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 Optical coherence tomography (OCT) is a non-invasive technique through 

which a retina specialist can see the structure behind the eye. This technol 

ogy offers a key role to identify various abnormalities in the retina: Drusen, 

diabetic macular edema (DME) and choroidal neovascularization (CNV). 

However, manual analysis of OCT scans can be time-consuming and prone 

to variability among clinicians. To address this challenge, we present a 

lightweight and explainable deep learning-based approach for automatic 

classification of retinal OCT images. The primary goal of this research is a 

model that delivers high diagnostic accuracy. A computer-aided suggestive 

method can help retinal doctors automatically classify the anomalies with 

more confidence and precision. In this paper, we proposed a novel approach 

based on deep learning: a six-layer convolutional neural network (CNN) 

integrated with hybrid pooling for effective feature extraction. Data 

augmentation and exponential learning rate is implemented to handle data 

imbalance between classes and for stabilized learning consecutively. Our 

proposed approach achieved 98.75% of accuracy while testing on the dataset. 

To further enhance the interpretability of the model, we also integrate 

explainable AI (XAI) using class activation mapping (CAM) to visualize the 

critical regions in the retina that contribute to the classification decisions.  
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1. INTRODUCTION 

Retinal optical coherence tomography (OCT) imaging plays a vital role in analyzing the layers of 

the retina without any surgical treatment in the eye. It helps identify different anomalies and their 

progression, if any. In ophthalmology, the use of retinal OCT imaging plays a crucial role in shaping 

treatment decisions and keeping a watch on the success of therapies such as laser treatment, eye injections, 

and surgeries. Classifying retinal OCT images with the help of modern computerized techniques can be 

leveraged in terms of suggestive systems to the retina specialist. The ability of automated image 

categorization is to provide reliable and impartial evaluations of retinal images, minimizing human error and 

diagnostic inconsistencies. 

Conventional machine learning algorithms take the texture features of the images as an input 

through which local or global information of the image can be represented. Once the feature vector is 

implemented by different feature extraction techniques: Local binary pattern (LBP) [1], histogram of oriented 
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gradients (HOG) [2], gray-level co-occurrence matrix (GLCM) [3], edge detection, and shape detection, the 

vector is provided to an artificial neural network (ANN), support vector machine (SVM) [4] or other 

supervised algorithm which eventually classify the image in the required class. The lagging part of 

conventional machine learning algorithms is that the images are described by some feature and it is not 

learning the features itself, hence may lead to lossy information representation and end up with less accuracy 

of the algorithm. 

Deep learning has attracted significant interest from researchers in computer vision because of its 

capability to independently learn intricate details and features from input images. CNN has changed the 

modus operandi of shallow and conventional networks, and it exceeds their performance over them in pots of 

aspects. Deep learning isn’t confined to just classification tasks—it extends its applications to a wide range of 

areas, including object detection, medical imaging, video analysis, speech recognition, natural language 

processing, and beyond. 

In recent time, for the field of computer vision, many pretrained models: AlexNet [5], VGG16 [6], 

VGG19 [6], Resnet50 [7], and GoogleNet [8]. are available, which are actually trained on very large image 

datasets to learn the diversity. These models often contain a large and diverse set of trainable parameters, 

which can be utilized for feature extraction from a specific image dataset by eliminating the final fully 

connected layer(s). 

CNN learns the spatial information from input image or data with the help of a layered 

convolutional and pooling architecture which then finally gets connected to the dense layer for the end point 

classification. The dense section may consist of one or more fully connected hidden units preceding the final 

output component. This output component contains neurons corresponding to the number of classes in the 

dataset, enabling classification. There are many activation functions, parameters, hyperparameters and 

mechanisms available to handle the underfitting or overfitting of the model and make it more generalised 

towards the test dataset. To further enhance the interpretability of the proposed CNN model through 

explainable AI, class activation mapping (CAM) [9] was employed. This method enables visualization of the 

regions within retinal OCT images that contribute most significantly to classification outcomes. By 

generating CAMs at different convolutional layers, the feature learning process of the model can be analyzed 

in a clinically meaningful manner. 

This paper is divided into five sections. Section 2 covers the Related Work. The Proposed Approach 

is covered in section 3. Section 4 contains Experimental Setup and Results and finally the last section covers 

the Conclusion and Future Work. 

