
Computer Methods and Programs in Biomedicine 0 0 0 (2019) 105101 

Contents lists available at ScienceDirect 

Computer Methods and Programs in Biomedicine 

journal homepage: www.elsevier.com/locate/cmpb 

Geographic atrophy segmentation in SD-OCT images using synthesized 

fundus autofluorescence imaging 

Menglin Wu 

a , Xinxin Cai a , Qiang Chen 

b , Zexuan Ji b , Sijie Niu 

c , Theodore Leng 

d , 
Daniel L. Rubin 

e , Hyunjin Park 

f , g , ∗

a School of Computer Science and Technology, Nanjing Tech University, Nanjing, China 
b School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing, China 
c School of Information Science and Engineering, University of Jinan, Jinan, China 
d Byers Eye Institute at Stanford, Stanford University School of Medicine, Palo Alto, CA, USA 
e Department of Radiology and Medicine (Biomedical Informatics Research) and Ophthalmology, Stanford University School of Medicine, Stanford, CA 94305, 

USA 
f School of Electronic and Electrical Engineering, Sungkyunkwan University, Suwon, South Korea 
g Center for Neuroscience Imaging Research, Institute of Basic Science, Suwon, South Korea 

a r t i c l e i n f o 

Article history: 

Received 11 June 2019 

Revised 4 September 2019 

Accepted 27 September 2019 

Available online xxx 

Keywords: 

Optical coherence tomography 

Geographic atrophy 

Biomedical image segmentation 

Image synthesis 

Retinal image analysis 

a b s t r a c t 

Background and objective: Accurate assessment of geographic atrophy (GA) is critical for diagnosis and 

therapy of non-exudative age-related macular degeneration (AMD). Herein, we propose a novel GA seg- 

mentation framework for spectral-domain optical coherence tomography (SD-OCT) images that employs 

synthesized fundus autofluorescence (FAF) images. 

Methods: An en-face OCT image is created via the restricted sub-volume projection of three-dimensional 

OCT data. A GA region-aware conditional generative adversarial network is employed to generate a plau- 

sible FAF image from the en-face OCT image. The network balances the consistency between the entire 

synthesize FAF image and the lesion. We use a fully convolutional deep network architecture to segment 

the GA region using the multimodal images, where the features of the en-face OCT and synthesized FAF 

images are fused on the front-end of the network. 

Results: Experimental results for 56 SD-OCT scans with GA indicate that our synthesis algorithm can gen- 

erate high-quality synthesized FAF images and that the proposed segmentation network achieves a dice 

similarity coefficient, an overlap ratio, and an absolute area difference of 87.2%, 77.9%, and 11.0%, respec- 

tively. 

Conclusion: We report an automatic GA segmentation method utilizing synthesized FAF images. 

Significance: Our method is effective for multimodal segmentation of the GA region and can improve AMD 

treatment. 

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

Age-related macular degeneration (AMD), a degenerative retinal

isorder, affects approximately 5 million individuals globally and

s the leading cause of irreversible vision impairment among the

lderly population [1,2] . Geographic atrophy (GA) is the atrophic

dvanced-stage manifestation of dry AMD, which is generally char-

cterized by the progressive loss of the photoreceptor layer, retinal

igment epithelium (RPE), and choriocapillaris in the central retina

3,4] . 
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Accurate assessment of the GA region is important because it

an help ophthalmologists to monitor AMD progression and make

ppropriate therapy plans [5,6] . Spectral-domain optical coher-

nce tomography (SD-OCT) is widely used for noninvasive cross-

ectional assessment of structural alterations in retinal layers and

as become an indispensable imaging modality for AMD manage-

ent. Recent studies revealed that en-face OCT, an imaging modal-

ty derived from SD-OCT, is effective for assessing the GA owing to

he hyper-transmission of the signal into the choroid, where at-

ophy occurs [7,8] ( Fig. 1 ). Many detection and segmentation al-

orithms for the GA region have been proposed, which employ

arious morphological features computed via en-face OCT fundus

maging by characterizing the RPE and choroid layers [9–15] . These

nclude level-set approaches [9,10] , a probability field-driven ge-
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Fig. 1. (a) SD-OCT B-scan across the center of a fovea with GA. The red curve indicates the boundary of the RPE obtained via the automatic layer-segmentation algorithm 

