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Abstract[1] 
The choroid is the middle layer of the eye globe located between the retina and the 
sclera. It is proven that choroidal thickness is a sign of multiple eye diseases. 
Optical Coherence Tomography (OCT) is an imaging technique that allows the 
visualization of tomographic images of near surface tissues like those in the eye 
globe. The automatic calculation of the choroidal thickness reduces the subjectivity 
of manual image analysis as well as the time of large scale measurements. 
In this paper, a method is presented for the automatic estimation of the choroidal 
thickness in OCT images. The pre-processing of the images is focused on noise 
reduction, shadow removal and contrast adjustment. The inner and outer 
boundaries of the choroid are delineated sequentially, resorting to a minimum path 
algorithm. The choroidal thickness is given by the distance between the two 
boundaries. 
The method was evaluated by calculating the error as the absolute distance from 
the automatically estimated outer boundaries to the boundaries delineated by two 
ophthalmologists, in 14 images. The differences between the two sets of manual 
boundaries are usually larger than the error of the automatic segmentation. 
Usually OCT scans are performed in two perpendicular sets, allowing a 
comparison of the segmentation of one set with the other, after alignment and 
interpolation. The differences in choroidal thickness measured from each set have 
a median of approximately 2.2% of the average thickness. 

1 Introduction 
The choroid is the middle layer of the eye globe located between the 

retina and the sclera (Figure 1), bordered internally by the Bruch’s 
Membrane (BM) and externally by the Choroidal-Scleral Interface (CSI). 
Its purpose is to provide metabolic needs to the retina and to regulate 
ocular pressure and temperature[3]. The vascular nature of the choroid 
makes the variations of its thickness an indication for the ocular health. 
Pathologies as retinitis pigmentosa, serous chorioretinopathy, diabetic 
retinopathy and others that cause inflammation in the tissue may induce 
the thickening of the choroid, while the narrowing can be associated with 
myopia, dehydration or age [2]. 

  

Figure 1: Anatomical model of the eye (image source:[4] ). 

The OCT is a non-invasive, non-painful, fast imaging technique that 
can get information unavailable through other imaging methods. This 
tomographic technique enables the in vivo visualization of subsuperficial 
tissues with high resolution.  Developing software tools to help physicians 
get the most of this recent technique will certainly contribute for the health 
of multiple patients.  

Recent technological advances in the optical OCT, allowed a better 
visualization of deeper structures such as the CSI, so the automatic 
segmentation of the choroid becomes more viable [2]. 

2 Methods 

2.1  Automatic Segmentation 
In order to estimate the thickness of the choroid, its two boundaries, 

the BM and the CSI, must be detected (Figure 2). An additional curve, 
named Interdigitation Zone (IZ), corresponding to a hyperreflective layer 
inside the retina (Figure 2) must also detected, in a preliminary step. This 
curve is used as a reference for the delineation of the BM. In the 

The IZ, BM and CSI curves are determined using a minimum cost 
path algorithm (MCPA) [3], based on a cost function that depends on the 
characteristics of the curve to delineate. This cost function is expressed 
by a cost matrix that has the size of the image it is generated from. 

 

 

Figure 2: OCT image with the detected curves: Interdigitation Zone (IZ), 
in green; Bruch's Membrane (BM), in orange; and Choroidal-Scleral 
Interface (CSI), in blue. The choroid is delimited by BM and CSI. 

In a first step, the contrast of the image is adjusted by raising the value 
of each pixel to the fourth power [4]. This allows an enhancement of the 
brighter areas of the retina (Figure 3.a) that is fundamental for the 
detection of the IZ. 

The cost matrix for the delineation of the IZ, using the MCPA, is 
obtained by calculating the negative image of a smoothed version of the 
contrast adjusted image [1]. An average filter, with 60 by 55 μm, is used 
for the smoothing, that agrees with the normal thickness of the brightest 
region in the healthy eye (approximately 60 μm).  

The estimation of the IZ will aid the location of the BM. The cost 
matrix for the delineation of the BM incorporates two penalty terms: one 
for paths that are far away from the IZ and another one for paths above 
the IZ. On the other way, a term is included in the cost matrix that favours 
the curves that are in the transition from the brighter layers of the retina 
to the darker choroidal tissue; this term is based on the value of a Sobel 
derivative [3]. 

After delineating the BM, another contrast compensation algorithm is 
applied to the image. The objective of this processing is to compensate 
for the loss of the signal energy in the ocular tissue and to deal with the 
shadows cast by retinal vessels [1][3]. The resulting image (Figure 3.b) 
has a better contrast in the CSI region; however the speckle noise is 
enhanced. 

The following step is the flattening and cropping of the image [3] 
(Figure 3.c). The flattening is done by shifting every column of the image 
so that the BM becomes a horizontal straight line. Cropping is done by 
cutting the image 515 μm below the BM; this height guarantees that the 
choroid is included in the cropped image. This step is made to limit the 
path search to a region of interest. 

In order to reduce the noise and attenuate the shadows, before the 
delineation of the CSI, a stationary wavelet transform is applied. A five 
level wavelet decomposition is done, using a Haar wavelet [5],  and a hard 
threshold is applied to the horizontal coefficients of the decomposition. 
By setting this threshold to zero, the resulting image has less horizontal 
details, which helps to attenuate shadows (Figure 3.d) and keeps the 
intensity of the vertical transitions between the choroid and the sclera. 