 

 

2. RELATED WORK 

Medical image processing has become a very good suggestive system in recent era due to its 

capacity to generate more accurate and less error prune results. Over time, a variety of traditional as well as 

cutting-edge methods have been applied for the classification of retinal OCT images. 

Srinivasan et al. [10] applied image denoising, retinal curvature correction, and region-focused 

cropping before extracting feature vectors using HOG descriptors [2] for retinal OCT images. Each block’s 

descriptor vector normalized as with a small constant. The values of the vectors were capped and 

renormalized. The final feature vector comprised normalized histograms from all the blocks. For multi class 

classification, they have used SVM [4] classifier in one vs one method. It consists of such three linear SVMs 

as the dataset contains three classes: AMD, DME and Normal. The retinal image dataset for the said purpose 

was created locally by taking the images of various patients with retinal disorders. 

Liu et al. [11] proposed another classical machine learning method to diagnose macular pathologies 

in retinal OCT images. They used image alignment and construction of global and local features of the 

images. The global descriptor utilizes a multiscale spatial pyramid [12], while the local descriptor employs a 

PCA-based reduced LBP histogram [1]. They recorded good accuracy with the help of a SVM and locally 

created dataset for anomalies: MH, macular edema (ME) and AMD. 

Alsaih et al. [13], developed yet another conventional approach using feature extraction techniques: 

HOG [2] and LBP [1]. To reduce the dimensionality of the feature vector, principal component analysis 

(PCA) was applied and after that SVM [4] was applied for end classification on local dataset. 

On the other side, many cutting-edge techniques have been implemented to classify the retinal OCT 

images. Huang et al. [14] implemented a layer-guided convolutional neural network (CNN). They proposed 

different networks to extract the information from the retinal layers and then it is provided to the final deep 

learning network to classify the images. By concentrating on the retinal layer-specific information with the 

help of some transfer learning approach, they achieved better accuracy on OCT2017 [15] and HUCM [14] 

retinal image datasets with four classes: CNV, DME, DRUSEN, and normal. 

Another approach with deep learning was implemented by Kim and Tran [16], which proposes the 

implementation of two binary models. Before applying the actual classification, they performed 
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preprocessing, area of interest segmentation using U-net, and rotation via histogram orientation to extract the 

deep information from the images of OCT2017 [15] dataset. They achieved better accuracy compared to the 

approach derived [14]. 

Diao et al. [17] proposed deep learning models to classify AMD from retinal OCT images. This 

approach encompasses two novel models: CM-CNN and CAM-Unet. CM-CNN improves the classification 

process by performing segmentation via some means, and CAM-UNet enhances the segmentation task by 

integrating class activation maps. The approach achieved good accuracy for the targeted work. 

Hassan et al. [18] implemented a blended approach of deep learning and classical machine learning 

to perform automated classification of retinal OCT images using OCT2017 [15] dataset. The enhanced 

optical coherence tomography (EOCT) model presented in this study demonstrates a significant advancement 

by combining deep learning (ResNet-50 [7]) with machine learning (Random Forest) and optimizing with 

dual SGD and Adam optimizers. This model achieves state-of-the-art accuracy. 

Paul et al. [19], the researchers introduced a model called OCTx to classify retinal OCT images into 

four categories: diabetic macular edema (DME), choroidal neovascularization (CNV), Drusen, and Normal 

Retina. Their approach was an enhanced ensemble model which is combining multiple deep learning 

techniques to improve classification accuracy. However, since the model was developed and evaluated in a 

specific or limited dataset, its performance may not be effectively carried over to real-world clinical settings. 

This limitation in generalization could affect its dependability when used on diverse datasets. 

Yang et al. [20], researchers built a CNN-based model to classify age-related macular degeneration 

(AMD), DME, and Normal Retina using an OCT dataset. By incorporating pre-trained ImageNet weights, 

they significantly improved the model’s accuracy significantly from 68.17% to 92.89%. Their method 

utilized an ensemble of three distinct CNN models, each enhanced with pre-trained weights and fine-tuned 

parameters, ensuring more precise classification of retinal images into their respective categories. 

Stanojevi et al. [21], the researchers proposed a deep learning-based classification of retinal diseases 

using OCT images. It evaluates CNN architectures which includes AlexNet, VGG, Inception, and ResNet. 