[9] , and the green curve indicates the lower-limit boundary for the en-face OCT image generation. The bright pixels in the choroid coat under the RPE layer represent the 

GA region. (b) En-face fundus image generated by the projection between the RPE and the lower-limit boundary. The blue line indicates the location of the B-scan shown in 

(a). (c) Corresponding registered FAF. (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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ometric deformation model [11] , region-based Chan–Vese models

[12,13] , a two-stage learning method [14] , and a deep voting model

(DVM) [15] . En-face OCT suffers from intensity inhomogeneity and

noise issues, and an additional imaging modality can provide com-

plementary information to overcome these issues. Fundus autoflu-

orescence (FAF) is another imaging modality that is widely used

for GA assessment, as it can provide a higher contrast than en-

face OCT at the lesion boundary of the GA by exploiting the opti-

cal properties of lipofuscin and photoreceptor degeneration [16,17] .

Thus, clinicians use FAF to identify the extents of the GA region,

which can be employed as ground-truth information. 

The objective of this study is to develop a multimodal segmen-

tation algorithm for GA that employs both SD-OCT images and

synthesized FAF images. The proposed method does not require

additional FAF images to be acquired; rather, the FAF images are

synthesized from the en-face OCT images via deep-learning ap-

proaches. For generating a plausible FAF image from the en-face

OCT image, we employ a GA region-aware conditional generative

adversarial network (RA-CGAN), which balances the consistency

between the whole FAF image and the GA region. The synthesized

FAF image might improve the contrast for most GA region over the

background and tackle the problem of noise and intensity inhomo-

geneity existing in en-face OCT. But the synthesis procedure might

incur artifacts, which might lower the segmentation performance.

Therefore, we combine the en-face OCT and synthesized FAF im-

ages to solve the multimodal image-segmentation problem for the

GA region. Both types of images are used as inputs to a fully convo-

t  
utional deep network to perform the segmentation task. The main

ontributions of this study are as follows. 

(1) We improve the single-modality segmentation of the GA by

using a multimodal framework where synthesized FAF im-

ages are employed in addition to en-face OCT images. The

multimodal framework can resolve the intensity inhomo-

geneity and noise issues of en-face OCT. 

(2) To synthesize a FAF image from the corresponding en-face

OCT image, we propose the RA-CGAN. Unlike the traditional

conditional generative adversarial network (CGAN), which

considers the entire image, our method balances the consis-

tency between the entire image and the GA region. The em-

phasis on the GA region helps with the segmentation task. 

(3) Experimental results indicate that the proposed method can

improve the segmentation performance of the GA compared

with the methods based on en-face OCT alone. 

. Related works 

.1. Medical image synthesis 

Generative adversarial networks (GANs) aim to learn a genera-

ive model by forcing the synthesized images to be indistinguish-

ble from real images via minimax two-player game theory [18] .

he image-to-image translation method employs an extended con-

itional GAN model, which transforms input class labels or at-

ributes from the source domain to the target domain given input-
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utput image pairs [19] . Recent studies on image translation fo-

used on image completion [20] , super-resolution [21] , photo edit-

ng [22] , and style transfer [23] . In the medical domain, Nie et al.

24] proposed a context-aware convolutional adversarial network

or generating computed tomography images from magnetic res-

nance imaging (MRI) images and 7-T MRI images from 3-T MRI

mages. Schlegl et al. [25] used GANs to learn the manifold of nor-

al anatomical variability for identifying anomalous images. An

dversarial autoencoder [26] and a style transfer-based GAN model

27] were employed to enhance the performance of vessel segmen- 

ation in retinal images. Inspired by these achievements, we pro-

ose an RA-CGAN model for balancing the consistency between the

hole image and the GA region. The emphasis on the GA region

ids the segmentation task. 

.2. Biomedical image segmentation using neural networks 

With the advancement of deep-learning models, especially the

onvolutional neural network (CNN), there have been tremendous

mprovements in image classification [28] , recognition [29] , and

egmentation [30] . CNN methods have been successfully employed

or segmentation of biomedical images [31–36] . The fully convo-

utional network (FCN) and U-Net are the representative networks

or solving biomedical image segmentation problems [32,33] . The

CN builds fully convolutional layers with a skip architecture that

ombines semantic and visual information to obtain detailed seg-

entation results. Compared with FCN, the U-Net constructs a

ontracting path to capture the context and symmetric expand-

ng paths for achieving accurate segmentation. The U-Net can be

rained with a small number of samples, which is a common sce-

ario in biomedical imaging tasks. Specifically, for retinal imaging,

u et al. [34] proposed a U-shaped convolution network to jointly

egment the optic disc and cup in color fundus images. Roy et al.

