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Abstract: This paper presents a transformative explainable convolutional neural network (CNN)
framework for cataract detection, utilizing a hybrid deep learning model combining Siamese net-
works with VGG16. By leveraging a learning rate scheduler and Grad-CAM (Gradient-weighted
Class Activation Mapping) for explainability, the proposed model not only achieves high accuracy
in identifying cataract-infected images but also provides interpretable visual explanations of its
predictions. Performance evaluation metrics such as accuracy, precision, recall, and F1 score demon-
strate the model’s robustness, with a perfect accuracy of 100%. Grad-CAM visualizations highlight
the key image regions—primarily around the iris and pupil—that contribute most to the model’s
decision-making, making the system more transparent for clinical use. Additionally, novel statistical
analysis methods, including saliency map evaluation metrics like AUC (Area Under the Curve) and
the Pointing Game, were employed to quantify the quality of the model’s explanations. These metrics
enhance the interpretability of the model and support its practical applicability in medical image
analysis. This approach advances the integration of deep learning with explainable AI, offering
a robust, accurate, and interpretable solution for cataract detection with the potential for broader
adoption in ocular disease diagnosis and medical decision support systems.

Keywords: cataract detection; explainable AI (XAI); deep learning; Siamese networks; VGG16;
Grad-CAM

1. Introduction

Cataracts are one of the leading causes of visual impairment globally, as they affect
millions every year [1]. In fact, the World Health Organization estimates that more than
51% of worldwide blindness is caused by cataracts, thus affecting elderly people dispropor-
tionately [2]. Due to the increasingly aging population, cataract prevalence is expected to
increase significantly over the next few decades [3]. A cataract is characterized by clouding
the normally clear lens in the eye, which results in blurred vision, sensitivity to light, and
eventual blindness if untreated [4]. Because the disease progresses in several stages, timely
intervention through treatment will prevent its advancement to such an extent that the last
hope for recovery becomes surgical [5]. Early diagnosis not only averts severe vision loss
but also enhances the quality of life in patients as effective treatment options can be offered
that may recover the visual function [6].

Traditionally, cataract diagnosis has relied on manual examination with slit-lamp
biomicroscopy, wherein an ophthalmologist examines the clarity of the lens by viewing
images captured through the slit-lamp visually [7]. This kind of examination is, however,
by definition subjective and heavily dependent upon the acumen and expertise of the
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examining professional. Considering limited diagnostic skills, often influenced by such
factors as variability in human judgment, fatigue, and shortage of special training, an
environment with scarce resources makes manual diagnosis labor-intensive and highly
inefficient for large-scale screening [8].

Particularly, the new era of AI has promised a lot in terms of speed and accuracy,
especially in diagnosis; it has made great strides in most fields, including medicine [9].
Deep learning models, especially CNNs, have been performing outstandingly in tasks
involving image classification, including those applied to medical images [10]. The process
of feature detection can be learnedautomatically by CNNs, making them suitable to detect
different stages of cataract onset [11]. Large datasets comprising labeled images can be
used to train CNNs inidentifying slight patterns, which may well be invisible to the human
naked eye [12]. Thus, these automated systems can change the face of cataract diagnosis by
diagnosing consistently, objectively, and much more quickly; therefore, they will reduce
the burden on ophthalmologists while improving the outcomes for patients.

This paper presents a transformative, explainable deep learning framework that can
resolve the twin issues of accuracy and interpretability related to cataract detection. The
proposed framework embeds state-of-the-art VGG16 and Siamese networkswith explain-
ability mechanisms such as saliency maps and Grad-CAM, which provide visualization
capability for clinicians to inspect the regions of interest responsible for any particular
model prediction. Thus, our approach not only improves diagnostic accuracy by transpar-
ently presenting an AI solution but also instills trust in deploying AI solutions practically
in medical environments.

The rest of this paper discusses the related literature, the architecture of the proposed
framework, the datasets used for training and testing, and the results that demonstrate its
potential for exact and explainable cataract detection.

2. Related Works

Cataract diagnosis has become one of the fastest-developing medical imaging areas
combined with artificial intelligence. This section presents a critical review of the most
representative research works, focusing on how CNNs and other deep learning models
have evolved in this area. Going by recent studies, traditional methods have increasingly
given way to more sophisticated approaches using ResNet, VGG, and DenseNet advanced
architectures with a view to boosting the accuracy and robustness of the diagnosis. The
review looks into existing literature for pattern identification, gaps, and emerging trends
that shape the current state of cataract detection technology.

It starts with some early foundational work and moves through some of the more
recent advances; it provides broad coverage of different methodologies contributing toward
better clinical outcomes as well as explainable AI model development.