Finally, to delineate the CSI, the cost matrix used in the MCPA is 
based on the sum of two components that favour paths in the transition 
between the darker parts of the choroid and the lighter sclera. The first 
one is computed by applying a morphological opening (to remove the 
white parts of the choroid) with an 80 by 60 μm kernel, followed by 
Gaussian smoothing and vertical derivative computation, with a vertical 
length of 512 μm. The second one uses the same kind of smoothing and 
derivative computation, but with a smaller kernel, for a fine localization, 
and is only defined in the dark-to-light transitions identified by the first 
component [1]. The use of two kernels allows a good spatial 
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discrimination without a great impact of the choroidal vessels and noise 
that can have the same type of transitions as the CSI and generate errors. 

The thickness of the choroid is calculated as the mean vertical 
distance between the BM and the CSI. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 3: OCT image after: (a) contrast adjustment; (b) compensation 
algorithm; (c) flattening and cropping; (d) wavelet based filtering. 

 

2.2  Merging sets of B-scans 
Usually two sets of OCT scans are acquired for the same eye, in 

perpendicular directions. Each set consists of 49 parallel B-scans, 
covering a rectangular area. Figure 4 shows two infrared (IR) images of 
the fundus of an eye, where the covered area is signalled; the arrowed line 
indicates the position and the direction of one of the acquired B-scans 

  
Figure 4: Examples of the IR images with the location of the B-scans. 

It is possible to improve the thickness measures by using the 
information obtained from both sets. However, originally they are not 
anatomically aligned. An image registration algorithm is used in order to 
align the IR images. The algorithm based in the maximization of mutual 
information by translating and rotating the images (Figure 5). The 
resulting transformation matrix is used for the alignment of the B-scan 
data. 

 

 
(a) 

 
(b) 

Figure 5: Example of the overlapping IR images that represent the area 
scanned by the OCT. (a) original IR images of two OCT videos of the 
same eye are merged in one representation; (b) the IR images are aligned 
using the image registration algorithm. 

 
 

For the comparison between measures obtained from the two sets, an 
interpolated 3D surface representing the CSI is obtained for each set. This 
surface is sampled at each one of the positions of the orthogonal B-scans, 
obtaining interpolated CSI boundaries that can be compared with the 
boundaries detected in those orthogonal scans (Figure 6). 

The comparison of the surfaces obtained from the two orthogonal 
scans allowed an additional evaluation of the algorithm's precision. 

 

  

Figure 6: Example of an OCT B-scan with plots of the choroidal 
boundaries. In orange, the BM; in blue the CSI; the dotted red line 
represents the interception of the CSI membrane calculated using the 
series of B-scans in the perpendicular direction; the yellow dotted line 
locates the maximum difference between the blue and the dotted red lines. 

3 Results and Discussion 
To evaluate the performance of the automatic delineation of the CSI, 

the results of the algorithm were compared with manual markings 
delineated by two ophthalmologists, in 14 OCT images (7 horizontal and 
7 vertical) of a single eye. This also allowed an analysis of the 
interobserver variability.  

As observable in Figure 7, there are situations where the similarity 
between the three markings is clearly visible (Figure 7.a) and others where 
even the manual markings have discrepancies in certain zones (Figure 
7.b) caused by the inclusion of vessels from the proximal sclera. 

 

 
(a) 

 
(b) 

Figure 7: OCT images with the automatically detected BM (orange) and 
CSI (blue), and the two manual markings (yellow and green). 

 
Results show that the errors for the automatic segmentation are 

comparable to the differences between the manual paths. The average 
errors are 12.3±12.6 μm and 12.6±13.7 μm, for each one of the 
ophthalmologists’ markings. These errors are lower than the average 
difference between the two manual paths: 14.4±16.5 μm. 
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The 3D interpolated CSI boundaries, were used for the calculation of 

the differences between the choroidal thicknesses estimated from each set 
of B-scans. The histogram of the differences (Figure 8) shows that they 
are predominantly small. The mean absolute difference is approximately 
11.49 μm and the median is 6.45 μm, meaning that the majority of 
differences are smaller than 2.2% of the average choroidal thickness of 
the analyzed eye (288.54 μm). 

  
Figure 8: Histogram of the values of the thickness differences between 
the two sets of B-scans. The normalized count is the number of points 
divided by the total number of common points. 

The differences in thickness measured from the two orthogonal sets 
can be caused by the way some vessels are sectioned in the tomographic 
image: in one direction they may seem as part of the choroid while in the 
other they may seem as scleral vessels. This kind of errors can also cause 
an incorrect manual delineation, because in common OCT analysis, the 
ophthalmologist does not make this kind of comparison between different 
sets of B-scans.  

In the developed software application, the CSI interface obtained 
from each set is shown to the user, who has the possibility of manually 
correcting the automatic delineations. 

4 Conclusion 
A method for automatically estimating the choroidal thickness in 

OCT images was described. The choroidal thickness was calculated by 
detecting the internal and external boundaries (the BM and the CSI). 

The dataset of OCT images allowed an interpolation of the delineated 
boundaries to obtain 3D surfaces. It was possible to align the B-scans and 
compare the segmentations in two orthogonal directions. 

The final results of the automatic choroidal segmentation were very 
adequate. The errors in the position of the automatic boundaries are lower 
than the differences between the two manual markings made by 
physicians. 

The developed software was tested on 98 B-scans. In future 
development of this work, the robustness of this algorithm should be 
evaluated using a larger set with ground truth BM and CSI boundaries, 
from different patients. 
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