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a b s t r a c t 

As a non-invasive imaging modality, optical coherence tomography (OCT) can provide micrometer- 

resolution 3D images of retinal structures. These images can help reveal disease-related alterations below 

the surface of the retina, such as the presence of edema, or accumulation of fluid which can distort 

vision, and are an indication of disruptions in the vasculature of the retina. In this paper, a new frame- 

work is proposed for multiclass fluid segmentation and detection in the retinal OCT images. Based on the 

intensity of OCT images and retinal layer segmentations provided by a graph-cut algorithm, a fully con- 

volutional neural network was trained to recognize and label the fluid pixels. Random forest classification 

was performed on the segmented fluid regions to detect and reject the falsely labeled fluid regions. The 

proposed framework won the first place in the MICCAI RETOUCH challenge in 2017 on both the segmen- 

tation performance (mean Dice: 0.7667) and the detection performance (mean AUC: 1.00) tasks. 

© 2019 Elsevier B.V. All rights reserved. 
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1. Introduction 

Optical coherence tomography (OCT) is an established imag-

ing modality in ophthalmology providing micrometer-resolution

3D images of sub-surface biological tissue. It can be used to mon-

itor disease progression, such as in diabetic macular edema (DME)

or age-related macular degeneration (AMD) ( Hee et al., 1995 ). High

quality visualizations of the retinal structures provided by OCT im-

ages can improve the understanding of the onset and development

of these retinal diseases, which are major causes of visual impair-

ment ( Joussen et al., 2010 ). Because the high-resolution imaging

volumes provided by OCT are large and information-rich for oph-

thalmologists to screen quickly while assessing a large number of

patients, automated tools to evaluate the health of the retina based

on these non-invasive images are urgently needed. Macular edema

is the accumulation of fluid in the center of the retina due to the

disrupted blood-retina barrier. It is commonly caused by diseases

that involve damage and leakage of retinal blood vessels, such as

DME and AMD. Accurate segmentation of the regions of macular

edema (henceforth denoted as “fluid”) is of interest to ophthal-
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ologists. Although 3D OCT images can visualize these regions of

uid, accurate, automated segmentation and quantification of the

uid regions can provide clinicians precise characterization of the

isease state for tracking progression and response to treatment. 

In recent years, several effort s have been made to automate

egmentation of the fluid regions in retinal OCT images, such as

sing intensity thresholding and size-based criteria ( Wilkins et al.,

012 ), k-NN classification ( Pilch and Stieger, 2013 ), random for-

st classification ( Lang and Carass, 2015 ), layer-dependent strati-

ed sampling ( Xu et al., 2015 ), kernel regression ( Chiu et al., 2015 ),

uzzy level-set methods ( Wang et al., 2016 ), AdaBoost classification

 Sun et al., 2016 ), continuous max flow optimization ( Wu et al.,

017 ), kernel graph cut ( Rashno et al., 2017 ) and convolutional

eural network ( Lee et al., 2017c ). There are also some studies

hich tried to jointly segment retinal layer and fluid ( Novosel

t al., 2017; Montuoro et al., 2017; Roy et al., 2017 ). However, these

ethods were all built for binary segmentation tasks, and limited

o identifying a single type of retinal fluid, when there are often

ifferent types of fluid present in a patient’s retina. In comparison

o a binary fluid segmentation method, a multiclass segmentation

pproach has better potential to segment fluid regions with differ-

nt properties. 

There have been few studies on multiclass fluid segmenta-

ion ( Schlegl et al., 2015, 2017 ) and these have been limited to

https://doi.org/10.1016/j.media.2019.02.011
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2019.02.011&domain=pdf
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ntraretinal fluid (IRF) and subretinal fluid (SRF) segmentation.In

CT images the fluid regions appear as contiguous spaces that

ave different reflectivity than the surrounding tissue. IRF is a hy-

oreflective space predominantly located in the inner and outer

uclear layers that increases the overall retinal thickness. SRF is

 hyporeflective space between the neurosensory retina and reti-

al pigment epithelium (RPE), resulting in retinal detachment. Pig-

ent epithelial detachment (PED) is separation of RPE from the

ruch’s membrane (BM). It can be subdivided into serous (hypore-

ective, dome-shaped), fibrovascular (heterogenous reflectivity, ir-

egularly shaped), drusenoid (medium to high homogenous reflec-

ivity, smooth contour) and hemorrhagic types. Hemorrhagic PEDs

ppear as dome-shaped hyporeflective elevations similar to serous

EDs, but the structure below the PED, such as choroid, is less well

isualized with lower intensity due to the presence of hemorrhage.

ost PEDs are of a mixed configuration ( Told et al., 2017; Lee et al.,

012; Arevalo et al., 2013 ). The IRF and SRF fluid regions usually

how obvious lower intensity compared to nearby retinal tissue,

hile PED can have similar or even higher intensity, as shown in

ig. 2 . To the best of our knowledge, there is no previous publica-

ion on achieving simultaneous three class retinal fluid (IRF, SRF

nd PED) segmentation or detection. In addition, previous work

sed private datasets, making it difficult to compare the perfor-

ance across different methods. 

