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Abstract - With diabetes on the rise, in almost all the 

developed and developing countries, it has become highly 

essential to bring substantial changes in the way we treat 

the effects of diabetes. This paper provides us with a 

method which helps us to automate the classifications and 

detection process of Macular Edema from OCT images by 

using Machine Learning techniques to our aid. As a non-

invasive imaging modality, optical coherence tomography 

(OCT) can provide micrometer-resolution 3D images of 

retinal structures. Therefore, it is commonly used in the 

diagnosis of retinal diseases associated with edema in and 

under the retinal layers. In this paper, a new framework is 

proposed for the task of fluid segmentation and detection 

in retinal OCT images. On segmented layers of raw images, 

a fully convolutional neural network was trained to detect 

and label the fluids. Random forest classification was 

performed on the segmented fluid regions to detect and 

reject the falsely labeled fluid regions.  
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I.  INTRODUCTION 

Macular Edema is commonly associated with diabetes. 

Chronic or uncontrolled diabetes type 2 can affect peripheral 

blood vessels including those of the retina which may leak 

fluid, blood and occasionally fats into the retina causing eye to 

swell. Diabetic Macular Edema (DME) is the most common 

cause of vision loss in people with diabetic retinopathy. Poor 

blood sugar control and additional medical conditions, such as 

high blood pressure, increase the risk of blindness for people 

with DME. DME can occur at any stage of diabetic 

retinopathy, although it is more likely to occur as the disease 

goes on. The several methods used in the pre-diagnosis of 

DME are—Visual acuity test, Dilated eye exam, Flourescein 

angiogram, The Amsler Grid. Optical coherence tomography 

is an established imaging modality in ophthalmology that 

provides micrometer resolution 3D images of sub-surface 

biological tissue. It can be used to monitor disease progression, 

such as in diabetic retinopathy or age-related macular 

degeneration (AMD). High quality visualizations of the retinal 

structures provided by OCT images can improve the 

understanding of the onset and development of these retinal 

diseases, which are increasing in prevalence and are major 

causes of visual morbidity. As such, tools to evaluate the 

health of the retina non-invasively and quantitatively are 

urgently needed. Previously, our group used machine learning 

to segment the retinal vasculature in OCT angiograms with 

promising results. Although 3D OCT images can visualize 

these regions of fluid, quantitative measurements of size in 

response to treatment require automated computational 

algorithms. Fully convolutional neural networks (FCN) have 

demonstrated excellent performance for image segmentation 

[5][6] tasks. An advanced version, the U-net [3], has proven to 

out-perform other methods in the application of segmenting 

small data sets of medical images, such as neural structures, 

the kidney and liver tumors. In this paper, we present a novel 

FCN-based framework for the segmentation and detection of 

retinal fluid in OCT images. The network used for 

segmentation followed the U-net structure but took additional 

spatial information as input. Segmentation results were further 

improved by random forest classifiers trained on the potential 

fluid regions. 

II. METHODOLOGY 

Our framework for the segmentation and classification of 

retinal fluids consists of three steps: 1) Layer segmentation - 

pre-process the image and segment the internal limiting 

membrane (ILM) and the retinal pigment epithelium (RPE); 2) 

Fluid detection - detect potential fluid regions using fully 

convolutional neural network(FCN); 3) Classification - extract 

features from potential fluid regions and train a classifier to 

reject false fluid regions. 

A. Materials 

The Optical Tomography Images are obtained from Vasan Eye 

Care, Vadapalani, Chennai. The training data sets contains a 

total of 30 volumes. 
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B. Layer Segmentation 

The image is pre-processed and the segmentation of 

Internal Limiting Membrane (ILM) and Retinal Pigment 

Epithelium (RPE) is done in the Layer Segmentation step. 

Total Variation Split Bregman denoising technique [2] was 

applied to reduce the effect of speckle while preserving and 

enhancing the boundaries between retinal layers. 

After denoising, morphological transformations are applied 

and it detects the retinal layers and divides an OCT image into 

multiple layer sections. The segmentation will be utilized in 

these segments respectively. The edge points are identified by 

using a customized edge detection kernel which is defined 

according to the local gradient information of each edge. The 

layer boundary is obtained by applying a shortest path search 

to the graph. 

C. Fluid detection using Fully Convolutional Neural 

Network 

The network architecture is illustrated in Fig 1. It has a 

similar structure as the standard U-net [1][3] except the input 

image contained a second channel in addition to the raw image. 

Relative distance maps were concatenated to the raw image as 

the second channel based on the assumption that the location of 

the fluid within the retina was an important property to 

determine the type of fluid. Since a network that classifies each 

pixel solely by the intensities of its neighbours cannot capture 

this information, additional inputs were necessary to better 

classify the different fluid types. 

