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Abstract—Identifying diseases in Optical Coherence Tomogra-
phy (OCT) images using Deep Learning models and methods is
emerging as a powerful technique to enhance clinical diagno-
sis. Identifying macular diseases in the eye at an early stage
and preventing misdiagnosis is crucial. The current methods
developed for OCT image analysis have not yet been integrated
into an accessible form-factor that can be utilized in a real-
life scenario by Ophthalmologists. Additionally, current methods
do not employ robust multiple metric feedback. This paper
proposes a highly accurate smartphone-based Deep Learning
system, OCTAI, that allows a user to take an OCT picture and
receive real-time feedback through on-device inference. OCTAI
analyzes the input OCT image in three different ways: (1) full
image analysis, (2) quadrant based analysis, and (3) disease
detection based analysis. With these three analysis methods, along
with an Ophthalmologist’s interpretation, a robust diagnosis can
potentially be made. The ultimate goal of OCTAI is to assist
Ophthalmologists in making a diagnosis through a digital second
opinion and enabling them to cross-check their diagnosis before
making a decision based on purely manual analysis of OCT
images. OCTAI has the potential to allow Ophthalmologists
to improve their diagnosis and may reduce misdiagnosis rates,
leading to faster treatment of diseases.

Index Terms—Optical Coherence Tomography, Deep Learning,
Macular Disease Detection

I. INTRODUCTION

Optical Coherence Tomography (OCT) is a non-invasive
imaging technique capable of scanning the structure of the
retina [1]. It is widely utilized in Ophthalmology clinics
to identify diseases in the eye [2]. Three common macular
disease processes in the eye are Choroidal Neovascularization
(CNV), Diabetic Macular Edema (DME), and Drusen [3].
These pathologies can lead to significant vision loss [3]. CNV
involves the abnormal growth of new blood vessels within the
retina [4]. DME is fluid accumulation within the macula [5].
Drusen are sub-retinal deposits that are risk factors for the
development of CNV. Pathology within the retina is typically
easy to identify by Retinal Specialists using OCT. However,
these pathologies can be subtle or can co-exist with each
other. Because of this, Ophthalmologists can have difficulty
in diagnosis through manual assessment of the OCT image.

Multiple Deep Learning and Machine Learning (ML) based
techniques and models have been introduced to classify dif-
ferent types of diseases in OCT images [6]. These models and
methods may demonstrate high accuracy rates but do not lend
themselves to a usable form-factor (analysis tool) that can be
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utilized by Ophthalmologists in a clinical setting. Additionally,
most of these methods provide only single metrics. Utilizing
only a single metric can lead to misdiagnosis due to the
possibility of the model providing a wrong result or making a
mistake in predicting the disease.

Given these challenges, there is a clear need for an acces-
sible and robust analysis system for OCT images. This paper
presents the use of a custom Deep Learning system (OCTAI)
capable of integration into a smartphone application. OCTAI
features multiple metric OCT image analysis using a custom
Deep Learning pipeline and leads to a more robust diagnostic
feedback than current methods of OCT image analysis. This
type of infrastructure can be used by Ophthalmologists to
derive a useful second opinion while assessing OCT images
manually within a clinic through a smartphone.

II. METHODS
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Fig. 1: OCTAI System Architecture

OCTALI is a smartphone-based end-to-end OCT image anal-
ysis system that uses multi-step Deep Learning. The mobile
app allows the user to take a screenshot of the OCT machine
display. The first step of OCTAI consists of a Convolutional
Neural Network (CNN) that analyzes the OCT image as a
whole. The second step splits the image into 4 quadrants and
analyzes each quadrant using the same CNN. In the third step,
OCTALI takes the whole image and sends it to a custom disease
detection model capable of localizing disease within the OCT
image. In the final step, the mobile app displays the results
on the screen for the Ophthalmologist to interpret. Shown in
Figure 1 is the complete OCTAI architecture. The goal of
utilizing multiple Deep Learning techniques is to have multiple
analyzable metrics.