Later works, building on the earlier findings, such as Dos et al. [13], present a method-
ology for glaucoma detection using Capsule Networks, referred to as CapsNet, requiring
fewer training samples compared to traditional CNNs. The study achieved a promising
result of 90.90% accuracy, showing how CapsNet captures the hierarchical variation of
the spatial relationships in the images. This is proof that this methodology works well
for the early detection of glaucoma with no exhaustive data augmentation and/or optical
disk segmentation. Also, Ali [14] introduced a hyper-optimized Vision Transformer model
enhanced with explainable AI for detecting and classifying eye diseases from medical
images. In the case of the prevalence of eye conditions worldwide, timely diagnosis with
precision is key for effective treatment. The current study proposes a new approach based
on fine-tuned Vision Transformers, which have been optimized by hyper-parameter tun-
ing in order to enhance both accuracy and generalization. Explainable AI has also been
integrated, so the transparency of the model’s decision-making process will be provided to
allow clinicians to interpret its predictions. It performed best with an accuracy of 91.40%,
along with good precision, recall, and F1 score. Moreover, the plausibility provided insight
into diagnosis and thus better care.
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Continuing further in this direction, in 2024, Fayyad [15], in the year 2024, presented
research on applying AlexNet, EfficientNetV2B0, and VGG19 architectures for classifying
cataract and glaucoma images using explainable AI techniques such as Grad-CAM for
explaining model decisions. It put to work several classification techniques coupled
with various optimization strategies for better model performance. It was found that
EfficientNetV2B0, combined with 90:10 holdout validation and the RMSProp optimizer,
worked best among the different models tested, with an accuracy of 89.77%, showing a
potential role of AI in promoting more transparency and diagnostic capabilities within
healthcare through explainable AI. Velpula et al. [16] focused their work on the glaucoma
detection task, exploiting both PCNNs for feature extraction and MLCs for the classification
task. For the proposed technique, there is an adoption of explainable AI, enhancing
transparency of the model such that users can be informed on how decisions are made.
More than 3000 fundus images were considered in this work, with an accuracy as high
as 98.03%, good precision, and recall. It allows better trust in the model’s predictions
with integrated explainability, hence setting the base for future research on automated
glaucoma detection. The proposal by Santone et al. [17] made a diagnosis of ocular diseases
through automatic analysis of photographs taken from the eye fundus, using convolutional
neural networks or CNNs. It involved four experiments on different conditions, such as
cataracts and glaucoma, all of which achieved high accuracy. The study used explainability
techniques to localize areas in images that represent disease-relevant areas, enhancing this
model for diagnostics in a clinical setting. The results showed not only how well the model
is able to identify the diseases themselves, but the areas that feed into such a diagnosis.

Afreen and Aluvalu [18] conducted a critical review of the literature dealing with
AI, machine learning, and deep learning methods related to glaucoma detection. Their
work highlighted shortcomings in manual diagnosis while highlighting the benefits of
automated systems. Explainable AI, through an adaptive neuro-fuzzy inference system,
needs to come forth in order for transparency and interpretability in the decision-making
process to be determined. This will greatly enhance user trust in AI and hence has huge
potential to improve the prediction and diagnosis of glaucoma. In this direction, Kher
et al. [19] have proposed an ensemble model, namely DeB5-XNet, where DenseNet121 and
EfficientNetB5 were combined for detecting different ocular diseases: cataracts, diabetic
retinopathy, and glaucoma. This model has the CLAHE method, which enhances the
features of an image, where it uses Grad-CAM for explainability, and the model predictions
are in agreement with clinical observations. It achieved 95% test accuracy with a substantial
reduction in false negatives, making it stand out as a reliable tool that ophthalmologists
could use. On the technological front, AlBalawi et al. [20] proposed IoT-Opthom-CAD,
an IoT-enabled diagnostic system integrated with deep learning by Swin Transformers
and LightGBM to achieve multi-disease detection using fundus images. The adoption of
Grad-CAM as the explainability tool has empowered the system to visually interpret the
features leading to diseases for more informative diagnoses. It had excellent performance,
where the reported accuracy was up to 96.5%showing the potential of this system in
improving early disease detection in ophthalmology. In addition, Serwaa et al. [21] designed
a LBPSCN for the diagnosis of glaucoma and cataracts. This model addresses the problem
of small datasets and, at the same time, illumination variation; hence, it has high accuracy
on a number of datasets, reaching as high as 96.87% for cataracts. This will enhance
feature extraction and robustness, since this approach promises to serve as an excellent
diagnostic tool for ophthalmologists in improving the outcomes of patients. Recently,
Alenezi et al. [22] studiedthe adoption of an ensemble AI model in age-related macular
degeneration diagnosis from OCT images. The paper used a Noor dataset of 16,822 images
from 441 patients to provide a comparison of the predictions obtained from individual AI
models, namely ResNet, EfficientNet, and Attention models, with the outputs combined
by using an ensemble model via trainable weights. The ensemble model yielded the best
performance: 91.88% accuracy, 92.54% precision, 92.01% recall, and a 92.03% F1 score in
its maiden run, improving further to 97% accuracy after refining misclassified cases. This
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study infers the role of AI in improving diagnostic precision for AMD and also illustrates,
one step further, the potential that can be released by model fusion while analyzing complex
medical images.

Thus, the literature indicates a definite trend in innovation in the growing sophisti-
cation of CNN-based models for cataract detection. This review underlines the fact that
while remarkable progress has been recorded both in terms of accuracy and explainability,
further research needs to be carried out on scalability and real-world implementation issues.
Further, this review recommends hybrid approaches and interpretable models in order to
leverage wider adoption into the clinical practice.