The Inception1 model that trained with RMSprop optimizer, achieved the highest accuracy of 95.53%, along 

with an F1-score of 0.93687. The study shows that Inception-based models outperform others in accurately 

classifying the images. The comprehensive comparision of the machine learning based and deep learning 

based approaches for the OCT image classification is depicted in Table 1.  

 
 

Table 1. Summary of retinal OCT image classification techniques 
Author(s) Method type Dataset Approaches Drawback 

Liu et al. [11] Classical ML Local SVM with global + local 
features 

Sensitive to feature extraction and 
alignment errors 

Alsaih et al. [13] Classical ML Local HOG, LBP, PCA with SVM Dependence on manual feature 

engineering 
Huang et al. [14] Deep 

Learning 
OCT2017, HUCM Layer-guided CNN with 

transfer learning 
Requires pre-segmentation of 

retinal layers 
Kim and Tran [16] Deep 

Learning 
OCT2017 U-Net combined with image 

rotation and binary classifiers 
High computational cost, complex 

pre-processing 
Diao et al. [17] Deep 

Learning 
Not specified CM-CNN and CAM-Unet 

architectures 
Separate models for segmentation 

and classification 
Hassan et al. [18] Hybrid (DL + 

ML) 
OCT2017 ResNet-50 features + Random 

Forest (EOCT approach 
Complex hybrid framework, 

higher training complexity 

Paul et al. [19] Ensemble DL OCTx, OCT2017 

(limited) 
Multiple DL models; good but 

limited generalization 
Limited generaliza-tion due to 

small dataset 

Yang et al. [20] CNN 

Ensemble 
OCT2017 Accuracy boosting through 

ensemble learning 
High memory and computational 

re-quirements 
Stanojević et al. 

[21] 
Deep 

Learning 
OCT2017 Inception1 model performed 

best among tested models 
Computationally intensive, less 

suited for real-time deployment 

 

 

We proposed a lightweight CNN model designed to balance diagnostic accuracy with computational 

efficiency in retinal OCT classification. Unlike traditional methods that rely on manual feature extraction, our 

end-to-end trainable model learns important patterns directly from raw images, reducing human bias. The 

architecture uses just six layers and incorporates hybrid pooling-max pooling to capture key features and 

average pooling to retain spatial details-resulting in a compact yet powerful model. To improve training, we 

applied exponential learning rate decay, which allows faster convergence and finer tuning, unlike fixed learning 

rates. Data augmentation further enhances model performance by addressing class imbalance and reducing 

overfitting. Without relying on complex preprocessing or heavy transfer learning, our approach offers strong 

generalization across varied imaging conditions. This makes it well-suited for practical clinical use, especially in 

low-resource settings or mobile diagnostic tools, where speed, efficiency, and accuracy are essential. 
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3. PROPOSED WORK 

The proposed approach explores data augmentation, exponential learning rate decay and CNN 

techniques. The use of exponential learning rate decay helps in making the learning faster in the initial stages 

while in the later stages helps to get near minima by taking small steps or jumps. Image expansion techniques 

allow a single image to be represented in various forms by modifying attributes like orientation, shear range, 

and zoom ratio. It helps to get greater details for the training purpose as the training dataset gets evolved by it. 

The augmentation may also help to identify and differentiate some overlapping features of the 

images of different classes; potentially increasing the accuracy of the model. The expanded dataset is fed into 

the CNN for training, allowing it to capture fine-tuned image features through its convolutional layers. The 

final stage of the model includes a dense layer containing 1,024 neurons, which functions as a hidden unit, 

which is ultimately linked to 4 output neurons corresponding to the four distinct classes in the OCT2017 [15] 

dataset. The complete workflow of the proposed retinal OCT classification model is outlined in Algorithm 1. 

A detailed interpretation of each step of Algorithm 1 is explained in the subsequent sections to ensure the 

complete and clear understanding of our methodology. 
 

