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Abstract: 

The structure of Choro idal layer can reflect many diseases such as polypoidal choroidal vasculopathy and choroidal tumors. Thus 

the assessment of choroidal thickness from EDI-OCT images is an important basis for d iagnosing and hence proper segmentation 

of this layer is a major task in clinical research. In most of the cases, this is done by manual labeling, which  is a tedious and 

complicated process especially  when  the number of images are more. Therefore, automatic segmentation techniques should be 

developed to assist the ophthalmologist in diagnosis and monitoring  of eye disease effectively. Th is paper presents a review on 

various segmentation algorithms used for choroidal boundary detection. 
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I.   INTRODUCTION 

 

Choroid also known as Choroidea or Choroid coat is the 

vascular layer of the eye that lies between ret ina and sclera that 

provides the metabolic support to the retinal p igment 

epithelium (RPE), supplies blood to the optic nerve and 

absorbs the excess light penetrating the retina [1]. The choroid 

is composed of Haller’s layer containing larger vessels, 

Sattler’s layer containing medium and small vessels, followed  

by the choriocapillaris, a fine, thin level o f capillaries. The 

Brunch Membrane (BM) is the blood-retina barrier that 

separates the RPE cells of the retina from the choroid and 

located beneath the RPE. Choroidal thickness is related to age 

and axial eye length [1, 2] but also seems to have a strong 

relation to pathologies. It can reveal an increase that correlates 

with a higher density of vessels in the superficial choroidal 

layers in atrophy of the choroidal capillary structure, open-

angle glaucoma and neovascularization in the choriocapillaris 

[3–6]. Visualizat ion of retinal micro  architecture as cross-

sectional data or tomographic volumetric data can be done by 

OCT (Optical Coherence Tomography) [16]. RPE (Ret inal 

Pigment Epithelium) obstructs the penetration process and 

makes detection of choroid as a difficult  task. This is due to the 

fact that wavelength of the light source is not long enough to 

penetrate into the choroid. Thus another imaging technique 

named EDI-OCT (Enhanced Depth Imaging -Optical 

Coherence Tomography) with a wavelength capability of 1060 

nm range is arised for clear choroidal imaging. Th is modality 

places the objective lens of the SD-OCT (Spectral Domain – 

Optical Coherence Tomography) [17] closer to the eye such  

that the light backscattered from the choroid is closer to the 

zero – delay and thereby sensitivity is enhanced [15].  

Although there has been extensive research in segmenting the 

retinal layer in OCT images, these methods have shown to 

have certain limitations when applying them to the choroid 

segmentation task. The interface between the choroid  and 

sclera is very weak and even invisible in some locations and 

hence the delineated boundary can easily drift off from the real 

one.  Since the contrast between the choroid and sclera in OCT 

images is low, the histograms of the choroid and sclera region 

are not separable, which makes the intensity based 

thresholding and classification useless. Also, due to the 

presence of the vascular structure, the intensity of the choroid 

is inhomogeneous and the texture of the choroid is 

inconsistent. The interface between the sclera and choroid is 

often very weak as compared to retinal layers and even 

invisible in some locations. These difficulties have to be 

overcome while designing an algorithm that robustly segments 

the choroid layer in EDI-OCT images. Sect ion 2 describes 

several automatic segmentation methods for choroidal 

boundary. 

 

II.  SEGMENTATION ALGORITHMS  FOR 

CHOROIDAL BOUNDARY DETECTION 

 

This section presents a review of the various automatic 

segmentation methods used for choroid images. 

 

2.1 Two Stage Statistical Model  

 

This method is treated as the first fully automatic choroid  

segmentation algorithm and is successfully applied to a wide 

range of clinical volumetric data. Once the variation 

parameters have been learned from the manually segmented 

training data, they can be used to drive the model to perform 

segmentation of unseen data. As the CSI boundary is very 

weak, it operates rely ing on the regional in formation instead of 

the boundary edge information. The actual segmentation 

process is essentially  an optimization run that adjusts the 

model parameters in  order to  minimize the objective function 

that defines the difference between the model and  a g iven 

unseen image that is to be segmented. A typical scan that 

produces a large volumetric data set that constitutes of a stack 

of high resolution cross-sectional tomograms is termed as B-

scans.  Fig. 1.1 shows algorithm overview. Both the training 

and unseen data pass through the pre-processing block. The 

registration is used only for averaging in z-d irection as a 

despeckling procedure, while the segmentation is independent 

for each B-scan. A statistical model is subsequently 

constructed that captures the variance in the training data, 
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which can  be then used (dotted line) to segment the unseen 

data.    

