50.

The VGG19-91.13%.

[26] 2023 EfficientNetBO 91.49%

The ResNet-50-93.41%.

A new deep learning methodology, named CSDNet,
is presented in the study for the identification
of cataract states. The framework is engineered
specifically for situations with restricted memory
or storage capacity to accommodate such situations
and be lightweight and flexible. It is able to learn
representations from data without the need to increase
number of trainable parameters drastically. The
model achieves reasonable computational expense
and average running time compared with other pre-
trained models by employing smaller kernels and a
smaller number of training parameters and layers.

We propose a new framework, named CSDNet, to
improve cataract state identification using deep
learning methodology, which is presented in the

study. The framework is designed specifically to be
lightweight and flexible to accommodate a situation
with restricted memory (or storage) capacity. It
is able to learn representations well from data
with the smallest amount of trainable parameters.
Employing this with smaller kernels, reduced training
parameters, and layers, the model's compute study
article is based on the application of convolutional
neural networks (CNN) in differentiating cataract-
subjected eyes from normal eyes. In this regard, the
feature extraction approach and hyperparameter
optimization are proposed. We methodically explore
the hyperparameter space to identify the configuration
with the best efficiency of the classification algorithm
compared to other pre-trained models in terms of
national expenses and average running time.

The study article relates the use of CNN to
differentiate eyes affected with cataracts from
normal eyes. We achieve this by proposing a novel
feature extraction approach and hyperparameter
optimization. We search the hyperparameter
space to identify the optimal setting, maximizing
the classification algorithm efficiency.

In this experimental methodology, a deep learning
model is trained to classify cataracts strictly
for early detection and timely intervention.
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Result (validation

Ref Year Model

metrics accuracy)

Inference

[27] 2023 VGG-19 95%

Deep learning algorithms, in particular VGG 19
model categorization, were done to categorize fundus
images of eye diseases. We preprocess the dataset
and augment it to deal with data imbalance.

The designs and hybrid methodologies adopted were varied to en-
hance the accuracy and efficiency of diagnostics. In particular, they
[13] have introduced a hybrid deep learning system that employs
VGG16 architecture combined with Siamese networks and Grad-
CAM for interpretable prediction. To increase interpretability, the
shown technique increased the interpretability measures, such as
AUC and the Pointing Game, for explanation quality with saliency
map evaluation. A hybrid CNN model was introduced by Chun-
Ling [28] to detect cataracts where a fundus image is first seg-
mented into many regions, and predictions of five different models
are fused through a majority voting mechanism. The methodology
presented in this novel helped increase the accuracy of cataract
diagnosis. A LeNet-CNN model was used by Ganokratanaa et al.
[29] to perform first cataract identification with an accuracy of
96% and benchmarked its performance against an SVM classifier.
For image diagnosis, their findings showed that CNN-based ap-
proaches perform significantly better than the conventional SVM
model, specifically for the medical domain, and Gurjot and Neha
[30] used VGG19 architecture with transfer learning and used data
augmentation and regularization methods to address this issue of
overfitting of data. Using a DCNN model for the Kaggle dataset,
Menaka et al. [31] obtained a detection accuracy of 92.78%.

The study that they primarily focused on was their preprocess-
ing method, primarily to achieve textural information, which
included the contribution of contrast, correlation, and entropy
for medical image analysis. Compared with previous research,
which successfully utilized CNNs and hybrid models in cataract
detection, our study is new. We achieved high-efficiency com-
putational performance using oneAPI, a technology that allows
parallel processing. The resultant reduced model runtime makes
our technique suitable for use in real-time clinical applications.
By using CNN-SVM hybrids, feature extraction, and categori-
zation are reconciled, negating the effects of CNN-only-based
systems. Medical image analysis techniques of today often strug-
gle with noise sensitivity, model complexity, and processing re-
quirements. Through high-quality preprocessing using uniform
scaling, normalization, and contrast enhancement, our method
successfully mitigates the influence of noise on model perfor-
mance. Our model architecture is intricate, but it is designed
with precision in mind while also being feasible to execute. To
achieve performance optimization, we took advantage of Intel
oneAPI libraries to accelerate computational efficiency and re-
duce processing time. The following sections present in-depth
analyses of these criteria (Table 1).