Algorithm 1: Proposed CNN model for retinal OCT classification 
Require: OCT2017 dataset with four retinal classes 

Ensure: Classified disease label 

Step 1: Data Preprocessing 

− Resize images to 200 × 200, normalize pixel values  

Step 2: Data Augmentation  

− Perform shear, zoom, and horizontal flip transformations  

Step 3: CNN Model Training 

− Initialize convolutional layers with hybrid pooling 

− Use ReLU activation and dropout to prevent over fitting 

− Optimize model using Adam with exponential learning rate decay  

Step 4: Model Evaluation 

− Test on unseen images and compute accuracy, confusion matrix 

− Generate ROC curves for performance validation 

Step 5: Deployment 

− Save lightweight model for real-time clinical usage 

 

3.1.  Data preparation 

The OCT2017 dataset [15] consists of 4 different classes: CNV, DME, Drusen and Normal. The 

training dataset contains 83,484 images divided such that CNV contains 37,205 images, DME has 11,348, 

Drusen has 8,616 and finally Normal contains 26,315 images. The images in the training dataset are having 

varying pixel dimensionality and also contain some noise as well. The DPI (dots per inch) of all the images is 

96. On the other hand, the test dataset contains a total of 968 images, 242 images each per class. For the 

validation purpose, a total of 32 images, 8 each per class is given. The Figure 1 represents the sample images 

for each class in the dataset. 

 

 

 
 

Figure 1. Sample OCT images from OCT2017 dataset 

 

 

3.2.  Data augmentation 

Data augmentation is a technique through which new images can be generated by applying some 

attributes to the training dataset images. The overlapping features of different classes must be learnt by the 

CNN model and that can be enhanced up to some level by the data augmentation mechanism as it provides 

more information in different ways. Therefore, the data augmentation is applied to all the images into the 

training dataset. As mentioned by Dave and Pandya [22], data augmentation can lead to improved accuracy 

of the model. The attributes which are used for data augmentation in the proposed approach are described in 

Table 2. 
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Medical images often have class imbalances and limited variation in orientation, brightness, or 

structure-factors critical for accurate classification. Techniques like shearing, zooming, and flipping 

introduce synthetic diversity, helping the model recognize key features, especially in underrepresented 

classes like Drusen. This reduces overfitting and boosts the model’s robustness when applied to real-world 

clinical data. Augmentation ensures the model learns from a broader range of examples, improving its 

reliability and diagnostic performance. 

 

 

Table 2. Data augmentation attributes 
Attribute name Attribute value 

rescale 1./255 

shear range 0.3 

zoom range 0.3 
horizontal flip True 

Target Size (px) 200x200 

 

 

3.3.  Exponential learning rate decay 

Learning rate is a crucial hyper-parameter in deep learning or machine learning. It handles how fast 

or gradual learning happens while training. In mathematical terms it derives the size of the jump on the error 

surface to be taken to reach up to the minima. There can be a trade off if we put the learning rate so high; 

leading to fast learning in the initial stages while greater oscillation in later on stages generating chances to 

miss the actual minima. On the other hand, if we put the learning rate very small then very gradual steps 

would be carried out towards minima on the error surface; increasing the time of learning at a greater space. 

 

𝑁𝑒𝑤 𝐿𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑅𝑎𝑡𝑒 =  𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝐿𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑅𝑎𝑡𝑒 ×  (𝐷𝑒𝑐𝑎𝑦 𝑅𝑎𝑡𝑒)(𝑠𝑡𝑒𝑝 / 𝑑𝑒𝑐𝑎𝑦 𝑠𝑡𝑒𝑝𝑠) (1) 
 

To combat this situation, the proposed work has used exponential learning rate decay which uses 

larger jumps in the initial set of training and then gradually decreasing the size of the jump towards the actual 

minima, making very stable updates in later stages of learning. The mathematical interpolation of the same is 

given by (1). This implementation ultimately helps in faster learning in initial stages and avoids overshooting 

and oscillations around actual minima of the error surface. Table 3 lists the parameters used for the 

exponential decrease in the learning rate. Based on these values and (1), Table 4 shows how the learning rate 

changes step by step during training. 

 

 

Table 3. Parameter values for exponential learning 

rate decay 
Parameter name Parameter value 

initial learning rate 0.001 

decay steps 10000 

decay rate 0.9 
 

Table 4. Updates in learning rate using parameters of 

Table 3 
Steps Equation New Value of LR 

10000 LR=0.001x(0.9)1 0.0009 

20000 LR=0.001x(0.9)2 0.00081 

30000 LR=0.001x(0.9)3 0.000729 
 

 

 

3.4.  Convolutional neural network structure 

The structure of the CNN model used in our approach is described in Figure 2. The model comprises 

the combination of max and average pooling by which robust features of the images can be extracted. The 

first convolutional layer applies 32 filters of 3×3 size on the original input image of size 200×200 pixels with 

a rectified linear unit (ReLU) [23] as an activation function. The first layer uses the max pooling of size 2×2 

to grab the maximum pixel value and to reduce the feature map size. The second layer consists of 16 filters of 

size 3×3 and average pooling of size 2×2. Average pooling gathers the average pixel value of its surrounding 

to not miss detailed information. The essence of maximum and average pooling is represented in Figure 2. 