3. Materials and Methods
3.1. Materials
3.1.1. Dataset Description

The dataset used in this study is specifically curated for the practical application of
deep learning models in medical imaging, particularly for cataract detection. Sourced
from Kaggle’s public repository, this dataset can be accessed at (https://www.kaggle.com/
datasets/nandanp6/cataract-image-dataset (10 September 2024)). It contains a total of
609 eye images, comprising 305 normal eye images and 304 cataract-infected eye images.
This balanced dataset is well-suited for training neural networks, ensuring reliable classifi-
cation between normal and cataract-affected eyes. Each image is labeled as either “normal”
or “cataract” and captured under consistent conditions to maintain quality and resolution.
The balanced distribution of images minimizes the risk of class imbalance, a common issue
in medical datasets, thereby enhancing model training and evaluation. Prior to model
training, the images are preprocessed by resizing to a uniform dimension and normalizing
pixel values, which helps improve the training efficiency and model convergence. This
dataset is representative of a real-world clinical setting, containing variability in patient
demographics and eye conditions. The diversity in the data enhances the model’s gener-
alization ability across different cases, contributing to the robustness of the trained deep
learning framework. By leveraging this dataset, the proposed hybrid deep learning model
aims to achieve high accuracy in cataract detection, providing a potential tool for early
diagnosis and effective treatment. Figures 1 and 2 provide visual examples of the normal
and cataract-infected eye images, respectively.
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3.1.2. Data Preprocessing

In the preprocessing stage, the dataset is prepared to ensure it meets the input re-
quirements for the hybrid model, which combines a Siamese network and the VGG16
architecture. This process is outlined in Algorithm 1 and involves several key steps to han-
dle the image data effectively. The images, consisting of both normal and cataract-infected
eye samples, are first loaded from the respective folders for training and testing. Each
image is converted to grayscale using the PIL library and then resized to a uniform dimen-
sion of 30 × 30 pixels to maintain consistency across the dataset. Grayscale conversion
reduces computational complexity, allowing the hybrid Siamese-VGG16 model to process
a single-channel image input. Following this, the pixel values of the images are normalized
by scaling them to the range [0, 1], which is a standard step to enhance the model’s training
performance and improve convergence. The dataset is then split into training and testing
subsets, ensuring an independent evaluation of the model’s performance. In the hybrid
model, the VGG16 architecture was employed for feature extraction, while the Siamese
network architecture was used to measure similarity between image pairs. To prepare the
data for this setup, the labels (“normal” or “cataract”) are encoded using LabelEncoder
and then converted into one-hot encoded vectors, aligning with the model’s classification
output layer. Finally, Grad-CAM (Gradient-weighted Class Activation Mapping) was
integrated into the framework to provide explainability. This allows the visualization of
the regions in the input images that the model focuses on during its prediction, offering
insights into the decision-making process of the hybrid network.

Algorithm 1: Data Preprocessing

Input: Image Data
Output: Preprocessed Data
dataPreprocessing(folder_path)

Load the dataset from specified folder paths (train and test sets)
Convert each image to grayscale
Resize each image to 30 × 30 pixels
Normalize the pixel values to the range [0, 1]
Append each image to the image list and its corresponding label to the label list
Encode the labels using LabelEncoder
One-hot encode the labels for the hybrid Siamese-VGG16 model
Return the processed dataset (X_train, X_test, y_train, y_test)

end dataPreprocessing

This preprocessing pipeline was established to ensure that the dataset was appropri-
ately formatted for the hybrid Siamese-VGG16 model. The resizing and normalization
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of images, combined with encoded labels, facilitate efficient training. Additionally, the
integration of Grad-CAM enhances interpretability by highlighting the image regions that
are most influential in the model’s predictions.

3.2. Methods
3.2.1. Proposed Architecture

The architecture provides a design for cataract detection by marrying the Siamese
network into a pre-trained VGG16 model with a learning rate scheduler to optimize
training as depicted in Figure 3. Such a hybrid approach would leverage the strength of the
Siamese network in comparing image pairs and the powerful feature extraction of VGG16
to perform both highly accurate and transparent medical imaging tasks. Grad-CAM is
incorporated to provide visual insights into the model’s process, leading to a decision
for high interpretability [23]. Its architecture is such that the network effectively detects
cataracts, blending performance and explainability andserving as a useful health assistant.
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3.2.2. The Model

In the proposed model, a hybrid deep learning framework incorporating a Siamese
network with the VGG16 architecture is used. Such architecture will easily compare pairs of
medical images for cataract detection by leveraging deep feature extraction and similarity
measurement. A learning rate scheduler is also adopted within the framework to optimize
the training for better convergence and performance improvement.

• VGG16-based Siamese Network

A Siamese network is a type of neural network architecture that contains two or
more identical sub-networks with shared weights and shared parameters [24]. In the
work proposed herein, each sub-network consists of a VGG16 architecture, which is a
convolutional neural network that normally is used for image recognition tasks. A Siamese
network learns the similarity between pairs of input images.

• Feature Extraction

The Siamese Network first takes in feature extraction, wherein the input images are
passed through the VGG16 model to represent the features.

Let J1 and J2 be the two input images to be compared. The function f (.;θ) is used for
feature extraction, which represents the VGG16 network, where θ represents the trainable
parameters of the network, i.e., weights and biases. The outputs from the two branches,
two identical sub-networks, can be given by:

FV1(J1; θ)and FV2(J2; θ) (1)



Appl. Sci. 2024, 14, 10041 7 of 20

FV1 is the feature vector extracted from the first image J1. FV2 is the feature vector
extracted from the second image J2. These feature vectors, FV1 and FV2, contain the
important characteristics of the respective images and are essential for measuring similarity.

• Distance Calculation

The next step in determining the similarity between these two images will then be
in computing the distance between their feature representations. One good choice for the
distance in a Siamese network can be the Euclidean distance, given by:

DT(FV1, FV2)=

√
∑n

i=0

(
FVi

1−FVi
2

)2
(2)

where n is the dimensionality of the feature vectors FV1 and FV2. DT(FV1, FV2) gives us
a scalar value representing the distance between the two feature vectors. The output of the
Siamese network is computed using the sigmoid function based on the distance calculated

ŷ = σ(−DT(FV1, FV2)) (3)

The resulting distance DT(FV1, FV2) is then transformed into a probability using the
sigmoid function where σ(x) = 1

1+e−x , which maps the result to a value ranging between 0
and 1. This value represents the likelihood of the two images being similar (close to 1) or
dissimilar (close to 0). The negative sign in front of the distance ensures that larger distances
correspond to lower probabilities, thus effectively transforming similarity measures into
probabilistic outputs that reflect the confidence in the similarity assessment.