3 | Materials and Methods

A thorough explanation of the essential data collection, pre-
processing stages, model architectures, oneAPI optimization,

training protocols, and assessment metrics employed in our in-
vestigation can be found in this section.

3.1 | Data Collection

In this article, we use colour fundus pictures from ODIR collec-
tion (ODIR-2019, 2022) [32]. The data in the collection pertain to
eight different classifications of illnesses or disorders. We only
used normal fundus and cataract imageries for our investiga-
tion. The research consists of 500 standards and 594 cataract
images extracted from color fundus photographs of patient's left
and right eyes. Surgeons’ diagnostic keywords accompany the
images and offer helpful information on the clinical assessment.
Figure 1 shows a few cataracts and normal photos extracted
from the dataset. The dataset is intended to provide an authentic
collection of patient data in as accurate a form as possible as col-
lected by Shanggong Medical Technology Co. Ltd. from many
hospitals and healthcare institutions in China. Images of both
the left and right eyes are included to expand the range of the
dataset and to increase the level of knowledge on eye health.

3.2 | Data Preprocessing

An extensive preprocessing pipeline was implemented on fun-
dus pictures collected from various camera sources, including
Kowa, Zeiss, and Canon, before model training to standardize
the input data and improve model performance. Discrepancies
in dimension were eliminated, and the deep learning model was
provided with equal input size by reducing all photos to a stan-
dard resolution of 224 x224 pixels, which decreased computa-
tional complexity and memory demands [33]. Resizing is used to
aid in balancing the preservation of critical picture features with
reasonable resolution for efficient processing.

Pixel intensity distributions were normalized by scaling pixel
values to [0, 1] interval. The input data size was standardized
in this phase to enhance model convergence, thus reducing
the chance of gradient disappearing or ballooning during
backpropagation. In addition, histogram equalization was
used to enhance contrast to increase the visibility of features
in retinal pictures and increase the model's ability to detect
subtle cataract-related anomalies by dispersing pixel intensity
values.

The preprocessing method, which is done very carefully with
scaling, normalization, and contrast enhancement, has been
able to mitigate the inherent discrepancy in imaging conditions
across different devices and prepare the data for robust feature
extraction and efficient model training.
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TABLE1 | Cataract classification performance metrics.

Model Dataset Accuracy Precision Recall F1score
MobileNet Train 0.9921 0.9862 0.9845 0.9853
Test 0.9836 0.9754 0.9744 0.9769
VGG-19 Train 0.8031 0.6887 0.6192 0.6528
Test 0.7697 0.6508 0.5478 0.6965
ResNet-50 Train 0.9044 0.8194 0.8346 0.8269
Test 0.8777 0.7698 0.7907 0.7734
Inception-V3 Train 0.9264 0.7856 0.7926 0.7890
Test 0.9246 0.6797 0.7853 0.6523
0 0 0
50 50 50
100 100 100
150 150 150
200 200 200
0 100 200 0 100 200 0 200 0 100 200 0 100 200
Cataract Cataract Normal Cataract Cataract
0
50
100
150
200 ‘
0 100 200 0 100 200 0 200 0 100 200 0 100 200
Cataract Normal Normal Normal Cataract

FIGURE1 | Image samples from the dataset.

3.3 | Proposed Architecture

The proposed architecture recommends CNNs-SVMs with
restricted capacity that are supported by architecturally ar-
chitected hierarchies of feature extraction and refinement for
cataract classification. A deep CNN is first used to extract highly
patterned images from the fundus. After each of the five convo-
lutional layers of the CNN architecture, we included rectified
linear unit (ReLU) and batch normalization. Figure 2 shows the
overall architectural design. The first layer has 64 initial filters
of size 3x 3, and a subsequent layer has 128 of those filters. The
breakdown of exact down sampling for spatial dimensions can
occur by putting max-pooling layers with a pool size of 22 in
between each of two successive convolutional layers. To further
increase discriminative strength, we combine these features
with an SVM that serves as a feature selector. This method aims
to combine the benefited features of CNN and SVM in cataract

classification and categorization, and it is the most comprehen-
sive and efficient one among them. In addition, architecture is
optimized and implemented inside of the oneAPI environment
using the oneDNN library so that the architecture is plug-and-
play for various hardware architectures.