35] introduced an encoder and decoder-based FCN structure to

ocalize retinal layers and fluid masses simultaneously. Venhuizen

t al. [36] presented a U-Net-based cascade neural network for cys-

oid fluid segmentation in multivendor OCT images. Fauw et al.

37] utilized a three-dimensional (3D) U-Net architecture to di-

ectly translate the raw OCT volume into a multi-category tissue

ap and predicted the probability of disease. To combine the fea-

ures of the en-face OCT and the synthesized FAF, we designed a

ully convolutional deep network to solve the multimodal image-

egmentation problem, in which two images of different modali-

ies are fused before the U-Net layers for segmentation. Our team

reviously performed GA segmentation using geometric deforma-

ion model [9,12,13] and a DVM [15] . The previous studies involved

ingle-modality segmentation, which we intend to improve via our

ultimodal approach. 

. FAF image generation 

For generating the synthesized FAF image, we first apply the

estricted summed-voxel projection (RSVP) method [9] to gener-

te the en-face OCT image for GA visualization. Then, the en-face

CT image with GA locations is fed to our RA-CGAN to train the

etwork and synthesize plausible FAF images. A flowchart of this

rocess is presented in Fig. 2 . 

.1. Generation of en-face OCT image for GA visualization 

A common approach for generating an en-face fundus image

rom SD-OCT volumetric data is summed-voxel projection (SVP)

38] . In this study, we employ an RSVP method [9] to improve

he GA visualization compared with the traditional SVP approach.

he RSVP method focuses on volumes beneath the segmented RPE
ayer, where high reflections indicating potential GA can be ob-

erved. Several automatic layer-segmentation methods that incor-

orate prior knowledge of a normal retina or a specific disease

ave been proposed [39–42] . Here, we take into account the possi-

le presence of GA for RPE layer segmentation, which might inter-

ere with the segmentation task. The RPE layer appears as bright

ixels beneath the internal limiting membrane (ILM) due to its

igh reflectivity. Thus, intensity-based approaches can be useful to

xtract it. The RPE is also relatively constant in thickness (20 μm).

ased on this structural information and the histogram statistics

f the pixels underneath the ILM, a threshold can be determined

o separate the bright RPE region from the darker background to

roduce an initial RPE estimation (more details in [43] ). A narrow

and with a radius 20 μm is generated and the regions in the ini-

ial estimation not connected with this band are removed. We also

liminate the small regions (regions less than 150 pixels) to re-

ne the layer segmentation. To ensure that the RPE is a contin-

ous linear structure, missing pixels are filled in by bilinear inter-

olation. Finally, the middle axis of the resulting RPE segmentation

or each A-scan (the individual axial lines forming a B-scan) is cal-

ulated to produce the final RPE layer segmentation. The distance

etween the segmented RPE layer and the lower-limit boundary

s experimentally set as 230 pixels (equivalent to 0.45 mm) [12] .

his setting for generating en-face OCT might include redundant

nformation, but our previous works show it doesn’t influence the

egmentation task [9,12,13] . Because we average the pixel intensity

f the band, the region excluding GA appears as low reflection and

he region including GA appears as a relatively high reflection in

he en-face OCT. An example of a generated en-face OCT image is

hown in Fig. 1 (b). 