• Learning Rate Scheduler

To further enhance the training efficiency of the Siamese Network, a learning rate
scheduler is adopted. For this purpose, α can be tuned dynamically during training based
on model performance. One common heuristic is to implement a schedule known as step
decay, defined as:

α(r) = α0 × const_ f actor⌊
r

len_size ⌋ (4)

where α(r) is thelearning rate at epoch and α0 is the initial learning rate. The const_factor is
a constant factor to reduce the learning rate and len_size defines how often the learning rate
is reduced.

• Hybrid Deep Learning Approach

In this hybrid framework, the output from the Siamese network is combined with
those of additional models for improving the overall performance. Indeed, this makes
particular sense for tasks in which different models capture different aspects of the data.

• Model Integration

Let us assume that we have L different models, including the Siamese network. Each
of these models processes the feature vectors and generates an output.

We can represent the output from the l-th model as:

ŷl = ĉl(FV1, FV2; θl) (5)

For l = 1, 2, . . ., L here, ĉl is the prediction function for l-th model; θl is the trainable pa-
rameter that is specific to the l-th model.The flexibility here is that it allows the involvement
of other models to enhance predictability and robustness.

The ensemble prediction is computed as the average of all model outputs:

ŷensemble =
1
L

L

∑
l=1

ŷl (6)

The proposed hybrid deep learning framework combines Siamese network archi-
tecture and a pre-trained VGG16 base for image similarity detection. It processes pairs
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of images through identical subnetworks—weight sharing—with the intent of efficiently
comparing their features. Pre-trained VGG16 on ImageNet has been used here as a feature
extractor with reduced training data requirements [25]. The full connection layers after
extracting the features are of a dropout that helps prevent overfitting. The similarity was
calculated using the Euclidean distance between image features. In addition, binary classi-
fication was performed. The Adam optimizer was used along with a binary cross-entropy
loss; the learning rate scheduler was adjusted during training. Data augmentation and
Grad-CAM enhanced model robustness and interpretability on cataract detection-like tasks.

The algorithmic implementation detailing the integration of these models is presented
in Algorithm 2.

Algorithm 2: Siamese Network for Cataract Detection

Input: Image dataset
Output: Trained Siamese network model for cataract detection and

Grad-CAM visualizations for the interpretation of model predictions.
readImagesFromFolder(folderPath)

imageList <- empty list
labelList <- empty list
subfolders <- list of directories in folderPath
for each subfolder in subfolders

subfolderPath <- concatenate(folderPath, subfolder)
if subfolderPath is a directory

images <- list of files in subfolderPath
for each imageFile in images

imagePath <- concatenate(subfolderPath, imageFile)
if imagePath is a file

image <- open imagePath
image <- resize(image, mysize)
image <- convert image to array
image <- image.astype(‘float32’)
image <- image / 255
if image is not None

append image to imageList
append subfolder to labelList

return imageList, labelList

createPairs(images, labels, numPairs)
pairImages <- empty list
pairLabels <- empty list
labelDict <- map labels to indices
labelToIndices <- map label indices to image indices
uniqueLabels <- list of labels in labelDict
if numPairs is None

numPairs <- 10,000 // default value
for _ in 1 to numPairs

if random() > 0.5
label <- randomly choose from uniqueLabels
idx1, idx2 <- randomly select two indices from labelToIndices[label]
append (images[idx1], images[idx2]) to pairImages
append 1 to pairLabels // similar

else
label1, label2 <- randomly choose two different labels from uniqueLabels

idx1 <- randomly choose from labelToIndices[label1]
idx2 <- randomly choose from labelToIndices[label2]
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Algorithm 2: Cont.

append (images[idx1], images[idx2]) to pairImages
append 0 to pairLabels // dissimilar

return pairImages, pairLabels

folderPath <- ‘D:\\datasets\\eyeCataract\\processed_images’
trainFolderPath <- concatenate(folderPath, ‘train’)
trainImages, trainLabels <- readImagesFromFolder(trainFolderPath)

testFolderPath <- concatenate(folderPath, ‘test’)
testImages, testLabels <- readImagesFromFolder(testFolderPath)

trainPairs, trainLabels <- createPairs(trainImages, trainLabels, numPairs =10,000)
testPairs, testLabels <- createPairs(testImages, testLabels, numPairs = 1000)

createBaseNetwork(inputShape)
baseModel <- load VGG16 model with ImageNet weights, exclude top layer
for each layer in baseModel.layers

set layer.trainable to false
model <- new SequentialModel
model.add(baseModel)
model.add(Flatten())
model.add(Dense(128, activation = ‘relu’))
model.add(Dropout(0.5))
model.add(Dense(128, activation = ‘relu’))
return model

euclideanDistance(vectors)
featuresA, featuresB <- vectors
sumSquared <- reduce sum of square differences between featuresA and featuresB
return sqrt(max(sumSquared, epsilon))

inputShape <- (64, 64, 3)
inputA <- create input layer with shape inputShape
inputB <- create input layer with shape inputShape
baseNetwork <- createBaseNetwork(inputShape)

featA <- baseNetwork(inputA)
featB <- baseNetwork(inputB)