Deep learning is a subfield of machine learning in which artifi-

ial neural networks with multiple layers are used for hierarchical

eature learning. As increasingly large databases and computational

ower are available, deep learning has come to excel in classifi-

ation tasks involving images and speech ( Hinton et al., 2006 ). In

phthalmology, interest has been building to use deep learning to

ake advantage of the rich resource of fundus photography and OCT

mages that are routinely taken in clinics ( Lee et al., 2017a ), in

articular for computer-aided diagnosis. Google has recently cre-

ted a dataset of 128,0 0 0 fundus photographs, and several works

ave been published on deep learning-based automated detection

f DME using fundus photography ( Abràmoff et al., 2016; Gulshan

t al., 2016; Gargeya and Leng, 2017; Quellec et al., 2017 ). Lee

t al. linked electronic medical records to approximately 10 0,0 0 0

CT scans from 9182 subjects to automatically classify normal and

ge-related macular degeneration cases ( Lee et al., 2017b ), and

eep learning-based automated detection of glaucoma has been

erformed on wide-field OCT scans ( Muhammad et al., 2017 ) and

reperimetric glaucoma visual field ( Asaoka et al., 2016 ). Deep

earning has been also used for segmentation and classification of

etinal vasculature in fundus photography ( Leopolda et al., 2017;

elikala et al., 2017 ) and OCT ( Prentaši ́c et al., 2016 ) and retinal

ayers ( Fang et al., 2017 ). 

Fully convolutional neural networks (FCN) have demonstrated

xcellent performance for image segmentation tasks ( Long et al.,

015 ). FCN and its advanced version, the U-net ( Ronneberger et al.,

015 ), have proven to outperform other methods in the applica-

ion of segmenting small datasets of medical images, such as neu-

al structures ( Ronneberger et al., 2015 ), the kidney ( Çiçek et al.,

016 ) and liver tumors ( Christ et al., 2017 ). Their applications on

CT retinal image have also shown superior performance, such as

lood vessel ( Prentaši ́c et al., 2016; Fu et al., 2016 ) segmentation,

ayer segmentation ( Fang et al., 2017 ). Although there has been a

ew effort s to apply it for retinal fluid segmentation ( Lee et al.,

017c; Roy et al., 2017; Venhuizen et al., 2018 ), all the studies

ere limited to binary segmentation of IRF or SRF. Therefore, it is

orth exploring developing an application of FCN towards the task

f OCT multiclass fluid segmentation. 

In this paper, we present a novel FCN-based framework for the

egmentation and detection of retinal fluid in OCT images. The net-

ork used for segmentation followed the U-net structure detailed

n Section 2.2 , but took additional spatial information as an in-
ut. Segmentation results were further improved by random forest

lassifiers trained on the candidate fluid regions. The probability

f random forest classifiers was also used to determine the pres-

nce of fluid in each volume. The proposed framework won the

rst prize in the Retinal OCT Fluid Challenge (RETOUCH) in the

017 Medical Image Computing and Computer Assisted Interven-

ions Conference (MICCAI) on both segmentation and detection. In

ddition, we evaluated the network trained on RETOUCH data for

erformance on an unseen, independent, publicly available dataset

 Kermany et al., 2018a,b ) with OCT images from 530 subjects and

btained results comparable to that found in testing on the RE-

OUCH dataset. This suggests the generalizability of the proposed

ramework to unseen data and hence its potential for usage in clin-

cal application. 

. Methods 

Our framework for the segmentation and classification of reti-

al fluid consisted of three steps as displayed in Fig. 1 : 1) Layer

egmentation: pre-process the image and segment the retina by

elineating the internal limiting membrane (ILM) and the Bruch’s

embrane (BM); 2) Multiclass fluid segmentation: segment all pix-

ls of each B-scan into background (non-fluid region), IRF, SRF and

ED using fully convolutional neural network (FCN); 3) Classifica-

ion: extract features from potential fluid regions and train a clas-

ifier to reject false fluid regions. Instead of first classifying B-scans

y the presence of fluid and then segmenting the fluids in the se-

ected scans, we performed fluid segmentation in all scans and la-

elled the scans according to the resulting segmentation. 

.1. Materials 

Two datasets were used in this study, the RETOUCH dataset

 Bogunovic et al., 2017 ) and another independent dataset provided

y Kermany et al., which is referred to here as the Kermany dataset

 Kermany et al., 2018a,b ). 