.2. FAF image synthesis 

We aim to generate the FAF image from the corresponding en-

ace OCT image by using a CGAN framework. The traditional CGAN

onsists of a generator G and a discriminator D . The generator is

rained to convert the semantic label maps into plausible images,

nd the discriminator is trained to distinguish real images from

ynthesized ones. The objective function can be expressed as [21] 

 adv (G, D ) = E x,y [ log D (x, y ) ] + E x [ log (1 − D (x, G (x ))) ] , (1)

here {( x i ,y i )} is a pair of corresponding en-face OCT and co-

egistered FAF images. The CGAN method models the distribution

f the target images from the source images via a minimax game:

in 

G 
max 

D 
L adv (G, D ) . (2) 

However, for the segmentation task, we not only focus on the

lobal appearance of the FAF image but also consider the GA re-

ion. We propose the RA-CGAN, which balances the consistency

etween the whole image and the GA region. The RA-CGAN has

 generator G with two identically structured discriminators: a

lobal content discriminator D g and a region-aware discriminator

 r . Thus, the learning problem given by Eq. (2) can be regarded as

 multi-task learning problem: 

 

∗ = min 

G 
max 
D g , D r 

L adv (G, D g , D r ) + λL 1 (G ) , (3)

here λ is a hyperparameter that controls the weight of the two

erms in Eq. (3) . To ensure that the synthesized image does not

eviate significantly from the real one, the L 1 loss is introduced to

ncourage low-frequency correctness: 

 1 (G ) = E x,y [ || y − G (x ) | | 1 ] . (4) 

The discriminator D g receives a whole image-level synthe-

ized/real FAF image pair ( G ( x i ), y i ) as an input, and the dis-

riminator D r searches for a region-level mask/real FAF image
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Fig. 2. Flowchart of the FAF image generation. “m × m con, n@k” represents a convolutional layer with k filters of size m × m and stride n for downsampling, and “up-conv”

represents a transpose convolutional layer for upsampling. 

Fig. 3. Region mask operation. (a) FAF image generated in the training procedure. (b) Corresponding real FAF image. (c) Region-masked FAF image. The green rectangles 

indicate the bounding boxes of the GA regions. (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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pair ( M ( G ( x i ), r i ), y i ) as an input. r i = { r (1) 
i 

, ..., r (k ) 
i 

} represents the k

bounding rectangles of the GA regions, and M (.) indicates the im-

age mask operation ( Fig. 3 ). We crop the region set r i from the

generated FAF image and replace the contents with those of the

corresponding real FAF image in the same position. 

Because they have the same background as the real FAF image,

the region-masked FAF images force the discriminator D r to focus

on distinguishing the local synthesized GA regions from the real

ones, which is helpful for our final segmentation task. Addition-

ally, the contextual information of the real FAF image contributes

to refining the generated image. Note that the bounding boxes in

Fig. 3 are manually drawn, which are only used in the training

procedure. The bounding boxes force the region-aware discrimi-

nator to focus on the GA region rather than the whole image in

order to improve the generator in the adversarial procedure. Be-

cause we don’t use the discriminator for the synthesis of the FAF

in the test step, these bounding boxes are not utilized for later

stages of image generation and segmentation. The adversarial loss

in Eq. (3) can then be written as 

a  
 adv = L global _ adv + L region _ adv , (5)

here 

 global _ adv = E x,y [ log D g (x, y ) ] + E x [ log (1 − D g (x, G (x )) ] (6)

nd 

 region _ adv = E x,y [ log D r (x, y ) ] + E x [ log (1 − D r (x, M(G (x ) , r))) ] . (7)

.3. Network architecture 

The detailed structure of the RA-CGAN is illustrated in Fig. 2 .

e utilize a U-shaped encoder-decoder network for the gener-

tor G [19,21] , where a skip connection is added between mir-

ored layers in the encoder and decoder stacks to align the un-

erlying structure of the corresponding input and output layers.

he discriminators D g and D r are implemented by the patch-

AN [19] architecture. The patch-GAN discriminator classifies each

0 × 70 patch in an image as real or fake, instead of the whole im-

ge. Each block in the generator and discriminators contains a con-
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olutional layer and a batch normalization layer [44] and employs

 leaky rectified linear unit activation function [45] . 

In the RA-CGAN training, we employ Adam optimizer [46] for

tochastic gradient updating. The hyperparameter λ is set as 100.

e first fix the generator and train the global content discrimina-

or and region-aware discriminator sequentially. Then, the discrim-

nators are fixed, and the generator is trained to generate the FAF

mages and region-masked FAF images from a mini-batch of en-

ace OCT images. Both the generator and discriminators are trained

lternatively until convergence. 