distance <- Lambda(euclideanDistance, output_shape = (1,))([featA, featB])
output <- Dense(1, activation = "sigmoid")(distance)

siameseModel <- create model with inputs [inputA, inputB] and output output
siameseModel.compile(optimizer = "adam", loss = "binary_crossentropy", metrics = ["accuracy"])

trainX <- convert trainPairs to array
trainY <- convert trainLabels to array

reduceLR <- ReduceLROnPlateau(monitor = ‘val_loss’, factor = 0.2, patience = 5, min_lr = 1 × 10−6,
verbose = 1)

fit siameseModel
inputs <- [trainX[:, 0], trainX[:, 1]]
labels <- trainY
epochs <- 20
validation_data <- ([testPairs[:, 0], testPairs[:, 1]], testLabels)
callbacks <- [reduceLR]
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Algorithm 2: Cont.

gradCam(inputModel, img, layerName)
gradModel <- create model that maps input image to activations of layerName and output predictions
with GradientTape

convOutputs, predictions <- gradModel(expand img to batch dimension)
loss <- predictions of predicted class

output <- convOutputs[0]
grads <- gradient of loss with respect to convOutputs
weights <- reduce mean of grads along axes 0 and 1
cam <- initialize array of ones with shape of output‘s first two dimensions
for i, w in enumerate(weights)

cam += w output[:, :, i]
cam <- resize cam to (64, 64)
cam <- max(cam, 0)
heatmap <- normalize(cam)
return heatmap

exampleImg1 <- testPairs[0][0]
exampleImg2 <- testPairs[0][1]

heatmap1 <- gradCam(baseNetwork, exampleImg1, layerName = ‘block5_conv3’)
heatmap2 <- gradCam(baseNetwork, exampleImg2, layerName = ‘block5_conv3’)

create visualization
create figure with size (10, 5)
add subplot for image 1 with heatmap1
add title ‘Grad-CAM for Image 1’
add subplot for image 2 with heatmap2
add title ‘Grad-CAM for Image 2’
show visualization

4. Results

This section presents the results and findings of the experimental study conducted to
develop a hybrid Siamese-VGG16 model for accurate cataract detection. The performance
of the model wasevaluated based on its classification accuracy, precision, recall, and F1
score. Additionally, the interpretability of the model’s predictions wasenhanced through
the application of Grad-CAM, providing insights into the decision-making process of
the model.

4.1. Performance Evaluation Metrics

The key performance indicators of the hybrid Siamese-VGG16 model for cataract
detection were measured using accuracy, precision, recall, and the F1 score. Accuracy is a
measure that calculates the proportion of correctly classified images. The perfect score of 1.0
means the model has identified all normal and cataract-infected images correctly. Precision
is generally defined as the reliability of the model in predicting cataract cases. The score of
1.0 depicts no false positive. The recall showed that the model has measured all cataract
cases. An F1 score of 1.0 shows that precision and recall have the best balance, hence the
optimum performance of the model with a minimum error in the medical diagnosis as
shown in Figure 4.
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To further evaluate the performance of the hybrid model, a confusion matrix was
generated, as illustrated in Figure 5 This matrix provides a comprehensive overview of the
classification model’s ability to distinguish between eye images categorized as cataract and
normal. As depicted in Figure 5, the rows in the confusion matrix correspond to the true
classes, while the columns represent the predicted classes generated by the model. The
results indicate that the model accurately identified 61 instances of cataract images, show-
casing its effectiveness in recognizing this condition. Additionally, it correctly classified 60
instances as normal, underscoring its robust performance in identifying healthy eye images.
Importantly, the model demonstrated no false positives, meaning it did not misclassify
any normal images as cataract cases. Likewise, there were no false negatives, signifying
that the model did not overlook any instances of cataract. This performance level reflects
impressive accuracy across both classes. The metrics derived from the confusion matrix
suggest that the model possesses an exceptional ability to differentiate between cataract
and normal eye images, highlighting its reliability and effectiveness in clinical settings.
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To further evaluate the performance of the hybrid model, the Receiver Operating
Characteristic (ROC) curve was analyzed, as shown in Figure 6. This curve is essential for
assessing the model’s ability to distinguish between cataract and normal eye images by
illustrating the relationship between the True Positive Rate (TPR) and the False Positive
Rate (FPR) across various threshold settings. The TPR indicates the proportion of actual
cataract cases correctly identified by the model, while the FPR reflects the proportion
of normal cases misclassified as positives. The ROC curve’s proximity to the upper left
corner demonstrates the model’s high sensitivity and low false positive rate. Notably, the
model achieved a perfect area under the ROC curve (AUC) of 1.00, indicating exceptional
classification capability and a strong ability to differentiate between the two classes.
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For further performance evaluation of the hybrid model, both training and validation
loss and accuracy are presented with great care, as shown in the following plots as depicted
in Figure 7. On the left, it shows a plot of training and validation loss across the epochs,
where both are consistently decreasing. That means this model is learning well, the training
loss decreases with the increase in the number of epochs, and it also shows that the
trend in the validation loss has a similar shape, which suggests that the generalization
capability of the model does not become hampered due to overfitting. The right plot depicts
the model’s accuracy for both training and validation phases. While both training and
validation accuracy steadily increased, the former reached an almost 100% value toward
the end of epochs. The latter also showed strong improvement, with values closing in
on the same heights, thereby proving the model’s strength for differentiating cataract
images from normal ones. These results are particularly important in the context of the
previously discussed confusion matrix and ROC curve analyses, which already confirmed
the correctness of eye image classification by this model. The convergence of training and
validation accuracy, together with a small gap between their values, points to the strong
predictive performance of the model and further potential use in clinical applications.
Overall, training and validation metrics justify the effectiveness of the model and increase
its leading role as a robust diagnostic tool for eye health assessment.
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4.2. Comparative Analysis
4.2.1. Ablation Analysis

Ablation studies in this section will discuss the contributions of different components
in the proposed model, as depicted in Table 1. Ablation studies are a necessary method
where one can learn how different components contribute to the overall performance of
the model. Feature selection can be carried out through complete removal or modification
in order to study its particular implications in isolation and understand which specific
elements play the most critical role in achieving superior results. The study helps validate
that the effectiveness of the specific design choices provides potential areas of improvement.