The second, third, fourth, and fifth layers contain 32, 64, 64, and 128 kernels, respectively, each with a size 

of 3×3. These are followed by pooling operations in the order: average (2×2), max (2×2), max (2×2), and 

average (2×2). 

 

𝑀𝑎𝑥𝑃𝑜𝑜𝑙(𝑥) = 𝑚𝑎𝑥 (𝑥𝑖𝑗) 1≤𝑖≤𝑘,1≤𝑗≤𝑘   (2) 

 

𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝑥) =
1

𝑘2
∑ ∑ 𝑥𝑖𝑗

𝑘
𝑗=1

𝑘
𝑖=1   (3) 
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The mathematical interpolation for the maximum and average pooling is described by (2) and (3), 

respectively, where xij represents the values of the input feature map within the pooling window and K is the 

size of the pooling window. Hybrid pooling balances specificity (by max pooling) and robustness (by average 

pooling), ensuring that the model captures both discriminative features and structural coherence. In the 

proposed CNN model, a combination of hybrid pooling is utilized to enhance performance. Mathematically, 

hybrid pooling combines max-pooling and average-pooling outputs as (4), where α∈[0,1] controls the trade-

off between feature sharpness and smoothing. This mechanism preserves salient features while maintaining 

global context, offering a more balanced feature representation than individual pooling techniques. 

 

𝐻𝑦𝑏𝑟𝑖𝑑𝑃𝑜𝑜𝑙(𝑥)  =  𝛼 ×  𝑀𝑎𝑥𝑃𝑜𝑜𝑙(𝑥)  + (1 −  𝛼)  ×  𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝑥)  (4) 

 

The CNN structure utilizes the ReLU [23] activation function across all feature extraction layers. 

ReLU [23] has the properties of not being saturated over the input data points and is activated on a positive 

set of inputs or neurons. In addition to these properties, ReLU [23] also helps solve the problem of vanishing 

gradients at large. The function can be described by (5), where x denotes input data to the function. Research 

and results have shown that ReLU generates faster output in large and complex networks. 

 

 

 
 

Figure 2. Illustration of 2x2 max and average pooling 

 

 

The second, third, fourth, and fifth layers contain 32, 64, 64, and 128 kernels, respectively, each 

with a size of 3x3. These are followed by pooling operations in the order: average (2x2), max (2x2), max 

(2x2), and average (2x2). The CNN structure utilizes the ReLU [22] activation function across all feature 

extraction layers. Relu [22] has the properties of not being saturated over the input data points and is 

activated on a positive set of inputs or neurons. In addition to these properties, Relu [22] also helps solve the 

problem of vanishing gradients at large. The function can be described by (2), where x denotes input data to 

the function. Research and results have shown that Relu generates faster output in large and complex 

networks. 
 

𝐹(𝑥)  =  𝑚𝑎𝑥(𝑥, 0) (5) 
 

The last pooling layer in the structure is an average pooling of 2×2 on 128 filters of the 3×3 

convolutional layer. Hence, performing the flattening of the features at this stage would have 1×1×128 

features which are connected to the 1024 dense neurons. This dense unit acts as a hidden unit placed just 

before the final output stage. To help prevent overfitting and improve the model’s ability to generalize, a 

dropout rate of 0.3 is applied. Finally, the output layer includes 4 neurons, each corresponding to one of the 

four classes in the dataset. To classify the images into proper classes, the last layer uses the softmax function, 

which works on probability distribution. Categorical-cross-entropy is used with Adam optimizer and 

exponential learning rate decay to illustrate multiclass classification. The proposed CNN architecture can be 

visualized by Figure 3. 

