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Abstract

Optical Coherence Tomography (OCT) scans are non-invasive images that use light waves to take
detailed pictures of the retina. These images can detect a variety of optical diseases that can affect the
vision and function of the eye. Our project aims to compare different machine learning models in their
ability to classify retinal images. We want to provide support to ophthalmologists by finding an algorithm
that can produce consistent accurate diagnosis. In this project, we classified the OCT scans into four
classes of diseases: Normal, Drusen, Chloroidal Neovascularization (CNV), and Diabetic-Related
Macular Edema (DME). We used a Logistic Regression, MLP Classifier, convolutional neural network
(CNN) with a VGG16 architecture, and compared each on their testing accuracy score. We found the
Logistic Regression gave us an accuracy of 52%, the MLP Classifier gave us 73%, and the highest, CNN,
with 98% accuracy. These results show that convolutional neural networks can efficiently classify OCT
retinal scans accurately. The successful results from using a pre-trained architecture like VGG16 suggests
that transfer learning is sufficient in separating the four classes in this dataset. However, before
implementing in clinical settings, the model would require validation using scans from different patient
populations and imaging devices.

1 Introduction

Retinal diseases are a main cause of vision impairment making early classification and diagnosis
important for necessary treatment. Optical Coherence Tomography (OCT) images are non-invasive
images used by many optometrists and ophthalmologists to take pictures of a patient's retina. It measures
the thickness of the retina which is used to diagnose different retinopathic diseases [1]. Interpreting and
understanding these images requires clinical knowledge and experience. As the use of OCT scans in
healthcare settings increases, machine learning models have the potential to offer additional diagnostic
support for eye-care specialists.

The application of artificial intelligence and machine learning in healthcare is a growing concept due to
its potential to aid healthcare professionals by improving diagnosis accuracy. The emerging integration is
already set to improve detection and diagnostic accuracy in daily medical settings [8]. Comparing models
with different architectures can highlight how these algorithms can perform on classification tasks and
which ones are better suited for possible use in a medical setting. For example, a linear model like logistic
regression model cannot identify relationships between neighboring pixels, while a convolutional neural
network (CNN) is known for learning spatial patterns in images [12] [13]. A recent review of the use of
artificial intelligence in retinal screening using OCT images found that pre-trained networks like
deep-learning models were practical and useful when working with the classification of complex images



like OCT scans [8]. Additionally, OCT technology has applications beyond ophthalmology. This included
cardiovascular imaging, where it is used to examine the structure of coronary arteries [2].

In this project, we compare how accurately different machine learning models can classify OCT images
and which model can provide the highest classification accuracy. Since we were working with a dataset of
labeled retina images, this project would fall under the category of supervised machine learning involving
a multi-class image classification. The input data is the OCT retinal images and the output is a predicted
class label corresponding to each image which falls into one of the four diagnostics. By comparing the
performance and accuracy scores of classification models, we aim to identify the model which provides
the most accurate classification of the retinal diseases using the scans.

2 Background

The research paper [9] uses a transfer learning based CNN to classify retina diseases from a dataset of
OCT scans. They used a pretrained Inception V3 architecture and retrained it by initializing convolution
and softmax layers. Similar to our project, it was trained to classify images from four classes: Normal,
Drusen, CNV, and DME. Using a dataset including over 108,000 scans, they accomplished an accuracy of
96.6% making its performance comparable to expert ophthalmologists. A unique feature used in the
research paper were occlusion maps. These maps highlight the locations on the scans that influenced the
models prediction. The added feature proved the model was focusing on relevant features and made the
models diagnosis interpretable showing how a CNN-based model can identify important visual-based
features on an OCT scan and accurately classify the disease presented.
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3 Dataset

The dataset we used for this project consisted of OCT retina images, making it a vision-based dataset [6]
[7]. It was published in January 2018 on Mendeley Data by the same team who used transfer learning in
OCT classification which was discussed earlier [9]. The dataset is organized into training and testing
folders. In total, the dataset contains 84,484 images, consisting of 83,484 training images and 1,000
testing images. For the VGG16 model, 20% of the training data was used as a validation set during
training through the validation_split parameter.

Our dataset included 4 types of images from the OCT scans: Normal, Drusen, Choroidal
Neovascularization (CNV), and Diabetic-Related Macular Edema (DME) images. Normal images
represented scans of normal healthy retinas. Drusen are lipid and protein filled deposits found under the
retina which can cause blurred vision and difficulty seeing in some circumstances [3]. CNV is a retinal
condition which is due to an abnormal growth of blood vessels into the retina [4]. Finally, DME is a
diabetes-related condition which causes swelling in the center of the retina. It can cause difficulty in
vision and if untreated can cause vision loss [5].

Before training the model, a few preprocessing steps were performed. First, each image was converted
into grayscale to reduce complexity. Since OCT images encode retinal tissue structure rather than color
based information,converting the scans to greyscale helped simplify the input without losing important
features [10]. Next, all the images were resized to 100x100 to ensure an identical input size. The images
were then encoded into numerical pixel values and flattened into vectors. The pixel values were
normalized to a range of 0 to 1 by dividing each pixel value by 255 to improve training performance. The
labels of each class were also encoded into numeric values for classification. The features in this dataset
are the visual properties shown in each OCT image. They are very important as these patterns help the
model to differentiate between the four classes.

The large amount of labeled images in the dataset and preprocessing make the images well suited to be
used in training an accurate classification model.