Figure. 1.1 Algorithm Overview [7]. 

 

At first, Canny Edge Filtering is performed to find non-signal 

areas at the edges of an input image as shown in Fig.1.2. A  

column on the sides where there is no edge detected is  treated 

as non-signal areas and is determined both from the left and 

the right side. RPE boundary is found by using a modified  

Dijkstra’s algorithm which  gives a minimal path from the left  

to the right edge of an image. Path drift ing over high intensity 

areas can produce a non-realistic path and this can be avoided 

by using a complex Dual-Tree Wavelet Decomposition [13] 

which g ives edge orientation informat ion. After in itial 

estimation of RPE boundary, a convex hull is fitted to the 

points that comprise the RPE boundary. 

Figure.1.2. a Original image; b. Image after canny edge  

filtering [7]. 

 

CSI is segmented using a statistical model. Statistical models 

can reproduce by specific patterns of variability in shape and 

texture by analyzing the variations in shape across the training 

set. The idea behind this concept is to find stat istical 

dependencies between the produced features and min imize the 

dimensionality of the space by identifying only a certain 

amount of most important properties in the data set, 

represented by the most prominent eigen vector. In this 

technique, Neural Network based [14] dimensionality 

reduction method is used instead of using PCA ( Principal 

Component Analysis)  since it  offers non-linear eigen vectors 

and can reduce the data more compactly.  

 

2.2. Multiscale Edge Filtering  

 

This method is used to determine the vessel core by employing 

multiscale 3D edge filtering and projection of probability 

cones. After the estimation of vessel core, it is then enlarged to 

appraise the full vessel diameter. The basic idea of this 

algorithm is to perform mult iscale edge filtering and to gain a 

surface normal for each voxel. A probability cone is projected 

from each voxel (as in fig 2.1) regardless of the strength of an 

edge and then for each voxel in the path, a counter is 

incremented by one revealing the likely position of the vessel 

core. Here the sensitivity to poorly defined vessel wall is 

eliminated. The data are then downsampled axially to match 

the correct physical aspect ratio. As the algorithm operates in  

3D, the vessels that appear to have a profile significantly  

different from circular seem to be irrelevant. 

 

Figure.2.1 Projected probability cones mark the likely 

position of the vessel core [8]. 

 

Fig.2.2 shows the algorithm overview. Before being 

decomposed into mult iscale representation, the data passes 

through the pre-processing block, g iving the choroidal 

boundary, and filtered independently to locate vessel estimates. 

Subsequently, all the estimates are combined to obtain the full 

vasculature.Multiscale filtering is applied using the kernel [−1 

−2 0 2 1], a  1D version of a planar kernel as described in [24]. 

The kernel satisfies standard coefficient conditions, where d is 

a kernel element, and k is the iterator. 

   

The filtering is performed  for all three d irections (x, y, z), each  

filtering operation gives one vector component, thus producing 

a normal vector for each voxel. Here four scales are used that 

spaced so that they do not overlap in the vessel detection 

(downsampling by a factor of 1, 2, 3,  and 4). The last scale 

could detect the largest choroidal vessels. The cone ray length 



International Journal of Engineering Science  and Computing, March 2017         4967                                                                 http://ijesc.org/ 

was set to four for all scales, effectively giv ing larger cones in 

higher scales, enabling detection of larger vessels. 

 

 
Figure.2.2 Algorithm overview 

 

2.3  Valleydet Algori thm 

 

In this method the orginal EDI-OCT image is first convolved 

with a wiener filter, which is adaptive to the estimated noise 

level and thus suppress the additive thermal noise and 

electronic noise.  A spurious peak caused by the speckle noise 

is then minimized by replacing each point in the A-scan by N- 

point moving average. Thus the risk of wrong delineation of 

CSI is also reduced. Since RPE is the brightest layer within  the 

EDI-OCT [18, 19] image the pixels with high intensities are 

assigned as the ridge of RPE and the pixels with the largest 

gradient value above RPE is used for locating BM . To avoid  

 

 
 

Figure.3.1(a) Part of the EDI-OCT image, (b) The detected 

RPE ( in red dotted line) and Bruch’s membrane ( in blue 

solid line),(c) The new image with flat Bruch’s membrane 

[10]. 