𝜎(𝑧)𝑗 =  
𝑒

(𝑧)𝑗

∑ 𝑒(𝑧)𝑘𝐾
𝑘=1

 (6) 

 

The softmax function is mathematically represented by (6), with its graphical interpretation shown 

in Figure 4. This function scales the output values between 0 and 1, ensuring that the total sum of all class 

probabilities equals 1. In (6), Z represents the input vector to the output layer, and the index j refers to each 

output unit, where j = 1, 2, ..., K. 
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Figure 3. Proposed CNN architecture 

 

 

 
 

Figure 4. Softmax output as class probability distribution 

 

 

4. EXPERIMENTAL SETUP AND RESULTS 

The implementation was carried out on a local system equipped with an AMD Ryzen 7 5700G 64-

bit processor, Radeon Graphics at 3.80 GHz, and 16 GB of RAM. The proposed approach was developed in 

Python, utilizing libraries such as Keras, TensorFlow, scikit-learn, and Matplotlib. The approach uses 

callback as the early stopping mechanism for the CNN training based on validation update loss values and a 

patience value kept at 5. We store the best weights for the model that has been trained over 11 epochs. As 

mentioned in the previous section, a total of 83,484 input instances were used for training, 32 instances 

served as the validation set, and 968 instances were allocated for testing. 

 

4.1.  Evaluation of proposed approach 

The proposed deep neural network architecture was carefully trained and tested using the OCT2017 

image dataset to ensure a reliable and comprehensive evaluation of its performance. Training was conducted 

over 11 epochs, utilizing an early stopping mechanism to prevent overfitting and optimize generalization. 

The entire training process took approximately 170 minutes, while testing required just 121 milliseconds, 

demonstrating the efficiency of our lightweight approach. By incorporating data augmentation and an 
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exponential learning rate decay strategy, the model successfully learned intricate retinal patterns while 

maintaining stability during training. 

The training and validation errors changed over 11 epochs for the proposed CNN model is depicted 

by Figure 5. As the figure illustrates, the training error consistently goes down, which suggests that the model 

is learning well from the data. This smooth and steady trend highlights the effectiveness of using exponential 

learning rate decay and data augmentation, both of which helped the model train efficiently and reliably. The 

close match between the training and validation curves shows that the model performs well even on unseen 

data, demonstrating its overall robustness. The following equations represent common metrics such as 

precision, recall and F1 score, used in evaluation of classification models: 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
 (7) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
 (8) 

 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 ∗  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (9) 

 

 

 
 

Figure 5. Model error progression across epochs for both training and validation sets 

 

 

The confusion matrix shown in Figure 6 further illustrates the precision of the model, revealing 

minimal misclassifications in the four categories of the retina: CNV, DME, Drusen, and Normal. The 

proficiency of the model in classifying Drusen and DME, two conditions that often share overlapping visual 

features, is particularly notable. The high precision, recall, and F1 score values depicted in Table 5 reaffirm 

the reliability of the model. In fact, it achieved an F1 score of 1.00 for the Normal and Drusen classes, 

indicating flawless classification in those cases. 

Despite class imbalance, especially with Drusen having fewer samples, augmentation techniques 

were applied uniformly to all classes, increasing sample diversity. Each sample, (x, y), was transformed into 

(T(x), y), where T represents random transformations like shearing and flipping. This led to improved Drusen 

class performance with an F1-score of 0.99 and a recall of 0.98, highlighting the augmentation’s role in 

addressing imbalance and enhancing model generalization. These figures and tables correspond to the 

numerical labels 0, 1, 2, and 3, representing the four classes: CNV, DME, Drusen, and Normal, respectively. 
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Figure 6. Confusion matrix evaluation on proposed model for the test dataset 

 

 

Table 5. Performance metrics of the proposed model on test dataset 
 Precision Recall F1-score Support 

Class     

CNV 0.97 0.99 0.98 242 

DME 0.99 0.99 0.99 242 

Drusen 1.00 0.98 0.99 242 
Normal 1.00 1.00 1.00 242 

Accuracy   0.99 968 

Macro Avg 0.99 0.99 0.99 968 
Weighted Avg 0.99 0.99 0.99 968 

 

 

To further validate its robustness, the receiver operating characteristic (ROC) curve of the model 

shown in Figure 7 was plotted, revealing an AUC close to 1, which indicates strong predictive capacity and 

confidence in its classifications. Compared to previous methods, including Layer-Guided CNN, Binary CNN, 

and EOCT models, our approach consistently outperformed them in terms of accuracy. The comparison of 

the existing approaches with our proposed approach is shown in Table 6. 