. GA segmentation using multimodal images 

GA segmentation using only en-face OCT images may be in-

uenced by the artifacts, noise, and intensity inhomogeneity. The

ynthesized FAF image could provide better contrast for the GA

egion over the background. But the synthesis procedure might in-

ur artifacts which might degrade the segmentation performance.

herefore, we design a fully convolutional deep network architec-

ure to segment the GA region by utilizing both the en-face OCT

nd synthesized FAF images. Although the real FAF images can be

on-invasively acquired, using them in our multi-modal segmenta-

ion framework requires manual registration between OCT and FAF

mages, which could be time-consuming. With the synthesized FAF

mages, the image registration procedure is not necessary as the

ynthesized FAF images are generated to be in the spatial frame of

he OCT images. Furthermore, additional scan time required for the

eal FAF images becomes unnecessary as we are synthesizing the

AF images. 

The whole network consists of two parts: the fusion net and

he segmentation net. The fusion net is on the front-end of the

etwork and combines the features of the en-face OCT and syn-

hesized FAF images. The number of output channels of the fusion

et for the en-face OCT and synthesized FAF images is 64 and 32,

espectively, because we treat the synthesized FAF image as a com-

lementary secondary modality and the en-face OCT image as the

ain modality. The segmentation net is implemented by a U-Net

tructure [33] , which consists of encoder-decoder paths and skip

onnections, similar to the architecture of the generator in the RA-

GAN. Fig. 4 illustrates the entire network. We apply the Adam

ptimizer [46] for stochastic gradient updating and employ the bi-

ary cross-entropy loss function. The output of the network is a

robability map computed by the sigmoid function and indicates

he probability of each pixel belonging to the GA. 

Instead of using a fixed threshold to perform the binary seg-

entation, we apply a spatial fuzzy c-means clustering (SFCM) al-

orithm [47] to refine the probability map. The clustering algo-

ithm classifies the pixels in the probability map into three cate-

ories: the GA region, the background, and the undetermined area

ear the GA boundary. The pixels in the undetermined area are

urther classified as GA or background. The GA region appears as

 low-reflection area in the corresponding synthesized FAF im-

ge. We apply SFCM to divide the synthesized FAF image into two

arts: the background and the low-reflection area. If a pixel in the

ndetermined area is part of the low-reflection region in the syn-

hesized FAF images, we classify it as a GA pixel; otherwise, we

lassify it as a background pixel. The detailed procedure of seg-

entation refinement is shown in Fig. 5 . 

. Experimental settings 

.1. Dataset and reference standard 

A dataset of 56 SD-OCT volumes from 56 patients was acquired

sing a Cirrus SD-OCT device (Carl Zeiss Meditec, Inc., Dublin, CA).

ll patients were diagnosed with advanced non-neovascular AMD
ith GA. Each SD-OCT volume comprised 200 × 200 × 1024 voxels

overing a 6 mm × 6 mm × 2 mm area centered on the fovea in

he lateral, azimuthal, and axial directions, respectively. The cor-

esponding FAF images were acquired using a SPECTRALIS device

Heidelberg Engineering) and were manually registered to the OCT

n-face images according to the control points placed in loca-

ions where two blood vessels meet or a vessel touches the GA.

e performed the affine registration many times and carefully in-

pected the agreement of GA boundary for FAF and OCT images to

inimize the registration error. One previous study showed that

he registration error was small enough for proper segmentation

9] . These FAF images were manually segmented by a fellowship-

rained retinal specialist and served as the reference standard. The

greement between the segmented GA lesions in the en-face OCT

nd FAF images may not be perfect, but indicates the correlation

etween the segmentation results and the method used for GA

dentification in current clinical practice. 

.2. Assessment of segmentation performance 

The segmentation performance was measured using the abso-

ute area difference (AAD), dice similarity coefficient (DSC), overlap

atio (OR), and correlation coefficient (CC). 

AD (A, B ) = 

2 × abs (| A | − | B | ) 
| A | + | B | 

DSC (A, B ) = 

2 × | A ∩ B | 
| A | + | B | 

OR (A, B ) = 

| A ∩ B | 
| A ∪ B | (8) 

ere, | . | represents the area, and abs (.) represents the absolute

alue. A and B represent the GA regions segmented by the al-

orithm being tested and the specialist, respectively. The CC was

omputed using Pearson’s correlation between the areas measured

y the proposed method and the specialist. 