For a pixel (x, y) in the relative distance map, its intensity 

in the relative distance map is defined as: 

𝐼 (𝑥 , 𝑦) =
𝑦 − 𝑌1(𝑥)

𝑌1(𝑥) − 𝑌2(𝑥)
 

where Y1(x) and Y2(x) represent the y-coordinate of ILM 

and RPE, respectively. 

There were two paths in the network architecture: the 

contracting path (left side) and the expansive path (right side). 

Each path consisted of 4 blocks. In each block there were two 

convolutional layers with kernel size 3x3 and a rectified linear 

unit (ReLU) after each convolution operation. A 2x2 max 

pooling layer with stride 2 was then added to the contracting 

path and a 2 x 2 up convolution layer was added to the 

expansive path. Shortcut connections were added to the layers 

with the same resolution from the contracting path to the 

expansive path so that to provide the high-resolution of every 

other feature.  

After the expansive path, a 1x1 layer was used so that to 

map the features to a 4-channel probability map corresponding 

to background, IRF, SRF and PED. For each pixel, i.e. the 

channel with the highest probability was chosen as the 

segmentation result. 

The network was trained [8] end-to-end with a pixel-wise 

soft-max function, 

𝑝𝑗(𝑧) =
𝑒𝑧𝑗

∑ 𝑒𝑧𝑘4
𝑘=1

  

To avoid overfitting, a dropout layer [4] was inserted before 

the 1x1 convolutional layer. During the training stage, only half 

of the units were randomly retained to feed features to the next 

layer, while in the testing stage, all the units were kept to 

generate the segmentation. Without training all units on every 

sample, it reduced overfitting by preventing co-adaption on the 

training data. Because there were far more background pixels 

than fluid pixels, the training set was highly imbalanced. 

Training with equation 2 would result in a network tending to 

predict most pixels as background. Therefore, the network was 

trained only with true positive and false positive pixels with a 

learning rate of 10-4. 

One important advantage of FCN is that without any fully 

connected layer, the network can be applied to images of 

arbitrary size. In this study, although the sizes of images from 

3 devices were not the same, the network trained on one data 

set was used to initialize the networks for the other two data 

sets to accelerate the training process. Due to the limited 

number of training samples, data augmentation is essential to 

prevent overfitting and increase the robustness and invariance 

properties of the network. Three processes - flip, rotation and 

zooming - were applied to the training samples. The rotation 

degree was from -45o to 45o and the maximum zooming ratio 

was 0:5. 

Fig. 1. Fully convolutional neural network. Each number above 

the cyan box represents the number of channels of the feature 

map. 

D. Random Forest Classification 

Because the network tended to over-segment, random forest 

classifiers [9] were trained to rule out false positive regions 

and determine the presence of fluid for each volume. In every 

image of the given volume, potential fluid pixels with 8-

connectivity were defined as a candidate region, and regions 

with less than 3 pixels were removed. For each candidate 

region, a bounding rectangle whose edge was 1.2 times the 

tight bounding box was extracted from which a 16-dimension 
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feature vector was then further extracted. The features 

included the major and minor axis lengths, ratio of major and 

minor axis lengths, perimeter, area, ratio of perimeter and area, 

eccentricity, orientation, variance of the cyst height at each 

column, average intensity inside the cyst, average intensity 

outside the cyst, intensity difference of inside and outside, 

intensity variance inside, intensity kurtosis inside, intensity 

skewness inside, and the relative distance of the center pixel as 

defined in equation 1. The label of candidate region was 

defined by  

r = 
area (S1 ∪ S2) 

min(area(S1),area(S2))
 

 wherever S1 is that the metameric region and S2 is the manual 

segmentation. The candidate region was labelled as truth once 

r > 0.7, or the other way around. 

The output probability of the random forest classifier was 

compared with a threshold to determine the label of each 

sample. A threshold of 0 to 1 with an interval of 0.01 was 

tested by a 5-fold cross validation on the training set. 

III. RESULTS 

The deep neural network was built with an open source deep 

learning toolbox, Keras. The model is trained with 4 volumes 

and 1 volume for testing. The segmentation performance was 

evaluated by dice index and simple accuracy percentile. 

Fig. 2. Showing the fluid region in the OCT image. 

IV. CONCLUSION 

In this paper, we described a novel framework to automatically 

segment the fluid regions in 3D retina OCT images, and detect 

different fluids types. Based on ILM and RPE layer 

segmentations using a Split Bregman technique, a relative 

distance map was generated and concatenated with the raw 

image as an input to train a fully convolutional deep neural 

network. For each type of fluid, a random forest classifier was 

trained on those candidate regions to rule out false positive 

samples and determine the fluid presence in each volume. Due 

to the limited number of training samples in the given data sets, 

the segmentation algorithm performed poorly on some 

volumes. As more data is accumulated in the future, we expect 

better accuracy in both fluid segmentation and detection. 
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