For better understanding of each class in the dataset, example images of the four classes are attached
below.
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4 Models

The first model applied to the dataset was a Logistic Regression model using a Stochastic Gradient
Descent (SGD) algorithm. This algorithm updates the model's weights using portions of training data and
is mostly used for large datasets [11]. With an iteration of 500, the pre-processed training data was used to
train the model with early stopping and regularization to reduce overfitting. After training completed, we
measured the results by producing an accuracy score, a confusion matrix, and a classification report.

The second model used was a Multi-Layer Perceptron (MLP) Classifier. The neural network used a
hidden layer with 100 neurons and used ReLU activation function to accurately learn the patterns in the
OCT retina images. The Adam Optimizer adjusted the model’s weights while training. Similar to the
logistic regression model, the MLLP was graded on the accuracy, confusion matrix, and classification
report.

The third model created was a Convolution Neural Network (CNN) based on a VGG16 architecture. The
model used parameters and pre-trained ImageNet weights from TensorFlow which allowed it to utilize
features learned from the large dataset [13]. We resized the input images 224 x 224 and converted them
from greyscale to a 3-channel format to meet the model requirements. The pre-trained convolution layers
were frozen to retain the learned features and additional layers were added for classification. These layers
included Average Pooling, Batch Normalization, Dropout, and a Dense layer with a softmax activation
function to classify images into the four class categories. The model was trained on 20 epochs using a
batch size of 32. We additionally used the Adam optimizer with sparse categorical cross-entropy as the
loss function.

5 Results

After training and testing the three models, we based their performance by comparing each of their testing
accuracy, confusion matrix, and classification report. The classification report included precision, recall,
and F1 score values. Precision measured how often the model’s predictions were correct while recall
measured how well the model detected the images that belonged to each class. The F1 score is a score that
joins precision and recall using the formula: 2 x (Precision x Recall) / (Precision + Recall) [14].

1) The Logistic Regression model achieved a test accuracy score of 52%. As seen on the confusion matrix
below, the classes which were most frequently predicted correctly were CNV and Normal. Our
classification report included these values for each class:

class precision recall fl-score

CNV 0.61 0.58 0.59




DME 0.46 0.30 0.37

DRUSEN 0.48 0.45 0.47

NORMAL 0.51 0.74 0.60
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2) The MLP classifier achieved a test accuracy of 73% produced a 21 percentage improvement over the
Logistic Regression model. The confusion matrix shows that CNV had the highest number of correctly
classified predictions at 240/250 images, followed by Normal with 230/250 correct predictions.

class precision recall fl-score
CNV 0.74 0.96 0.83
DME 0.87 0.62 0.73
DRUSEN 0.88 0.40 0.55
NORMAL 0.60 0.92 0.73
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3) The VGG16 CNN achieved an accuracy of 98% making it the highest accuracy out of the three models
evaluated. The confusion matrix below shows that out of 250 images from each class, CNV was correctly
predicted in 250/250 images, DME in 244/250, Drusen in 242/250, and Normal in 248/250 images.

class precision recall fl-score
CNV 0.97 1.00 0.98
DME 1.00 0.98 0.99
DRUSEN 0.99 0.97 0.98
NORMAL 0.98 0.99 0.99
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6 Discussion

Since the logistic regression model is a linear classifier, it assumes relationships between pixel values and
the classes can be separated by a straight line, making it unable to capture complex visual patterns in the
OCT retinal scans. The Logistic Regression model input requirements are 1D feature vectors which
require us to flatten the 2D retinal images. This preprocessing causes the model to lose awareness of how
the pixels relate to each other and their overall structure.

The improvement from the MLP Classifier shows that the model was able to learn more complex
non-linear relationships in the retinal images than the Logistic Regression. Its multi-layer structure



allowed the model to identify patterns that the simpler linear-model missed. However, since the model
used flattened input images, it was unable to properly capture the spatial relationships between
neighboring pixels. This limitation may have contributed to the 73% accuracy the model achieved.

The MLP classifier struggled to identify the Drusen class, achieving a precision of 0.88 and a recall of
0.40. This means the model only identified 40% of the actual Drusen images correctly . One possible
explanation for this imbalance can be the dataset. Drusen had approximately 8,600 images compared to
37,000 CNV images. Resizing the images to 100x100 pixels could have also caused some visual details in
the Drusen images to be lost, making its classification more difficult.

The 98% accuracy achieved by the VGG16 CNN model shows its ability to identify complex visual
patterns from the OCT scans. CNN’s are specifically designed for visual data classification and can
preserve the spatial arrangement of neighboring pixels [14]. This model used pretrained ImageNet
weights to extract visual patterns when applied to the classification of OCT retinal images. This likely
contributed to the models ability to accurately distinguish between the 4 classes.

Comparing the three models reflected differences in how image information is processed. The logistic
regression and MLP classifier both used flattened pixel values while the VGG16 extracted features using
its pretrained frozen convolutional layers. Since the convolutional layers were frozen, this experiment
thus observed how accurately pretrained ImageNet features could be applied to the classification of OCT
images without retraining the layers for specifically retinal images.

7 Conclusion

In this project, we investigated how machine learning could be used to accurately classify retinal scans to
assist health care professionals in diagnosing retinal diseases. The Logistic Regression, MLP Classifier,
and CNN models were used to classify the OCT retinal scans into four diagnosis classes: CNV, DME,
Drusen, and Normal. These models were trained using 83,484 images and evaluated on 1,000 testing
images. The data was pre-processed and used to train the classification models. From the models tested,
the CNN achieved the highest accuracy in classification with a score of 98.4% with the help of a
pre-trained VGG16 architecture and image pre-processing. In the future we can use a larger data set of
OCT scans to test our model and observe its performance. We can also explore how this architecture can
be used to classify scans from different medical areas.
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