. Experimental results 

.1. Implementation details 

Our framework was implemented using PyTorch and tested

ith two Titan X graphics processing units. For the FAF image

ynthesis, the en-face OCT images were resized to 256 × 256 from

heir original size of 200 × 200 to be compatible with the network

rchitecture. After the image generation by the RA-CGAN, the gen-

rated FAF image and the corresponding en-face OCT image were

esized to 512 × 512 and fed to our segmentation network to com-

ute the probability map for GA. We performed the final segmen-

ation via SFCM clustering of the probability map and the synthe-

ized FAF image. Image augmentation was important owing to our

imited number of samples. Random rotation and mirroring were

mplemented for both image synthesis and segmentation, and the

ample size was increased by a factor of six. Finally, we used a

eave-four-out strategy for evaluation. We repeated the procedure

4 times, excluding four different cases each time. The evaluation

s based on the average of multiple left-out data. 

.2. FAF image synthesis experiment 

The proposed RA-CGAN method was compared with pix2pix

19] , which is a popular algorithm for image translation. The effects

f data augmentation were considered. Fig. 6 shows five examples

f FAF images synthesized from their corresponding OCT en-face

mages. The FAF images generated by the RA-CGAN with augmen-

ation better preserved the GA details and provided clearer lesion
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Fig. 4. Overview of the multimodal segmentation network. “m × m con, n@k” represents a convolutional layer with k filters of size m × m and stride n for downsampling, 

and “up-conv” represents a transpose convolutional layer for upsampling. 

Fig. 5. Procedure of segmentation detail refinement. (a) Probability map. (b) Clustered probability map obtained via SFCM. The white, gray, and black regions represent the 

GA, undetermined area, and background, respectively. (c) Clustered synthesized FAF image obtained via SFCM. The white and black areas represent the low-reflection area 

and the background, respectively. (d) Final refined segmentation result. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 

version of this article.) 

Table 1 

Comparison of the mean SSIM and PSNR for image synthesis. 

Mean SSIM Mean PSNR (dB) 

RA-CGAN 0.8591 30.63 

RA-CGAN (without augmentation) 0.8455 30.41 

pix2pix 0.8475 30.08 
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boundaries than those generated by the pix2pix algorithm. Addi-

tionally, the results obtained using the RA-CGAN with and without

augmentation indicate that the data augmentation improved the

quality of the synthesized image. Interestingly, in some cases, the

images generated by our method were of higher quality than the

real FAF images with regard to contrast for GA visualization. As in-

dicated by the last two rows of Fig. 6 , the generated images had a

higher contrast for GA delineation, while the real FAF images ex-

hibited lower quality. 

Quantitative evaluation of image synthesis is challenging and

depends on the application [26] . Because the synthesized FAF im-

ages were regarded as additional complementary images for GA

segmentation, we only evaluated the quality of synthesis in the
A region within the proposed bounding box. The peak signal-to-

oise rate (PSNR) and structural similarity (SSIM) [48] were used

s quantitative metrics. The results shown in Table 1 indicate that

he proposed RA-CGAN is better than other methods with regard

o image quality. 

.3. GA segmentation performance 

To show the effectiveness of our multimodal image segmenta-

ion framework, we compared the proposed method with seven

ifferent methods. Chen’s method [9] employs a semiautomatic

odel based on the geometric active contour. The improved Chan–

ese model via local similarity factor (CVLSF) [12] has proven to

e robust to noise in GA segmentation. The U-Net [33] and FCN

32] are two popular convolutional deep network architectures for

iomedical image segmentation. We applied the U-Net for GA seg-

entation using en-face OCT and synthesized FAF respectively. The

VM [15] extracts deep representations from axial data (A-scan)

or classification and refines the segmentation via a voting deci-

ion strategy. The M-Net [34] constructs a U-shape convolutional

etwork to implement multiple levels of receptive fields for optic

isc and cup segmentation in the fundus. 
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Fig. 6. Examples of synthesized FAF images. From the first column to the fifth column: the en-face OCT image, the result of the proposed RA-CGAN, the result of the 

RA-CGAN without augmentation, the result of pix2pix, and the real FAF image. The rows show different examples. 

Table 2 

Comparison of the eight methods according to the DSC, OR, AAD, and CC 

(mean ± standard deviation). 