The RETOUCH dataset was released in two steps. First, 3 train-

ng datasets were released with manual segmentation to develop

he method. Each dataset corresponded to a different OCT device.

 total of 70 volumes, with 24 volumes acquired with each of

he two OCT imaging devices: Cirrus (Zeiss) and Spectralis (Hei-

elberg), and 22 volumes acquired with T-10 0 0 and T-20 0 0 (Top-

on) were provided. These images are collectively referred to by

he manufacturer name in the rest of paper. For each volume from

hese three devices, the numbers of B-scans were 128, 49 and 128,

espectively. 

Three different types of fluid, namely the IRF, SRF and PED,

ere manually labeled and provided as ground truth. Although not

ll B-scans contained fluid, there was at least one type of fluid in

ach volume. Images with and without fluid are shown in Fig. 2 for

ach commercial device. 

Then 3 testing datasets with 14 volumes acquired with each

f the three devices were released for the validation of proposed

ethod. The results of both the segmentation and detection tasks

ere evaluated by the RETOUCH organizers upon submission by

he research teams, and hence, the ground truth of the RETOUCH

est data remains unknown to public. 

To test the generalizability of the networks trained on RETOUCH

ata to segment an unknown test dataset, the publicly available

ermany dataset, which was used only for further evaluation (and

ot used for training). We included all the 530 OCT images from

ME, DRUSEN and NORMAL groups from their test set in this ex-

eriment. The images were acquired with Spectralis (Heidelberg)

maging system, and manual segmentation for fluid was performed

y three trained raters (TY, NP and MB). The segmentations were
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Fig. 1. Flowchart of multiclass fluid segmentation. A novel framework is proposed comprising a fully convolutional network (FCN) core and incorporating prior information 

via fluid features, a relative distance map, as well as post-processing by level sets and random forest based classifiers to deliver the final three-class (IRF, SRF, PEF) fluid 

segmentation. 

Fig. 2. OCT images with manual segmentations. The images on the first row have no macular edema (“fluid”), while the red, blue and yellow segmentations on the second 

row represent the IRF, PED and SRF respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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reviewed by opthalmology clinician scientist VV and EN for accu-

racy. The raw images are available from https://data.mendeley.com/

datasets/rscbjbr9sj/2 and our manual segmentations, in the same

reference frame as the original images, is available for download at

this link: https://vault.sfu.ca/index.php/s/0JwlgZ4IwRhmBkI?path=

%2FFINAL _ ATTEMPT%2FSegmentation . In the Kermany dataset, the

number of B-scans for each volume ranged from 1 to 13 with most

volumes only containing 1 or 2 B-scans. There are 168 volumes in

the DME group, 142 volumes in the DRUSEN group and 220 vol-

umes in the NORMAL group. The deep network trained on MICCAI

RETOUCH Spectralis images was applied to a total of 750 B-scans

taken from the 530 volumes of the Kermany data set for assessing

the generalizability of performance for an unseen dataset. 

2.2. Layer segmentation 

Axial motion between B-scans was corrected using cross-

correlation. Bounded variation (BV) 3D smoothing was applied to

the motion-corrected intensity B-scans in order to reduce the ef-

fect of speckle while preserving and enhancing the boundaries be-

tween retinal layers. Next, the ILM and BM were automatically

segmented using a 3D graph-cut based algorithm as smooth 3D

surfaces ( Li et al., 2006; Lee et al., 2013 ). For each volume, a graph

was generated with nodes at each voxel and arcs based on the

surface smoothness and between-surface distance, with the cost

function of axial intensity gradient. In cases where the BM was

not visible because of a large PED, a smooth curve was fitted to

approximate BM. 

2.3. Fully convolutional neural network 

The network architecture is illustrated in Fig. 3 . It shares a sim-

ilar structure as the standard U-net ( Ronneberger et al., 2015 ) ex-
ept the input image contains a second channel in addition to the

aw image. Relative distance maps were concatenated to the inten-

ity of each B-scan as the second channel based on the assumption

hat the location of the fluid within the retina was an important

roperty to determine the type of fluid. Since a network that clas-

ifies each pixel solely by the intensities of its neighbours cannot

apture this information, additional inputs were necessary to bet-

er classify the different fluid types. For a pixel ( x, y ) in the relative

istance map, its intensity in the relative distance map is defined

s: 

(x, y ) = 

y − Y 1 (x ) 

Y 1 (x ) − Y 2 (x ) 
, (1)

here Y 1 ( x ) and Y 2 ( x ) represent the y -coordinate of ILM and BM,

espectively. 