The following order and methodology has been used to
develop the full OCTAI system:

1) Data Collection
2) Data Preparation
3) Model Construction

A. Data Collection

The images used for training the model are from the “Large
Dataset of Labeled Optical Coherence Tomography (OCT)
and Chest X-Ray Images” dataset [7]. The dataset consists of
an OCT image sub-directory which contains 108,309 images
spanning the classes of CNV, DME, DRUSEN and NORMAL.
Figure 2 shows the example images from the dataset in a 3x3
grid with their corresponding macular diseases.

Fig. 2: Example images from dataset

Shown in Figure 3, is a bar chart that depicts the dataset dis-
tribution. The CNV class has 37,205 images, DME has 11,348
images, DRUSEN contains 8,616 images and NORMAL has
51,140 images. The percent distribution is as follows: CNV
is 34.4% of the dataset, DME is 10.5%, DRUSEN is 8%
and NORMAL is 47.2%. The dataset contained a substantially
greater amount of NORMAL and CNV images.
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Fig. 3: Dataset distribution bar chart

B. Data Preparation

The dataset was split into an 80% training and 20% testing
standard split. 99,644 files were used for training and 8,665 for

validation/testing. The dataset was preprocessed/normalized
by adding a rescaling function/layer transforming the RGB
channels from [0, 255] to a more ideal binary Neural Network
input of between [0, 1].

After normalization, data augmentations were added. This
factor was added to not only reduce overfitting during model
training but also to enable the model to become resilient to
orientation, zoom and contrast. All augmentations were added
as a layer at the top of the model architecture along with
normalization. The following specific data augmentations were
added.

« Random flips (y axis)
+ Random rotation

e Random zoom

o Random contrast

Shown in Figure 4 is a single image multiplied nine times
with the different data augmentations added randomly.

Fig. 4: Example of image after augmentation

Since OCTALI is a system integrated into a smartphone, users
have the ability to take a screenshot of the OCT screen. These
augmentations help prevent wrong predictions due to factors
such as screen brightness and orientation.

C. Model Construction

All model development was done in the Google Colab
Pro [8] Integrated Development Environment (IDE) with the
NVIDIA Tesla P100 GPU [9]. Tensorflow [10] and Keras [11]
were used to sequentially construct and train the models in the
Python 3.7 programming language [12]. Throughout the model
development process, multiple separate models with different
architectures were developed with the goal of using the model
that revealed the highest accuracy rate. The OCTAI system
consists of two Deep Learning models. The first model is used
for the first two steps of the system that include whole image
analysis as well as quadrant based analysis. The second model
is used for the disease detection analysis.

CNNs, a class of Deep Neural Networks (DNNs) have
revealed high accuracy rates when analyzing visual imagery.
The first model in OCTAI capable of identifying diseases
in the whole image was developed using a custom CNN
architecture. The first component of the CNN consists of the
input layer with width and height parameters. After the input



layer, the rescaling layer was added for the binary conversion.
Subsequently, 4 sets of 2D Convolutional Layers and Max
Pooling Layers were added for feature extraction as well as
downsampling. After this, a Dropout layer of 20% was added
to prevent overfitting during training. The last part of the CNN
is the fully connected layer which consists of the Flatten Layer
that converts the data into a one-dimensional representation
before sending it to two Dense Layers for probability class
prediction. For activation functions, the Rectified Linear Unit
(ReLU) was utilized. The CNN model was trained across
10 epochs. The model compilation was done with the Adam
optimizer [13]. Shown in Figure 5 is a diagram of the custom
CNN architecture used in OCTAI
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Fig. 5: CNN Architecture

The main goal for whole image analysis and using a CNN
is to extract minor features that may not be clearly visible or
recognizable by an Ophthalmologist. The model is learning

based on a large number of features present throughout the
whole image and is taking into account features down to the
single-pixel level which may be difficult for an Ophthalmolo-
gist to recognize as well as analyze.
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Fig. 6: Simple quadrant split

For the quadrant based analysis, the OCT input image is
split into 4 quadrants as shown in Figure 6 using the simple
X and Y values. Each quadrant is then fed into the same
CNN model (Figure 5). When analyzing an OCT image, it
is probable that there is more than one disease present. The
goal for quadrant segmentation and analysis is to give the
user another metric to interpret that can possibly help with
the localization of the disease. Additionally, the model utilizes
minor features as described above in making a prediction.