DSC OR AAD CC 

Proposed 87.2 ± 6.6 77.9 ± 9.8 11.0 ± 9.1 0.986 

Chen’s [9] 80.0 ± 14.5 65.9 ± 18.4 19.7 ± 22.8 0.955 

CVLSF [12] 81.0 ± 14.1 70.0 ± 15.6 22.9 ± 21.7 0.937 

U-Net (OCT) 83.6 ± 13.8 73.5 ± 15.7 20.5 ± 27.7 0.961 

U-Net (Syn-FAF) 83.7 ± 13.3 73.8 ± 16.1 22.6 ± 28.2 0.958 

DVM [47] 87.2 ± 14.2 78.0 ± 12.9 11.9 ± 12.1 0.992 

FCN [32] 81.4 ± 14.9 70.9 ± 18.4 25.8 ± 26.1 0.963 

M-Net [34] 85.1 ± 13.3 77.3 ± 16.4 12.2 ± 12.0 0.980 
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Fig. 7 shows qualitative comparisons of the aforementioned

ethods for GA segmentation with different GA sizes. The results

n rows (a) and (b) indicate that the DVM was not suitable for

 small GA. The results in row (c) indicate that Chen’s method

id not accurately separate lesions from the GA cluster. The seg-

entation results were negatively affected by the artifacts incurred

uring the image synthesis. In row (d), we observe that the low

ontrast and weak object boundary led to over-segmentation and

nder-segmentation for Chen’s method and the CVLSF, respectively.

s shown in row (e), the U-Net-based segmentation was influ-

nced by the intensity inhomogeneity of the GA region in the en-

ace OCT image, whereas our framework solved this problem by in-
egrating the features of the synthesized FAF. The proposed method

etected a small GA well, while the DVM achieved better segmen-

ation performance for a large GA region. Both of these methods

ualitatively outperformed the other three approaches. 

Table 2 presents the DSC, OR, CC, and AAD values for the var-

ous approaches, which were employed to quantitatively evaluate

he performance compared with the reference standard. The CVLSF

as slightly better than Chen’s method because it was more ro-

ust to the noise in the en-face OCT images. The machine learning-

ased methods performed better than the classical methods based

n the deformation model, as they could extract the relevant in-

ormation from the whole image rather than from parts of the

mage, focusing on edges and regions of the objects. Our method

erformed better than the U-Net, FCN, and M-Net approaches, as

ur approach is tailored for GA segmentation. The performance of

ur method was comparable to that of the DVM. These two meth-

ds exhibited the highest accuracy for GA segmentation. However,

he DVM method uses the axial data (A-scan) of the cross-sectional

mage (B-scan) for training, whereas our framework only requires

wo-dimensional en-face OCT data. Thus, the proposed method uti-

izes less data to achieve comparable performance. The DVM must

lassify each pixel of the en-face OCT image according to the cor-

esponding A-scan. This involves m × n × k computations ( m, n , and

 represent the width and height of the en-face OCT image and

he number of models for ensemble learning, respectively), which
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Fig. 7. Examples of GA segmentation using various approaches. From the first column to the seventh column: the reference standard obtained by a specialist (manual 

segmentation of the FAF image followed by registration onto the OCT en-face image), and the results of U-Net (using synthesized FAF), the proposed method, Chen’s method, 

CVLSF, U-Net (using en-face OCT), and DVM. The dashed green ellipse indicates significant errors. The size of the GA region increases from (a) to (e). (For interpretation of 

the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 8. Statistical correlation of the measured GA region between the proposed 

method and the reference standard. 
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can be time-consuming in clinical practice. In contrast, our method

only requires two computations (one for image synthesis and one

for segmentation). The average runtime per case for our method

and DVM were 0.71 s and 16.7 s, respectively. 
Fig. 8 shows a linear regression analysis for comparing the pro-

osed segmentation method with the reference standard. The area

f the GA region calculated using our method exhibited a high cor-

elation with the result of manual segmentation by the specialist

 r 2 = 0.97). 

.4. GA delineation in OCT B-Scans 

The segmentation results of en-face OCT can be used to limit

he possible locations the GA in B-scan images. Fig. 9 shows four

xamples of GA delineation in OCT B-scans with various sizes and

ocations of the GA. The horizontal axis is the same in both the

n-face OCT and B-scan images, while the vertical axis in the

n-face OCT image corresponds to the different indices of the B-

can. Therefore, the x-coordinates of the segmentation results indi-

ate which B-scan images contain the GA, as denoted by the blue

haded region. Similarly, the y-coordinates determine the index of

he B-scan where the GA appears. 