The comparative overview of four progressively refined CNN architectures developed for retinal 

OCT image classification is depicted in Table 7. The initial model with same number of convolutional layers 

depicted by Figure 4 (Model A) uses max pooling after each convolutional layer, a fixed learning rate of 

0.001, and was trained for 11 epochs. It gained an accuracy of 94.3%, but struggled to accurately classify 

minority classes such as Drusen. In Model B, the application of data augmentation significantly enhanced the 

model’s ability to generalize across various samples that improving overall class balance and increasing the 

accuracy to 96.12%. Model C introduced hybrid pooling as the proposed model (a combination of Max and 

Average pooling), which allowed for more effective retention of spatial and textural details, thereby gaining 

the accuracy to 97.3%. Building on these improvements, the proposed Model D brought together all previous 

enhancements and introduced an exponential learning rate decay, which helped the model learn more steadily 

and converge more smoothly during training and finally achieving the benchmark accuracy of 98.75%. 

 

4.2.  Explainability analysis using CAM 

To get a clearer picture of how our CNN “works”, CAM [9] is imposed as an explainable AI tool 

(XAI) to peek inside its layers. CAM turns each convolutional layer’s feature maps into heatmaps, showing 

exactly which parts of an OCT image, the model is focusing on at that depth. While comparing CAMs output 

from the first, middle, and deepest layers, a smooth progression is seen: early on the network spots simple 

edges and textures, then it homes in on the indicative signs of disease-like fluid pockets or structural breaks, 

before making its final call.  
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Figure 7. ROC curve for the proposed approach 

 

 

Table 6. Comparison with existing approaches 
Year References Method Dataset Acc 

2019 Diaz et al. [24] CNN OCT2017 93 

2019 Huang et al. [14] LayerGuided CNN OCT2017 88.4 

2020 Saraiva et al. [25] CNN OCT2017 93.3 
2021 Kim and Tran [16] Binary CNN Model 1 / Model 2 (Heavy models) OCT2017 98.1/98.7 

2023 Hassan et al. [18] EOCT Model OCT2017 97.47 

2023 Diao et al. [17] CNN OCT2017 96.93 

2023 Opoku et al. [26] 
Capsule network with contrast limited adaptive 

histogram equalization 
OCT2017 97.7 

2024 Stanojevi´c et al. [21] Deep CNN OCT2017 95.55 

2024 Yang et al. [20] 
Ensemble Model based on CNN, Efficientnet v2 

and Resnet 
OCT2017 97.89 

2025 Proposed approach 

CNN + Data Augmentation + Exponential 

Learning Rate Decay + mixture of max and 

average pooling 

OCT2017 98.75 

 

 

Table 7. Ablation study of the proposed approach 

 

 

CAM provides visual insights into the regions of the retinal OCT images that most significantly 

contribute to the classification decisions made by the CNN model. This visualization helps ensure that the 

model is focusing on clinically meaningful regions, thus promoting transparency, trust, and potential clinical 

applicability. Mathematically, for a given class c, the CAM heatmap Mc(x, y) is defined by (10). 

Model Data 

augmentation 

Pooling Learning 

rate 

Acc Observation 

Model A (Baseline 
CNN) 

NO Max Pooling Fixed LR 94.3% Simple CNN with standard pooling and 
fixed LR shows limited learning, especially 

on minority classes like Drusen 

Model B Yes Max Pooling Fixed LR 96.12% Augmentation improves generalization and 
class balance, especially for 

underrepresented classes. 

Model C Yes Hybrid 
Pooling (Max 

+ Avg) 

Fixed LR 97.3% Addition of hybrid pooling boosts 
performance by better preserving spatial 

and edge details. 

Model D 

(Proposed Model) 

Yes Hybrid 

Pooling (Max 

+ Avg) 

Exponential 

LR 

98.75% Final model; exponential LR decay 

stabilizes learning, leading to optimal 

convergence and best accuracy. 
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𝑀𝑐(𝑥, 𝑦) =  ∑ 𝑤𝑘
𝑐𝑓𝑘(𝑥, 𝑦)𝑘   (10) 

 

Where wc
k is the weight associated with the k-th feature map for class c, and fk (x, y) denotes the activation at 

spatial location (x, y) in that feature map. 