The second model that OCTALI uses is for disease detection.
For the development of this model, the You Only Look Once
(YOLO) [14] architecture was leveraged. YOLO is an architec-
ture that allows for high-speed object detection in comparison
to other methods. Before the YOLO model architecture was
released, the R-CNN was used for object detection tasks. This
model requires a high amount of computational power due to
its underlying methodology.

At a high level, YOLO takes an image (SxS), applies
bounding boxes (B), before using a CNN to analyze all of
the bounding boxes and subtracting low confidence predictions
based on a threshold. Shown in Figure 7 is the YOLO CNN
architecture.
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Fig. 7: YOLO Architecture [14]

Because the final goal is integration of the model in a
mobile application, YOLOv4 tiny [15] was used for model
development. This version of YOLO requires less computa-



tional power and thus is less in size and is ideal for on-device
inference and deployment on multiple platforms.

For training this model, the dataset was consolidated into
1000 images per class. Because YOLO is an object detection
model, it requires an annotated dataset. The dataset was
annotated using the Roboflow Web App [16] that allows for
annotations as well as storage of datasets in the Cloud. Figure
8 shows example images after annotation of the diseased

portions.

Fig. 8: Annotation examples for diseases

After the annotation process, text files containing the corre-
sponding bounding box coordinates were generated for each
image. This is the format that YOLO uses for model training.
The model was then trained across 100 epochs using the
Darknet framework [17] that allows for training of YOLO
models using the Tensorflow and Keras libraries.

III. RESULTS

For evaluating the models accuracy rates, both models were
tested on their corresponding testing splits branched from the
original full OCT image dataset.

In the 10th training epoch, the first CNN model received
an accuracy of 98.71% on the training data and a validation
accuracy of 95.13% on the testing dataset. It also received an
F1 score of 92.64%. Shown in Figure 9 are two graphs that
represent the training as well as validation accuracy and loss
achieved over the 10 epochs.
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Fig. 9: CNN training and validation accuracy and loss

Equations 1 and 2 depict the formulas used for accuracy and
F1 score calculations. These metrics are calculated for each of
the training epochs. TP is the number of True Positives, TN
is the number of True Negatives, FP is the number of False
Positives and FN is the number of False Negatives.

Accuracy = TP+TN (1)
Y“TPY{TN+FP+FN

Pl 2 x Precision x Recall TP
~ Precision+ Recall — TP+ Y(FP + FN)

2)

The disease detection model performed with a 100% accu-
racy while tested on 30 images and successfully detected all
the diseases present within the images. Example images are
shown in Figure 10 from the testing dataset after inference
was applied. All three images except the bottom right image
(NORMAL) had diseases present. The model successfully did
not detect disease in the normal image implying that no disease
was present.

Fig. 10: Example images after disease detection

Both models in OCTAI were converted from their original
format into an on-device Tensorflow Lite format. With this
format, OCTALI has the ability to be integrated into iOS and
Android mobile platforms. For this project, demonstration
of integration was done within an iOS iPhone application
developed with the Swift 5 programming language within the
Xcode IDE. Shown below in Figure 11 is a screenshot taken of
the iOS application. The app allows the user to take a picture
or choose a photo from the photo library.

OCTAI App

Fig. 11: OCTAI mobile app



IV. CONCLUSION

This paper demonstrates a novel and highly accurate Deep
Learning system, OCTALI, that has the capability to run multi-
step OCT image analysis within a smartphone application.
With this proposed system, Ophthalmologists can have the
ability to use a smartphone to derive a three-step predictive
result with which they can interpret and assist them in making
a final robust diagnosis of pathology. This system is agnostic
to any commercial OCT device thus making this platform po-
tentially a widespread and powerful tool for Ophthalmologists.
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