.5. Cases with optic nerve head 

Optic nerve head existing (ONH) is common in OCT images.

ost FAF images in our dataset do not including ONH because we

mploy an imaging position where the GA region is emphasized.

owever, few images do contain ONH and we show one example

n Fig. 10 . The synthesized FAF image in the ONH region has arti-

acts while that in GA is generated well with consistency. This is

xpected as our method focuses on the GA region synthesis. The

egmentation result also demonstrates that our method is robust

or the cases with ONH. 



M. Wu, X. Cai and Q. Chen et al. / Computer Methods and Programs in Biomedicine 0 0 0 (2019) 105101 9 

Fig. 9. Examples of GA delineation in OCT B-scans. The left column of each example shows the GA segmentation in OCT en-face images, and the right column shows the 

GA detection results in the corresponding B-scans. The green curves represent the GA boundaries segmented by the proposed method. The red dashed lines indicate the 

locations of the corresponding B-scans in the en-face OCT images of the first column. The blue regions indicate the A-scans that contain the GA lesions. (For interpretation 

of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 10. One example of GA segmentation with ONH. (a) The real FAF image. Red dash rectangle denotes the ONH region. (b) The synthesized FAF image. (c) The corre- 

sponding en-face OCT. (d) Results of the GA segmentation. (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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. Conclusion 

We propose a method for automatic GA segmentation in SD-

CT images that combines en-face OCT images and synthesized

AF images. An RA-CGAN is used for plausible FAF image gener-

tion; the generated images are fed, along with the corresponding

n-face OCT images, to a convolutional deep network for segmen-

ation. The experimental results indicate that the proposed method

utperforms previous GA segmentation models in en-face OCT. 

Unlike traditional multimodal image-segmentation methods, 

ur framework does not require the acquisition of additional FAF

mages and manual registration. Instead, the proposed framework

ses the en-face OCT image to generate a corresponding FAF im-

ge via image-synthesis technology. The RA-CGAN is employed to

earn the mapping from the en-face OCT image to the FAF images.

o generate high-quality and plausible FAF images, the RA-CGAN

onsiders the consistency of the global appearance and the lesion

egion. The generated images can preserve the characteristics of GA

esions in the real FAF image and in some cases have better quality

with regard to contrast) than the real image. 

To combine the features of the en-face OCT and synthesized FAF

mages, we designed a fully convolutional deep architecture for de-

ecting a GA by using the multimodal images, where the features

f both images are fused at the front-end of the network. The out-

ut probability map of the deep convolutional network is refined
y a spatial fuzzy c-means algorithm rather than a fixed thresh-

ld. The clustering algorithm employs the synthesized FAF image

o refine the segmentation, under the assumption that the GA re-

ion appears as a low-reflection area in the FAF image. Compared

ith traditional methods, our framework solves problems of noise,

rtifacts, and intensity inhomogeneity by integrating the features

f en-face OCT and synthesized FAF images. Furthermore, the pro-

osed method achieves efficient computation and comparable per-

ormance to the deep neural network-based algorithms for 3D OCT

ata. As an additional benefit, the segmentation results of the en-

ace OCT image can be used to detect the GA lesion in OCT B-scans.

However, our study had limitations. We only evaluated the pro-

osed method using a small dataset and did not validate our ap-

roach using independent data. There are no public datasets with

oth SD-OCT and FAF images for GA segmentation, which makes

he independent validation difficult. Another potential limitation is

hat the reference standard was manually segmented by one ex-

ert, which may have led to subjective bias in the evaluation. In

uture work, we aim to design a unifying framework that accom-

lishes both image synthesis and lesion segmentation with a single

etwork. By combining the adversarial loss and segmentation loss,

he future framework might generate a FAF image and segment the

esion simultaneously. Our technical contribution in terms of novel

etwork architecture is rather limited as we combine well-known

xisting networks for improving the GA segmentation. Adopting a
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sophisticated network is possible, but that makes assessing the im-

provement of the additional synthesized FAF images difficult as the

improvement could come from both model complexity and addi-

tional modality. 
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