An analysis of four distinct classification models, MobileNet,
ResNet, VGG19, and Inception, was conducted to classify cata-
ract images based on features extracted by the hybrid CNN-SVM
architecture. To achieve better performance and efficiency, the
oneDNN library is used to optimize each model independently
as part of the oneAPI environment. The features produced from
the CNN-SVM hybrid are fed into separate classification models
to make them suitable for autonomous classification. This com-
parative study is helpful for a detailed characterization of the
strengths and capabilities of each model and for their utility in
cataract detection. A comprehensive evaluation of results from
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Dataset
Pre-Processing

FIGURE2 | Proposed hybrid architecture.

each model is performed with respect to terms such as precision,
recall, accuracy, and f1 score to judge how effective each model
is for categorizing cataracts. It is a comprehensive analysis that
helps determine the model yielding the most dependable diagno-
ses in real-world settings.

3.4 | CNN-SVM Feature Extraction

First is the use of a carefully architected CNN architecture that
constitutes the first part of the feature extraction process. After
each of the five convolutional layers in the CNN, batch normal-
ization and ReLU are applied [34]. After 128 3 3 kernel-sized
filters are done, the first layer contains a filter size of 64 3 x 3 ker-
nels. Each spatial down-sampling of 2 x 2 is done by strategically
placing 2x2 max pooling layers. Two fully linked layers, both
containing 512 neurons, ReLU activation, and batch normaliza-
tion, follow before the final softmax layer. At the same time, it
has the potential to improve the features through simultaneous
integration of SVM. The use of SVM as a feature selector instead
of a classifier [35] makes the SVM a powerful discriminator of
CNN's features. To refine features, the SVM's regularization
parameter and RBF kernel are adjusted. Through the hybrid
architecture’s ability to integrate the SVM's pattern recogni-
tion strength with CNN's ability of representation, a feature ex-
traction method with the explicit goal of cataract classification is
developed by using the architecture's capacity to combine them.
Our feature extraction stage is built on an integrated CNN-SVM
framework, showing how the common architectures in machine
learning and deep learning can be presented in a unified form.

3.5 | Classification Models

For cataract diagnosis in fundus pictures, four unique CNN mod-
els (MobileNet, ResNet-50, VGG-19, and Inception-V3) are delin-
eated with their topologies in this section. In terms of lightweight

Feature
Extraction

CNN-SVM

Classification

MobileNet

Cataract

ResNet-50

InceptionV3

— 4 Normal

VGG-19

architecture, mobile, and embedded applications, MobileNet is
a proposed architecture that can provide efficient performance
for fewer computing resources. By the deep design and residual
connections that have alleviated the vanishing gradient problem,
ResNet-50 is well equipped to train the wide networks and learn
high-level information from complex medical pictures. VGG is a
deeper level of variation of VGG, but it has a very simple, uniform
architecture with small convolutional filters to get subtle visual
info. Inception-V3 can learn multi-scale features with many filter
sizes concurrently, something beneficial for recognizing subtle
patterns in cataract pictures. We select each model to address the
challenges related to medical picture classification and offer var-
ied approaches to cataract identification.

3.5.1 | MobileNet

MobileNet is CNN's mobile architecture. In Figure 2, we see
that the core framework of the design is based on separable con-
volutions in depth. A specific family of complexities, namely
factorized complexities, are complexities that transform a con-
ventional complexity into a depth-wise complexity. Pointwise
complexity is a 1x1 complexity. The depth-wise separable con-
volutions are followed by batch normal and ReLU operations
after the depth-wise and pointwise layers, as shown in Figure 1.
In the interim, the model includes two fundamental global hy-
perparameters to balance the trade-off between latency and ac-
curacy [36]. In Equation (1), we can mathematically express the
depth-wise separable convolution.

y = Pointwise(Depthwise(x)) (1)

Furthermore, pointwise convolution is applied after the ap-
plication of depth-wise convolution, which is expressed in
Equation (2).

g

c
Yije= 2 o1 T X Kk )
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3.5.2 | VGG-19

VGG19 is an expansion of VGG16 architecture and a well-
known CNN, which is known for its simplicity. In its archi-
tecture, VGG19 maintains the 2x2 pooling size and the 3x3
convolutional filter size of 2 x 2 throughout. A max-pooling layer
inserted in front of a VGG19 can be written as a series of convl,
conv2, and conv3, as described [37]. Equation (3) represents the
convolution layer mathematically.