There were two paths in the network architecture: the contract-

ng path (left side) and the expansive path (right side). Each path

onsisted of 4 blocks. In each block there were two convolutional

ayers with kernel size 3 × 3 and a rectified linear unit (ReLU) after

ach convolution operation. A 2 × 2 max pooling layer with stride 2

as then added to the contracting path and a 2 × 2 up-convolution

ayer was added to the expansive path. Shortcut connections were

dded to the layers with the same resolution from the contract-

ng path to the expansive path to provide high-resolution features.

fter the expansive path, a 1 × 1 convolutional layer was used to

ap the features to a 4 channel probability map corresponding to

ackground, IRF, SRF and PED. For each pixel, the channel with the

ighest probability was chosen as the segmentation result. 

The network was trained end-to-end with a pixel-wise softmax

unction p j ( � z ) = e z j / 
∑ 4 

k =1 e 
z k combined with a cross entropy loss

https://data.mendeley.com/datasets/rscbjbr9sj/2
https://vault.sfu.ca/index.php/s/0JwlgZ4IwRhmBkI?path=%2FFINAL_ATTEMPT%2FSegmentation
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Fig. 3. Fully convolutional neural network. Each number above the cyan box represents the number of channels of the feature map. 
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unction: 

(i ) = − 1 

N 

N ∑ 

i =1 

4 ∑ 

j=1 

[ 1 { y i = j} log(h (x i ) j ] , (2)

here z j denotes the probability in channel j, N is the number of

nput samples, j represents the class of samples, x i , y i are the fea-

ure vector and label of the i th sample and h represents the net-

ork function. 

To avoid overfitting, a dropout layer ( Srivastava et al., 2014 ) was

nserted before the 1 × 1 convolutional layer. During the training

tage, only half of the units were randomly retained to feed fea-

ures to the next layer, while in the testing stage, all the units were

arnessed to generate the segmentation. By avoiding training all

nits on every sample, the chances of overfitting are reduced by

reventing co-adaption on the training data. Because there were

ar more background pixels than fluid pixels, the training set was

ighly imbalanced. Training with Eq. (2) would result in a network

ending to predict most pixels as background. Therefore, the net-

ork was trained only with true positive, false positive and false

egative pixels, which means if a background pixel is correctly

lassified, it would not be used for the calculation of loss so that

he absolute value of average cross entropy would be higher to

uarantee the network being fully trained for the detection of fluid

ixels. Because of the limitation of GPU memory, batch size was set

s 3. The weight parameters for each layer were initialized with

 uniform distribution while all bias started with 0 ( Glorot and

engio, 2010 ). Stochastic gradient descent (SGD) was used for op-

imization with a fixed learning rate of 10 −4 and network training

as stopped if the training accuracy ceased to increase during 10

pochs. 

One important advantage of FCN is that without any fully con-

ected layer, the network can be applied to images of arbitrary

ize. In this study, although the sizes of images from 3 devices

ere not the same, the network trained on one dataset was used

o initialize the networks for the other two datasets to accelerate

he training process. Due to the limited number of training sam-

les, data augmentation is essential to prevent overfitting and in-
rease the robustness and invariance properties of the network.

hree processes - flip, rotation and zooming - were applied to the

raining samples. The rotation degree was from −25 ◦ to 25 ◦ and

he maximum zooming ratio was 0.5. 

Because FCN is a pixel-wise classification based segmentation

pproach, it may fail to segment the whole region of large fluid

ue to lack of gradient information and similarity between fluid

nd background, as shown in the left panel of Fig. 4 . The retina

as severely deformed due to a large PED and there was not

nough similar volumes for training. The network was able to de-

ect the PED pixels in the boundary area but failed to classify the

entral part of the fluid region. Therefore, a post-processing step

as added by combining the FCN segmentation with a level-set

ethod ( Goldstein et al., 2010 ). Because the level-set method is

ble to detect the regions with low intensity, it can distinguish the

hole fluid region from background as shown in the right panel of

ig. 4 . For implementation, the level-set segmentation was applied

o each B-scan to detect low intensity region which was consid-

red as potential fluid region. Because it was a binary segmenta-

ion approach and may over segment, the detected fluid region was

ept only when it had any overlap with PED or SRF segmented by

CN, and if so, the whole region was labelled as PED or SRF. This

s shown in Fig. 4 where the PED in the left panel was expanded

o the region in the right panel. This extra step was not necessary

or IRF because the fluid regions were sufficiently small. 