Table 1. Ablation analysis. ("✓" indicates the inclusion of a component, "X" indicates exclusion).

Model
Configuration

Base
VGG16 Siamese

Explainability
(Grad-
CAM)

Learning
Rate

Scheduler

Accuracy
(%)

Precision
(%)

Recall
(%)

F1 Score
(%)

Baseline (VGG16) ✓ X X X 88.0 86.5 84.5 85.5
Baseline +
Learning Rate
Scheduler

✓ X X ✓ 91.0 89.5 88.5 89.0

Hybrid (VGG16 +
Siamese) ✓ ✓ X X 92.5 91.0 90.5 90.7

Hybrid + Learning
Rate Scheduler ✓ ✓ X ✓ 100 100 100 100

Baseline +
Explainability ✓ X ✓ X 88.0 86.5 84.5 85.5

Hybrid +
Explainability ✓ ✓ ✓ X 92.5 91.0 90.5 90.7

Full Model (VGG16
+ Siamese + LR +
Explainable AI)

✓ ✓ ✓ ✓ 100.0 100.0 100.0 100.0

Ablation experiments serve to show that every part of the model proposed in this
paper contributes a great deal to its performance. Removing or tampering with certain
elements of the model, such as the attention mechanism or feature extraction layers, causes
significant degradation in accuracy and general performance. This says a lot about the
inclusion of these components in arriving at the metrics of performance attained. In light
of such observations, these findings reassure the rationale behind the design and every
element’s importance in the model’s architecture. In the ablation study, a range of model
configurations was tested in terms of their influence on the accuracy of cataract detection.
A series of experiments were performed by adding or removing components systematically
from the proposed architecture, which includes a VGG16 model, a Siamese network, ex-
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plainability through Grad-CAM, and finally a learning rate scheduler. Accuracy, precision,
recall, and F1score are the metrics through which each component’s contribution was con-
sidered toward the final model. The performance of the VGG16 baseline model achieved
very good performance but failed to catch some of the positive cases with 88.0% accuracy.
Then, the introduction of a learning rate scheduler increased performance significantly, up
to 91.0%, while the use of VGG16 combined with a Siamese network pushed this result
even further to 92.5%, increasing its ability to distinguish between healthy and cataract-
affected images. Finally, when both the Siamese network and learning rate scheduler were
put to work together, the model performed with perfect classification (100% accuracy).
However, adding explainability using Grad-CAM did not reduce performance but added
great value in interpretability—informing how the model made a prediction. This final
model combined all the components mentioned earlier and achieved the perfect score for
an optimal balance of high performance with transparency.

Alongside the actual image sampled from the test set, Figure 8 visually presents the
Grad-CAM outputs for each model across different configurations.
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The Grad-CAM images give a clear view of the contribution of each component toward
the performance of the model as a whole. In the complete model, well-defined, focused
regions of interest point to the importance of each component. Degradation reinforced by
ablation settings shows their importance. These further illustrate how visualizations are
used in providing insight into how the model processes data in order to understand and
validate its design.

4.2.2. Analysis of Grad-CAM Outputs Using KL Divergence for Model Comparison

This section analyzed the Grad-CAM outputs generated from different model configu-
rations, as shown in Table 2, by employing Kullback–Leibler (KL) divergence as a quanti-
tative measure of the similarity between the generated heatmaps. Specifically, Heatmap1
represents the Grad-CAM output from VGG16 combined with a learning rate scheduler,
Heatmap2 represents the Grad-CAM output from VGG16 combined with a Siamese archi-
tecture, and Heatmap3 represents the Grad-CAM output from VGG16 combined with both
Siamese architecture and the learning rate scheduler.

Table 2. Analysis of the Grad-CAM outputs using KL divergence.

Comparison KL Divergence Interpretation

Heatmap1 (VGG16 + LRS) vs.
Heatmap2 (VGG16 + Siamese) 0.1398

Moderate similarity in focus, indicating
overlapping but distinct features
emphasized by the two configurations.

Heatmap1 (VGG16 + LRS) vs.
Heatmap3 (VGG16 + Siamese
+ LRS)

0.0999
Strong similarity, suggesting both
configurations focused on similar
features within the images.

Heatmap2 (VGG16 + Siamese)
vs. Heatmap1 (VGG16 + LRS) 0.1483

Indicates a somewhat different focus in
the features emphasized by Heatmap2
compared to Heatmap1.
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Table 2. Cont.

Comparison KL Divergence Interpretation

Heatmap2 (VGG16 + Siamese)
vs. Heatmap3 (VGG16 +
Siamese + LRS)

0.0388

The lowest divergence recorded, showing
a close alignment in focus between the
two configurations with significant
feature similarity.

Heatmap3 (VGG16 + Siamese
+ LRS) vs. Heatmap1 (VGG16
+ LRS)

0.1190

Suggests notable similarities but also
distinct differences, implying that the
configurations captured different aspects
of the input images.