 

Inaccurate shortcuts across the choroid (due to natural retinal 

curvature), each A-scan of the OCT image is shifted up or 

down to get straight BM for detection of CSI as shown in 

fig3.1. Valley p ixels defined as the local min ima of A-scans 

are formed due to the changes in the tissue structures between 

choroid and sclera and is used as a feature to detect CSI. If we 

assume CSI as a continuous and smooth curve, the valley 

pixels caused by it are close to one another and can be 

connected to a smooth path between both ends of the image. 

But valley pixels caused by the speckle noise as well as the 

blood vessels in the choroid are random and they cannot form 

a smooth path between valley pixels as shown in fig 3.2. After 

detecting valley pixels, each valley pixel is represented as a 

vertex of d irected graph and is connected to the vertices in the 

next  columns. Along with this, two virtual vertices are added 

to the graph and are assigned as the first and last nodes. The 

first node is connected to the vertices in the first column and 

last node to the last columns, both with minimum edge weight 

of 1. Then the shortest path between the vertices on both ends 

are found by Dijkstra’s algorithm [9,11] and these vertices are 

transformed from straightened image to the orginal image and 

then CSI final boundary is generated using Interpolation. 

 

 
 

Figure.3.2. Path of valley pixels caused by noise, blood 

vessels and the real choroidal boundary [10].  

 

2.4. Gaussian Mixture Model  

 

This method uses a combination of Graph based methods and 

Wavelet-domain features for choroidal segmentation. At first 

DP (Dynamic Programming) [20] is applied to find out the 

RPE layer.  BM (Brunch Membrane), the upper choroidal 

boundary is segmented by searching for the pixels with the 

biggest gradient value below the RPE. And before the lower 

choroidal boundary detection (CSI), the pixels above BM are 

eliminated by making them to zero. An overview of this 

algorithm is shown in fig.4. Then for CSI detection, wavelet  

descriptors [22,23]are calculated for each pixel by employing 

Haar wavelet filters and a total of five image features are 

extracted (energy of four high pass filters at different stages of 

subbands and the energy of the last stage of the low pass 

filter). These extracted features along with the training image 

with a known segmentation are then used to construct GMM 

(Gaussian Mixture Model) for the given image. For each 

training image, a mask is made manually which  classifies each 

image into 3 labels namely : area above BM, choroid and area 

beneath CSI. And finally use Graph Cut segmentation [21] to 

obtain spatially coherent segmentation. 
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Figure.4. Algorithm overview 

 

III. CONCLUS ION 

 

Segmentation using two stage Statistical model is robust even 

in the presence of speckle noise and it offers greater flexibility 

over using fixed constraints on layer smoothness. But it  

requires a processing time of about 30 seconds per image using 

non-optimized MATLAB implementation. Multiscale edge 

filtering can be used in any type of vessel segmentation where 

the data signal is weak. But it  takes about 5 to 10 minutes to 

run on an average desktop machine.  Segmentation using 

Valleydet algorithm can be executed in a fast manner and it  

requires a processing time of only 1.25 seconds for each image 

and thus real time segmentation is also possible. But this 

method should be robust in segmentation of the choroid 

regardless of the imaging modality. Compared to other 

methods, segmentation using Dynamic Programming is 

efficient and flexib le and can be considered as a powerful tool 

even in the presence of noise. The performance of this method 

is also fast (almost 13 seconds) and the implementation is 

relatively simple.  

 

IV. FUTURE SCOPE 

 

The main limitation of this method is the need for manual 

segmentation to construct the model and hence replacing this 

step with an automat ic method can be done as a future work. 

Research is going on to  prove its robustness to the imaging 

technique taken from other modalities and also the 

construction of 3D choroidal thickness map using 3D OCT 

dataset is under process. 
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