.4. Random forest classification 

Because the network tended to over-segment, random forest

lassifiers ( Breiman, 2001 ) were trained to rule out false posi-

ive regions and determine the presence of fluid for each volume

 Lu et al., 2017 ). In every B-scan of the given volume, potential

uid pixels with 8-connectivity were defined as a candidate re-

ion, and the regions with less than 3 pixels were removed. For

ach candidate region, a bounding rectangle with the edges 1.2

imes longer than that of the tight bounding box was extracted,

nd from this a 16-dimension feature vector was further extracted.
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Fig. 4. Segmentation result before post-processing and after post-processing. The left panel shows the result of FCN, while the right panel displays the segmentation result 

combined with level-set method. The green and cyan lines are ILM and BM segmented with graph-cut based algorithm. (For interpretation of the references to colour in this 

figure legend, the reader is referred to the web version of this article.) 
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The features consisted of the major and minor axis lengths, ratio

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

perimeter and area, eccentricity, orientation, variance of the fluid

height at each column, average intensity inside the fluid, average

intensity outside of the fluid, intensity difference of inside and out-

side, intensity variance inside, intensity kurtosis inside, intensity

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

defined in Eq. (1) . The label of the candidate region was defined

by r = 

area (S 1 ∩ S 2 ) 
min (area (S 1 ) ,area (S 2 )) 

, where S 1 is the segmented region and

S 2 is the manual segmentation. The candidate region was labeled

as truth when r > 0.7, or vice versa. 

Three random forest classifiers were trained separately for

each fluid type. To avoid the effect of imbalanced training

samples, the weights of the positive samples and negative

samples were set as N(negati v e ) / (N(negati v e ) + N(positi v e )) and

N(positi v e ) / (N(negati v e ) + N(positi v e )) respectively, where N ( · )

represents the number of samples. For each random forest, 100

decision trees were trained with 4 randomly selected features for

each tree. 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 and the one which

resulted in the maximum F measure = 

2 ×precision ×recall 
precision + recall 

was selected.

It is worth noting that the previous step of FCN yielded pixel-

wise segmentation, and this was followed by the random forest

classification on each candidate fluid region segmented by FCN.

Therefore, if a region was classified as negative, all pixels in that

region would be labeled as background; otherwise, they would re-

main the same as the FCN output. 

2.5. Volume-wise fluid presence 

To determine the presence of fluid in each volume, first the

probability map of each B-scan was created based on the ran-

dom forest classification result. Then the probability of each B-

scan containing fluid was defined as the highest probability of all

pixels within the probability map. Based on the assumption that

fluid exists within multiple B-scans, the mean of the 10 high-

est probabilities over all B-scans in a volume was calculated and

used as the probability of fluid presence for this volume. For ex-

ample, to determine the presence of IRF in volume k , probability

maps P 1 , P 2 , . . . , P N was created for B-scans I 1 , I 2 , . . . , I N , respec-

tively. In P i (i ∈ [1 , . . . , N]) , the intensities of the pixels segmented

as background, SRF, or PED were set to 0, and the intensities of

the remaining pixels were set to the probabilities from the random

forest classification. Since the random forest classification was per-

formed on each candidate region, pixels close to each other have

the same intensity. Then the probability pb n of B-scan I n contain-

ing IRF was defined as the highest intensity of P n . The average of
0 highest values across pb 1 , pb 2 , . . . , pb n was defined as the prob-

bility of volume k containing IRF. 

Because most volumes in the Kermany dataset contain less than

0 B-scans, the probability of fluid presence for each volume in this

ataset was defined as the average probability of all B-scans in the

olume. 

. Experiments and results 

The deep neural network was built with an open source deep

earning toolbox, Tensorflow ( Abadi et al., 2015 ). Because of the

ifference between images acquired with different devices, as

hown in Fig. 2 , the experiments were performed on different de-

ice datasets independently. Three experiments were conducted to

valuate the performance of our proposed approach. For the RE-

OUCH dataset acquired with each device, a leave-one-out cross

alidation was first performed on the training data and the results

ere evaluated based on the ground truth provided by RETOUCH

rganizers. Then a classifier was trained on all training data and

sed to generate the segmentation and detection result for RE-

OUCH testing data. Those results were uploaded to the RETOUCH

ebsite and evaluated by the organizers. For the Kermany dataset,

ecause the images were acquired with Spectralis imaging system,

he classifier trained on the RETOUCH Spectralis dataset was ap-

lied for the fluid segmentation and detection. The segmentation

erformance was evaluated by the Dice index: 

Dice = 

2 area (S 1 ∩ S 2 ) 

area (S 1 ) + area (S 2 ) 
(3)

The Dice index was computed per volume. For each type of

uid, the segmentation was measured separately, and the volumes

hat did not contain the particular type of fluid were ignored in

he measurement. 

For the detection of fluid in each volume, the receiver operat-

ng characteristic (ROC) curve was created by comparing the prob-

bilities to the manual label and the area under the curve (AUC)

as calculated. The probability of each volume was defined as the

ean probability of 10 B-scans that mostly likely contained that

ype of fluid. 

.1. Leave-one-out cross validation 

For the leave-one-out cross validation experiment, a single vol-

me was used for testing at every iteration and the rest were used

o train the neural network and the random forest classifiers. The

xperiments were repeated 24 times for both the Cirrus and Spec-

ralis dataset, and 22 times for the Topcon dataset so that each

olume would be used for testing exactly once. 