Y, =0(W.X,, +b)) ©)

where Y; is the output feature map, o is the ReLU, X;_, is the fea-
ture map, and W, and b; are the weights and biases. It consists of
nineteen layers in total. Sixty-four convolutional layersx 2, 128
strain neural network convolutionx2, 256 filter convolution
sheetx4, 64 convolutional locationsx 8, full engaged bedx2,
and 1 output sheet [38]. We reduced ImageNet Gainsay's orig-
inal 1000 product nodes to two to meet our requirements. Two
entirely neighboring layers were used with a 0.5 dropout.

3.5.3 | ResNet-50

ResNet-18 and ResNet-50 are two versions of ResNet with so-
phisticated characteristics and broad applications in the field
of picture categorization [39]. ResNet-50 model contains 48
coiled layers, 1 MaxPool layer, an intermediate pool layer,
and a ReLU activation function. ResNet resolves the overfit-
ting problem that occurs when the input is fed into a front-fed
neural network, which has hidden layers with unreasonably
many parameters. Hence, network training is linked with a
fixed amount of input. Using linear techniques, a handful of
specialized neurons in this hidden layer is sufficient [40] to
fill the data. ResNet tries to learn from data and prevent the
growth of layers by creating shortcut connections by skip-
ping one or more levels of network topology to avoid mistakes
during the training process. Equations (3) and (4) provide
three equations defining the initial residual unit.

= h(x1) +f(x1’W1) 3
X141 =f(Y1) 4)

X; is the input, W, is the weights, and f is the residual function.

3.5.4 | Inception-V3

The Inception V3 model contains six convolution layers, two
maxpool layers, a linear layer, a softmax layer, three incep-
tions of module A, five inceptions of module B, and two in-
ceptions of module C. In an earlier version of Inception, the
spatial layer was more significant, e.g., 5 5. This convolution
will require much computing. To decrease it, two (3 X 3) con-
volution layers are used instead of the (5% 5) convolution layer
used in Inception V3 [41]. This will reduce computational
costs because fewer parameters are used. Inception V3 also
pays attention to the feature factorized convolutions to reduce
the computational complexity. It uses batch normalization
and ReLU activation functions for every convolutional layer to

improve training stability and create non-linearity. Fully con-
nected layers and classification-focused softmax output layer
are at the end of the network. Inception V3 has been shown to
be [42] especially well suited for challenging picture identifi-
cation tasks since it can perform efficient feature extraction
due to its unique design.

3.6 | One API Optimization

We optimize our four models of classification (ResNet, VGG19,
InceptionV3, and MobileNet) using the oneAPI toolkit to utilize
a range of hardware architectures better. Taking advantage of
the smooth integration of the oneDNN library into the oneAPI
environment, we guarantee that every model is optimized for
peak performance on both CPUs, GPUs, and other accelerators.
Our method enables the parallel execution of important opera-
tions, allowing it to speed up both training and inference for all
models by taking advantage of data parallelism. This hardware-
agnostic property of OneAPI enables the deployment effectively
across a range of platforms with minimal changes to the model
code [43]. In addition, basic linear algebra subprogram oper-
ations are optimized, and profiling tools from the oneAPI are
applied to reduce bottlenecks and improve the overall perfor-
mance of each classification model.

4 | Evaluation Metrics

In this study, standard classification measures (accuracy, pre-
cision, recall, and F1 score) were used to evaluate the model
performance in the binary classification of cataract-affected and
normal fundus pictures. We used a predetermined probability
threshold of 0.5 by labeling predictions equal to or beyond 0.5 as
cataract-affected and those under it as usual.

That is, accuracy measures the ratio of correctly classified
events in both group's overall events. The precision measures
the model's ability to pick out cataract cases from all cases pro-
jected as positive, hence reducing false positives. Sensitivity
(recall) is the model's ability to select all true positives from
all true positives correctly and is a measure of model's ability
to reduce false negatives. The F1 score combines accuracy and
recall in one statistic, which benefits from balanced perfor-
mance measurement when there is a trade-off between these
two criteria.