The layer-wise class activation map (CAM) visualizations obtained from the proposed CNN model 

are presented Figure 8. Specifically, Figure 8(a) displays the layer-wise CAM for CNV, Figure 8(b) for 

DME, Figure 8(c) for DRUSEN, and Figure 8(d) for NORMAL. In this figure, the first-layer CAM 

representation starts from the left-hand side and proceeds consecutively to the last layer on the right-hand 

side for each subfigure. It is observed that as the depth of the network increases, the model’s focus shifts 

from broad structural patterns to specific clinical features, confirming the hierarchical learning capability of 

the CNN. The results of CAM strongly affirm that the proposed CNN model not only achieves high 

classification accuracy but also learns clinically relevant features in a hierarchical manner, thus enhancing the 

transparency, reliability, and readiness of the model for real-world clinical deployment. 

 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 

Figure 8. Layer-wise (left to right) class activation maps (CAMs) from the proposed CNN model:  

(a) layer-wise CAM for CNV, (b) layer-wise CAM for DME, (c) layer-wise CAM for DRUSEN, and 

(d) layer-wise CAM for NORMAL 

 

 

4.3.  Efficiency and deployment suitability of the proposed model 

A significant advantage of this model, beyond its high accuracy, is that it contains six layers with 

only 275,636 trainable parameters, which makes it highly efficient with minimal memory requirements that 

ensure faster inference times. The comparative analysis of state of the art approaches with approximate 

number of trainable parameters used in various deep learning models applied to the OCT2017 dataset is 

stated in Table 8. 
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The proposed lightweight architecture requires only 1.05 MB of memory, making it highly efficient 

and suitable for real-time clinical use, especially in settings with limited processing power and components. 

Unlike traditional CNN models, which demand high processing power and extensive memory, our model 

offers a fast, efficient, and scalable solution for automated retinal disease diagnosis. Table 9 summarizes the 

potential platforms and devices suitable for deploying the proposed lightweight CNN model. The table 

highlights the flexibility of the model for mobile, embedded, desktop, and web-based clinical applications. 

 

 

Table 8. Comparison of trainable parameters with proposed model 
Year References Trainable parameters (Millions-Approximately) 

2019 Huang et al. [14] 24.88 

2020 Saraiva et al. 25] 0.95 

2021 Kim and Tran [16] Model 1:- 235.6 / Model 2:- 452.1 
2023 Hassan et al. [18] 25.64 

2023 Opoku et al. [26] 8.2 

2024 Stanojevi´c, et al. [21] 6.6  

2024 Yang et al. [20] 21.4 

2025 Proposed approach 0.28 (275636) 

 

 

Table 9. Potential deployment platforms and devices for the proposed lightweight CNN model 
Platform Device examples Notes 

Mobile Phones Android phones, iPhones Requires TFLite/CoreML conversion for deployment 

on mobile devices. 
Edge Devices Raspberry Pi 4, NVIDIA Jetson 

Nano 

Ideal for offline deployment in remote clinics with 

limited resources. 

Desktop Computers Basic Windows/Linux machines 
with minimal GPU 

High-speed inference possible due to small model size 
and low computational load. 

Web Browsers Chrome, Firefox, Safari Can be deployed using TensorFlow.js for easy access 

via browsers. 
Tablets Android Tablets, iPads Suitable for portable, mobile health screening 

applications. 

 

 
5. COLCLUSION AND FUTURE WORK 

Our proposed work introduces a lightweight deep learning model for the automated classification of 

retinal OCT images for four classes of OCT2017 dataset: CNV, DME, Drusen, and Normal. Leveraging 

CNNs, data augmentation, and exponential learning rate decay, the model achieved an outstanding accuracy 

of 98.75% which surpasses numerous existing benchmark models. F1-score for CNV, DME, Drusen and 

Normal are 0.98, 0.99, 0.99 and 1.00 respectively. The proposed model integrates a hybrid pooling 

mechanism, using max and average pooling layers that ensure robust feature extraction while preserving 

essential spatial information. In addition, the integration of synthetic data generation techniques significantly 

improved the generalization of the model in a wide range of retinal images. A six-layer CNN architecture 

having 275,636 trainable parameters makes it highly efficient with a minimal memory requirement, which 

ensures faster inference times. Despite the remarkable performance of the proposed approach, there are 

several areas where further improvements can be carried out such as more detailed explainable AI (XAI) for 

clinical adoption, finding more anomalies than just focusing on only four classes, clinical validation with 

diverse datasets, scalability and transferability of the implementation. 
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