The Dice index is displayed in Fig. 5 . The ROC curves of fluid

etection are displayed in Fig. 6 . For each type of fluid in each
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Fig. 5. Boxplot of the Dice index for fluid segmentation for each of the three commercial devices. The stars in each box are the mean Dice index, the line represents the 

median Dice index and the red ‘+ ’ indicates outliers. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this 

article.) 

Fig. 6. ROC curves for identification of fluid-containing volumes between the automated and manual segmentations. The numbers in legend are the AUC of IRF, SRF and 

PED. 

Table 1 

Dice index and AUC after different steps. FCN-1channel represents the segmentation and detection result of the deep neural 

network with only intensity B-scan, while FCN-2channel represents the results with the relative distance map used as 

the second channel of input. The level-set result was combined with the FCN-2channel segmentation, and random forest 

classification was performed after the level-set process. To calculate AUC for the steps before random forest classification, 

the probability map created by FCN was directly used for each B-scan. 

Measurement Cirrus Spectralis Topcon 

IRF SRF PED IRF SRF PED IRF SRF PED 

Dice FCN-1channel 0.587 0.563 0.5214 0.4837 0.7284 0.5872 0.5763 0.4834 0.4965 

FCN-2channel 0.7294 0.7183 0.6912 0.7418 0.8332 0.73 0.65 0.601 0.6634 

Level-set 0.7294 0.7221 0.7167 0.7418 0.8593 0.7324 0.65 0.6038 0.7069 

Random Forest 0.7525 0.7499 0.7286 0.7396 0.8731 0.7367 0.6651 0.643 0.6966 

ACU FCN-1channel 0.731 0.7282 0.7224 0.7283 0.86 0.8153 0.78 0.7357 0.7264 

FCN-2channel 0.912 0.8333 0.9167 0.8375 1 1 0.9 0.8967 0.8846 

Level-set 0.912 0.8333 0.9167 0.8375 1 1 0.9 0.8967 0.8846 

Random Forest 0.9815 0.9653 0.9931 0.975 1 1 1 0.9504 1 
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ataset, the AUC was always above 0.95, indicating an excellent de-

ection accuracy. 

The result after different steps is shown in Table 1 . The FCN-

channel and FCN-2channel process are completely independent,

hile the other two processes are based on the output of their

revious steps, i.e., level-set segmentation was combined with

CN-2channel result and random forest was performed after FCN-

channel and level-set segmentation. For the calculation of AUC,

trategy described in Section 2.5 was used to determine the prob-

bility of fluid presence in each volume. But for the steps before

andom forest classification, the probability map created by FCN

as directly used for each B-scan. 

.2. Experiment on the RETOUCH testing sets 

In this experiment, a classifier with all training images was

rained for each dataset and the results on the testing set provided

ere submitted to, and were evaluated by, the RETOUCH organiz-
rs. The results were compared with 7 other methods proposed

y other participants of the RETOUCH challenge. All proposed seg-

entation methods were deep learning based approach with dif-

erent network architectures. The description of these methods can

e found on https://retouch.grand-challenge.org/workshop/ . As in

he previous experiment, segmentation performance was measured

y Dice index and detection accuracy by AUC. The learning curves

f FCN for different datasets are shown as in Fig. 7 . 

The Dice indices for the segmentation of IRF, SRF and PED of

ach test set is displayed as in Fig. 8 , in which the result of each

roup is represented by a different color. The first 9 points indicate

ndividual tasks corresponding to different datasets and different

ypes of fluid, and the last point indicates the mean Dice index

cross all tasks. 

For the presence of fluid in each volume, the AUC of the 8

ethods are displayed in Table 2 , in which each type of fluid was

easured separately across all 3 datasets. For the detection of ev-

ry type of fluid, our method has a perfect AUC score (1.00) for

https://retouch.grand-challenge.org/workshop/
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Fig. 7. Learning curve for different datasets with respect to iteration. The y axis represents the Dice index, while x axis represents the number of iteration. The green curve 

indicates the average Dice of 3 fluids. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 8. Dice index of testing result. In X axis, ‘C’, ‘S’ and ‘T’ represents Cirrus, Spectralis and Topcon, while ‘I’, ‘S’ and ‘P’ represents IRF, SRF, PED. ‘Mean’ denotes the average 

index value for all tasks. 

Table 2 

AUC of different methods for the detection of IRF, SRF and PED. The result was evalu- 

ated across all 3 test sets. The last line represents the mean AUC of IRF, SRF and PED. 