Heatmap3 (VGG16 + Siamese
+ LRS) vs. Heatmap2 (VGG16
+ Siamese)

0.0479

Low divergence, confirming a close
alignment between Heatmap3 and
Heatmap2, reinforcing that they
produced similar interpretations of the
input data.

Overall, the KL divergence analysis revealed that while similarities existed in the
focus of the Grad-CAM outputs among the different model configurations, distinct varia-
tions reflected the unique characteristics learned by each model. The closeness of the KL
divergence values between Heatmap2 and Heatmap3 suggests that these configurations
might benefit from further investigation to understand their respective impacts on model
interpretability and performance. Future analysis could explore how these differences in
focus correlate with the models’ predictive accuracies on the test set.

4.2.3. Proposed Analysis with Other Schemes

This section will provide a comparative review of the various models and method-
ologies applied to the detection of diseases of the eye, focusing on the effectiveness of all
methodologies in the field as depicted in Table 3. The comparison of each will be performed
with others in view of the ability to diagnose conditions such as glaucoma, cataracts, and
other ocular diseases, complemented by explainability tools. This comparison also puts
in perspective the strengths and limitations of the existing models against the proposed
hybrid deep learning model as shown in Figure 9, which integrates VGG16 with a Siamese
network and learning rate scheduler. Research should focus on performance metrics related
to accuracy while embedding explainability methods such as Grad-CAM and explainable
AI in order to show steps toward both high precision and interpretive transparency in
medical diagnosis.

Table 3. Table of comparison.

Author(s) Model/Methodology Disease Focus Accuracy Explainability Tool

Dos et al. [13] Capsule Networks (CapsNet) Glaucoma 90.90% None

Ali, [14] Vision Transformer (ViT) with
Explainable AI Eye diseases (general) 91.40% Explainable AI

Fayyad, [15] AlexNet, EfficientNetV2B0,
VGG19 with Grad-CAM Cataract, Glaucoma 89.77% Grad-CAM

Velpula et al. [16] PCNNs for feature extraction
and MLCs for classification Glaucoma 98.03% Explainable AI

Santone et al. [17] CNNs for automatic analysis
of ocular diseases Cataract, Glaucoma 95% Explainability

localization

Kher et al. [18]
DeB5-XNet (DenseNet121 +
EfficientNetB5) with CLAHE
and Grad-CAM

Cataract, Diabetic
Retinopathy 95% Grad-CAM

AlBalawi et al. [19]

IoT-Opthom-CAD (Swin
Transformers + LightGBM)
with an IoT-enabled diagnostic
system

Multi-disease detection 96.5% Grad-CAM
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Table 3. Cont.

Author(s) Model/Methodology Disease Focus Accuracy Explainability Tool

Serwaa et al. [20] LBPSCN for small datasets
with illumination variation Cataract 96.87% None

Alenezi et al. [21]

Ensemble model (ResNet,
EfficientNet, Attention models)
for age-related macular
degeneration from OCT
images

AMD 97% None

Proposed Model
Hybrid deep learning(VGG16
and Siamese Network with
learning rate scheduler)

Cataract 100% Grad-CAM

Appl. Sci. 2024, 14, x FOR PEER REVIEW 16 of 20 
 

Alenezi et al., [21] 

Ensemble model (ResNet, 
EfficientNet, Attention models) for 
age-related macular degeneration 
from OCT images 

AMD 97% None 

Proposed Model 
Hybrid deep learning(VGG16 and 
Siamese Network with learning 
rate scheduler) 

Cataract 100% Grad-CAM 

 

 
Figure 9.Comparison of model accuracy [13–21]. 

The comparison analysis shows that different deep learning methodologies have 
been applied to detect ocular diseases, each with its own distinct advantages in accuracy 
and explainability, as shown in Figure 8. Models like Velpula et al.’s [16] and Alenezi et 
al.’s [21] ensemble model show high accuracy, while some lack reported performance 
metrics. The proposed hybrid deep learning model, which combines VGG16 and a Sia-
mese network with a learning rate scheduler, achieves superior accuracy (100%) and in-
corporates the Grad-CAM explainability tool. This positions the proposed model as a 
state-of-the-art solution in cataract detection, excelling in both accuracy and the trans-
parency of decision-making, making it a valuable asset in medical diagnostics. 

5. Discussion 
Figure 10 presents the results of the Grad-CAM analysis, providing insight into the 

interpretability of deep learning models, specifically the Siamese network and VGG16 
architecture. Grad-CAM generates a coarse localization map that highlights critical image 
regions influencing the model’s predictions. By utilizing the gradients from the final 
convolutional layers, the heat map displays varying importance levels across the image, 
indicated by a color gradient ranging from red (high importance) to blue (low im-
portance). 

Figure 9. Comparison of model accuracy [13–21].

The comparison analysis shows that different deep learning methodologies have been
applied to detect ocular diseases, each with its own distinct advantages in accuracy and
explainability, as shown in Figure 8. Models like Velpula et al.’s [16] and Alenezi et al.’s [21]
ensemble model show high accuracy, while some lack reported performance metrics. The
proposed hybrid deep learning model, which combines VGG16 and a Siamese network with
a learning rate scheduler, achieves superior accuracy (100%) and incorporates the Grad-
CAM explainability tool. This positions the proposed model as a state-of-the-art solution
in cataract detection, excelling in both accuracy and the transparency of decision-making,
making it a valuable asset in medical diagnostics.