It was ensured that these assessment measures were applied
uniformly to all models in this comparison study. It was sim-
ply for its simplicity as well as interpretability, using a simple
set threshold of 0.5 and guaranteeing consistency in classifica-
tion predictions. The future may look at dynamic or data-driven
threshold adjustment for better classification performance.

5 | Results and Discussion

Based on findings from the assessment, it is observed that the
four models considered in this study have particular perfor-
mance traits that can be advantageous or disadvantageous. As
we can see, MobileNet demonstrates the highest accuracy at
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98.36%, precision at 97.54%, recall at 97.44%, and F1 score at
97.69%. These results demonstrate that while it accurately de-
tects cataracts, it does so with an appropriate level of accuracy
as well as memory. As with the higher accuracy of the model,
its possibility of overfitting might pose that its generalizability
is restricted on novel data. It is also notable that MobileNet is
also very efficient computing: 1827s of runtime is feasible for
real-time applications.

After that comes ResNet-50 with an accuracy of 87.77%, accu-
racy of 76.98%, recall of 79.07, and F1 score of 77.34, indicating
that this model is capable of extracting delicate and significant
features from cataract photos. However, it provided highly com-
mendable accuracy; its precision and recall suggest room for im-
provement, specifically in reducing false positives and certainly
guaranteeing dependable detection. The longer 2423s of train-
ing show us that ResNet-50 is more profound and, therefore,
has more processing needs in computer resources, which could
make it unsuitable for real-time.

The accuracy, precision, recall, and F1 score for VGGI19 are
76.97%, 65.08%, 54.78%, and 69.65%, respectively. Even though
VGG19 underperforms on the performance measures, it still
learns and detects key traits reasonably well. However, chal-
lenges like class imbalance or overfitting on our model may
lead to lower outcomes for cataract diagnosis. However, the ac-
curacy and resilience are compromised, but the computational
speed is exceptionally high, with training performed within
476s using VGG19, thus making it an excellent choice when
speed dominates.

Although the accuracy of 92.46% of inception-V3 in cataract
classification ranks highly, its 78.53% recall and 67.97% preci-
sion, along with 65.23% F1 score, suggest the probable false pos-
itives and false negatives. The results show that Inception V3,
although accurate, requires further refinement so that detection
rates for positive and negative instances are achieved at equilib-
rium. However, despite these problems, Inception V3 represents
an appealing option, given its limited training duration of 1345s,
which strikes a nice compromise between accuracy and comput-
ing efficiency.

All these models are equally accurate and performant, but we
need to assess the trade-off between precision, recall, and F1
score when deciding what model to deploy. Although the accu-
racy and the balancing metrics of MobileNet are particularly
impressive, more evaluation is needed to demonstrate its robust-
ness and generality. In selecting the model, the given particular
demands of the application, such as the speed, the accuracy, or
the capacity to manage complicated aspects in cataract identifi-
cation, must be guided.

6 | Conclusion and Future Study

We then present the results of our extensive evaluation and opti-
mization of four cataract classification models, achieving 98.36%,
with MobileNet showing the best results. On different types of
hardware configurations, we showed how flexible our method-
ology was with the incorporation of oneAPI enhancements. We
found that ResNet-50 achieved an accuracy of 87.77%, which also

performed quite well, but VGG19 and InceptionV3 require im-
provement. Future work should focus on refining the identified
regions of need for improvement, increasing the size of the data-
sets for better generalization, introducing Explainable AI (XAI)
methods, and studying group methods for additional model re-
silience. Depending on the ongoing integration of the latest and
the best design and optimization strategies, the sustained effec-
tiveness of cataract classification models in practical clinical ap-
plications will critically depend on it. The efficacy of the models
is robust in cataract identification, but implementation in real
clinical environments may meet obstacles. Model dependability
can be dependent on differences in imaging apparatus, patient
characteristics, and ambient conditions. A simple example is
that although MobileNet might be overfitting driven and hence
less generalizable, ResNet-50 could be too long in its processing
time to be real-time. VGG19 may perform diminished accuracy
and precision, leading to misclassifications and false positives,
and Inception V3 may have reduced precision, resulting in false
positives. More training on various datasets and additional fine-
tuning of the model is needed to increase resilience to real-world
settings and to increase clinical relevance.
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