Fluid SFU RMIT MABIC RetinAI UMN Helios UCF NJUST 

IRF 1.00 0.71 0.86 0.99 0.91 0.93 0.94 0.70 

SRF 1.00 0.92 1.00 0.78 0.92 1.00 0.92 0.83 

PED 1.00 1.00 0.97 0.82 0.95 0.97 1.00 0.98 

Mean 1.00 0.88 0.94 0.86 0.93 0.97 0.95 0.84 
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the RETOUCH testing sets. This indicates that with the probability

for each volume given by our method, there is a threshold which

can separate the positive samples and negative samples with 100%

accuracy as shown in Fig. 9 . The probabilities of each volume were

sorted from the lowest to highest. The first red line indicates the

highest probability of negative samples, while the second one rep-

resents the lowest probability of positive samples. 

3.3. Experiment on the unseen Kermany dataset 

In this experiment, the classifier trained on RETOUCH Spectralis

dataset was used for fluid segmentation and detection of the un-

seen Kermany dataset. As discussed in Section 2.5 , because most

volumes in this dataset only contain 1 or 2 B-scans, the probabil-

ity of fluid presence in each volume was defined as the average

probability of all the B-scans in the volume. As shown in Fig. 10 ,

both segmentation and detection performance were comparable to

that of the previous two experiments with the RETOUCH datasets. 
. Discussion 

.1. Leave-one-out cross validation 

Deep neural networks have proven to be a powerful tool for

attern recognition. However, acquiring millions of labelled data

amples to train the network can be difficult for medical image

rocessing tasks. Therefore, incorporating a-priori, domain-specific

nowledge with deep learning tools is important to achieve good

erformance specifically for medical imaging based tasks which

re data-limited. Based on the cross validation results displayed in

able 1 , adding the relative distance map as the second channel

f input has improved the performance of FCN significantly (ap-

roximately 0.15 for average Dice and AUC). The level-set process

mproved the segmentation of SRF and PED (about 0.02 for average

ice), because it was only used to expand the FCN segmentation of

he volumes which contained very large fluid regions. Random for-

st classification also did not improve the segmentation relatively

s much, and even reduced the Dice index of IRF for Sepctralis and
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Fig. 9. Probabilities of each volume sorted from lowest to highest. The x-axis represents different volume, and y-axis is the probability of fluid presence. The red lines are 

used to divide negative and positive samples. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 10. Dice boxplot and ROC curves for fluid segmentation and detection of the Kermany dataset with classifier trained on RETOUCH Spectralis dataset. The left panel is a 

boxplot of the Dice index. The stars in each box are the mean Dice index, the line represents the median Dice index and the red ‘+ ’ indicates outliers. The right panel is the 

ROC curves for the identification of fluid presence with respect to each volume. The numbers in legend are the AUC of IRF, SRF and PED. (For interpretation of the references 

to colour in this figure legend, the reader is referred to the web version of this article.) 
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ED for Topcon slightly. This may be due to some true fluid regions

eing removed. However, by ruling out the false fluid regions, it in-

reased the detection accuracy significantly (about 0.08 for average

UC with some results already at maximum value). 

.2. Experiment on the unseen RETOUCH testing sets 

Each of the previous studies on fluid segmentation used their

wn datasets and the results were evaluated with different mea-

ures, making it difficult to compare the performance across meth-

ds. In this study, we used the datasets provided by the RETOUCH

roup as part of an international competition, competing with

ther groups using the same training data (including the same

anual segmentation) and the same testing data whose ground

ruth remained unknown to all participants. This aspect of the RE-

OUCH challenge enables a direct comparison of different meth-

ds. Based on the evaluation of our network output provided by

ETOUCH organizers, our proposed novel method achieved the

est performance on both segmentation and detection tasks among

 teams in the 2017 MICCAI RETOUCH challenge. As shown in

ig. 8 and Table 2 , in 6 out of 9 individual segmentation tasks our

ethod out-performed all other methods with the highest overall

ice index of 0.7667. The AUC for fluid detection was 1 for all three

ypes of fluid. This provides supportive evidence for the robustness

nd stability of our method regarding different types of fluid and

ifferent devices used for acquiring the data. 

It is worth mentioning that most participating teams used deep

earning-based methods for the segmentation of all types of fluid

ith only two teams using non-deep learning based approaches

o segment PED. Two strategies, which were both allowed by the

ETOUCH challenge, have been used in the network training by

ifferent teams: training separate networks for datasets from dif-

erent imaging systems, and training a single network with all

atasets. Because machine learning based approaches, especially
eep neural networks, are sensitive to training data, the perfor-

ance of trained networks on an unknown dataset depends heav-

ly on its similarity with the data used for training. A domain

ransfer approach to convert images into similar space is in devel-

pment such that manually labelled samples may not be necessary

o develop deep networks for classification of data acquired with

ther OCT devices. 