5. Discussion

Figure 10 presents the results of the Grad-CAM analysis, providing insight into the
interpretability of deep learning models, specifically the Siamese network and VGG16
architecture. Grad-CAM generates a coarse localization map that highlights critical image
regions influencing the model’s predictions. By utilizing the gradients from the final
convolutional layers, the heat map displays varying importance levels across the image,
indicated by a color gradient ranging from red (high importance) to blue (low importance).



Appl. Sci. 2024, 14, 10041 17 of 20
Appl. Sci. 2024, 14, x FOR PEER REVIEW 17 of 20 
 

 
Figure 10. Grad-CAM analysis for cataract detection. 

In this analysis, the model primarily focuses on the iris and pupil areas, as evidenced 
by the central regions highlighted in yellow and green, signifying their significant impact 
on classification decisions. Conversely, blue regions denote areas of minimal importance. 
This visual interpretability is particularly beneficial in contexts like medical image anal-
ysis, where specific features are crucial for accurate predictions. The results illustrate how 
the Siamese network and VGG16 assign different importance levels to sub-regions of the 
image, with the pupil and iris being key determinants in the model’s decision-making 
process. Such insights enhance understanding and transparency in deep learning models, 
making them invaluable for research and practical applications where comprehending 
model behavior is essential. Evaluating regional importance scores for cataract detection 
is shown in Figure 11. 

 
Figure 11. Evaluating regional importance scores for cataract detection. 

Grad-CAM mostly highlights the lens area using warm colors like reds and yellows 
to indicate the high importance of this region toward model predictions as depicted in 
Figure 11. That also makes sense, because it is the cataract that is actually affecting the 
lens. In contrast, surrounding cooler colors of blues and greens will have less importance 
in detection. That is appropriate because the model should not pay much attention to 
either the iris or the cornea since the lens is the main area of concern in determining cat-
aracts. Moreover, how the heat map aligns with the cloudy lens in the original image also 
serves as a visual confirmation that the model learns features that are relevant for the 
detection of cataract conditions. The visual representation of the heatmap scores is shown 
in Figure 12. 

Figure 10. Grad-CAM analysis for cataract detection.

In this analysis, the model primarily focuses on the iris and pupil areas, as evidenced
by the central regions highlighted in yellow and green, signifying their significant impact
on classification decisions. Conversely, blue regions denote areas of minimal importance.
This visual interpretability is particularly beneficial in contexts like medical image analysis,
where specific features are crucial for accurate predictions. The results illustrate how
the Siamese network and VGG16 assign different importance levels to sub-regions of the
image, with the pupil and iris being key determinants in the model’s decision-making
process. Such insights enhance understanding and transparency in deep learning models,
making them invaluable for research and practical applications where comprehending
model behavior is essential. Evaluating regional importance scores for cataract detection is
shown in Figure 11.
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Figure 11. Evaluating regional importance scores for cataract detection.

Grad-CAM mostly highlights the lens area using warm colors like reds and yellows
to indicate the high importance of this region toward model predictions as depicted in
Figure 11. That also makes sense, because it is the cataract that is actually affecting the lens.
In contrast, surrounding cooler colors of blues and greens will have less importance in
detection. That is appropriate because the model should not pay much attention to either
the iris or the cornea since the lens is the main area of concern in determining cataracts.
Moreover, how the heat map aligns with the cloudy lens in the original image also serves
as a visual confirmation that the model learns features that are relevant for the detection of
cataract conditions. The visual representation of the heatmap scores is shown in Figure 12.

The average importance scores are a good reflection of the model’s performance in the
detection of cataracts, where appropriate priority has been given to the lens while relegating
the cornea and pupil to less importance. The score of 0.79 indicates that the lens is the most
critical region, as would be expected from knowledge that cataracts essentially affect the
lens by making it cloudy. The score for the cornea is 0.19, which is moderate, implying that
while it does provide some relevant features in this model with regard to decision-making,
it is not as important as the lens. The pupil has the lowest importance score, 0.10, meaning
that it is not taken into consideration in the context of cataract detection. Overall, the
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distribution of importance scores matches well with our clinical expectations and supports
the ability of the model to identify key features associated with cataracts, hence its potential
to be a useful tool for diagnosis.
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6. Conclusions

This work presents a hybrid model combining a pre-trained VGG16 feature extrac-
tor with a Siamese network architecture to address the image similarity detection task.
Leveraging deep learning’s strengths, the model utilizes contrastive learning to create
high-dimensional features that differentiate between normal and cataract-infected images.
The VGG16 backbone, with pre-trained weights from ImageNet, minimizes the need for
extensive training on specific datasets, enhancing generalization. The hybrid model demon-
strated exceptional performance, achieving 100% accuracy, precision, recall, and F1score
on the test set alongside a perfect ROC curve AUC score of 1.00, showcasing its efficacy in
distinguishing between normal and cataract-infected images. The dynamic adjustment of
learning rates through the ReduceLROnPlateau callback improved training stability and
convergence. Utilizing binary cross-entropy loss and the Adam optimizer further enhanced
optimization. Notably, the incorporation of Grad-CAM added interpretability, allowing
visualization of the model’s focus areas in images, which is crucial for medical applications
like cataract detection. Overall, this hybrid model excels in differentiating between image
classes, showcasing strong metrics and generalization capability. It effectively combines
pre-trained networks, adaptive learning strategies, and interpretability tools, positioning
itself as a robust solution for various image analysis tasks. Future work could explore appli-
cations in other domains, refine similarity metrics, or introduce additional interpretability
techniques to enhance its utility and robustness.
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