.3. Experiment on the unseen Kermany dataset 

For the evaluation of generalizability and potential clinical ap-

lication of the proposed framework, an additional experiment was

erformed on an unseen, independent Kermany dataset which was

nalyzed by using the network trained exclusively on the RETOUCH

pectralis dataset. As displayed in the left panel of Fig. 10 , the

ice index for fluid segmentation is comparable to that of the RE-

OUCH dataset. The appearance of more outliers compared with

he boxplots in Fig. 5 is likely due to increased volume numbers

530 vs. 24). There was a slightly decrease in the overall AUC com-

ared with the previous experiments as shown in the right panel

f Fig. 10 . This may be because most volumes in the Kermany

ataset only contained 1 or 2 B-scans, and a segmentation mis-

ake in a single B-scan could lead to the misclassification of the

ntire volume. In the RETOUCH dataset, the fluid presence in each

olume was determined by 10 B-scans with highest probabilities,

hich considerably reduced the effect of errors in a single B-scan.

he Dice and AUC of SRF was slightly worse than IRF and PED due

o “shadow regions” which were mistakenly segmented as SRF, as

hown in Fig. 11 . Because there was no such region in the MIC-

AI RETOUCH dataset segmentation protocol, the MICCAI RETOUCH

pectralis classifier was not trained to recognize it. The overall ex-

ellent performance on this unseen, independent dataset with 530

olumes suggests that our proposed framework has potential for
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Fig. 11. Illustration of shadow regions mistakenly segmented as SRF. Images on the left side are the ground truth, while the images on right side show the segmentation 

result. 

Fig. 12. Illustration of failed segmentation because of reasons 1 to 3. Images on the left side are the ground truth, while the images on right side show the segmentation 

result. IRF, SRF, PED, ILM and BM are represented by red, yellow, blue, green and cyan lines, respectively. (For interpretation of the references to colour in this figure legend, 

the reader is referred to the web version of this article.) 
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being incorporated in a clinical pipeline for the automated seg-

mentation and detection of macular edema in OCT images. 

4.4. Analysis of errors 

There were some volumes for which our method showed lower

segmentation accuracy despite its overall excellent performance.

This is likely due to following reasons. 1) Very small area of SRF:

when a volume only contained SRF of a much smaller size than

most SRF regions in the training data, such as the first row in

Fig. 12 , the proposed method failed to detect the tiny SRF region

because of its similarity with shadow regions in normal tissue. 2)

Incorrect layer segmentation: the layer segmentation was not al-

ways perfect due to severe deformation in some retinas, such as in

the second row in Fig. 12 . The network failed to detect the PED re-
ion because the BM boundary was incorrectly segmented. Retinal

ayer segmentation using deep neural networks may be explored

o improve the accuracy of the layer segmentation. 3) Varied sub-

ypes of PED: some PED regions are heterogeneous in reflectivity,

ontaining hyperreflective foci as shown in the third row in Fig. 12 .

ith manual labeling of PED further by subtypes, the proposed al-

orithm could have a better performance on their segmentation. 4)

ther abnormalities and artifacts: in Fig. 13 , the top row shows a

nner limiting membrane detachment segmented as IRF. The mid-

le row shows heavy shadowing caused by large IRF regions seg-

ented as SRF. The third row shows structural disturbance in the

PE band segmented as PED. 5) Limitations of the ground truth

ata: Some of the errors may be attributed to the inconsistencies

n RETOUCH data, which was manually segmented and labeled by

ultiple experts. The area segmented as fluid in the first row of
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Fig. 13. Illustration of failed segmentation because of reason 4. From top to bottom, there are abnormal regions labelled as IRF, SRF and PED, respectively. 
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ig. 12 may not be considered as SRF by some experts, and the hy-

oreflective PED in the third row of same figure may be explained

y sub-RPE exudate or migrating RPE. 

. Conclusion 

In this paper, we have described a novel framework to auto-

atically segment multiple types of fluid regions in 3D retinal OCT

mages and identify volumes containing specific fluid types. Using

LM and BM boundaries segmented by a graph-cut technique, a

elative distance map was generated and concatenated with each

-scan as an input to train a fully convolutional deep neural net-

ork. Pixels classified as potential fluid by the network were then

rouped into different regions based on their 8-connectivity. For

ach type of fluid, a random forest classifier was trained on those

andidate regions to rule out false positive samples and determine

he fluid presence in each volume. The proposed method showed

ood performance in the leave-one-out classification experiments

ith 3 different training sets, and had the best performance on

he testing set especially for the detection of fluid presence in each

olume. The excellent performance on the unseen, independent

ermany dataset with 530 volumes suggests the potential for gen-

ralizability of the proposed framework for unseen data in clinical

pplications. Due to the limited number of training samples in the

iven datasets, the segmentation results are comparatively not as

igh as the detection results. As more data is accumulated in the

uture, it is likely that further improvements in accuracy for the

ask of fluid segmentation in retina OCT images may be achieved. 
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