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Abstract

The choroid is vascular tissue located underneath the retina and supplies oxygen to the outer
retina; any damage to this tissue can be a precursor to retinal diseases. This paper presents an
automated method of choroidal segmentation from Enhanced Depth Imaging Optical Coherence
Tomography (EDI-OCT) images. The Dijkstra shortest path algorithm is used to segment the
choroid—sclera interface (CSl), the outermost border of the choroid. A novel intensity-
normalisation technique that is based on the depth of the choroid is used to equalise the intensity
of all non-vessel pixels in the choroid region. The outer boundary of choroidal vessel and CSI are
determined approximately and incorporated to the edge weight of the CSI segmentation to choose
optimal edge weights. This method is tested on 190 B-scans of 10 subjects against choroid
thickness (CTh) results produced manually by two graders. For comparison, results obtained by
two state-of-the-art automated methods and our proposed method are compared against the manual
grading, and our proposed method performed the best. The mean root-mean-square error (RMSE)
for finding the CSI boundary by our method is 7.71 £ 6.29 pixels, which is significantly lower than
the RMSE for the two other state-of-the-art methods (36.17 + 11.97 pixels and 44.19 + 19.51
pixels). The correlation coefficient for our method is 0.76, and 0.41 and 0.66 for the other two
state-of-the-art methods. The interclass correlation coefficients are 0.72, 0.43 and 0.56
respectively. Our method is highly accurate, robust, reliable and consistent. This identification can
enable to quantify the biomarkers of the choroidin large scale study for assessing, monitoring
disease progression as well as early detection of retinal diseases. ldentification of the boundary
can help to determine the loss or change of choroid, which can be used as features for the
automatic determination of the stages of retinal diseases.
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Introduction

Optical coherence tomography (OCT) is a non-invasive biomedical imaging technique that
enables in vivo, high resolution, cross-sectional imaging of the retina and choroid using
coherent Infrared light (Drexler and Fujimoto, 2008; Huang et al., 1991; Abramoff et al.,
2010; Kanagasingam et al., 2014) that also enables three-dimensional (3D) reconstruction.
The retinal image quality obtained from current OCT technology cannot be achieved by
other currently available methods, giving it a comprehensive clinical application (Kaji¢ et
al., 2013; Albarrak et al., 2017). Currently, there are several types of OCT imaging available
including Spectral Domain Optical Coherence Tomography (SD-OCT), Swept Source
Optical Coherence Tomography (SSOCT) and Enhanced Depth Imaging Optical Coherence
Tomography (EDI-OCT). In 2008, Spaide et al. modified existing SD-OCT technology to
allow Enhanced Depth Imaging (EDI) of the retina and improved the visualisation of
choroid (Spaide et al., 2008). The EDI method of SDOCT places a zero delay line on the
choroid to obtain high-resolution cross-sectional images of the choroid, enabling
quantitative measurement of choroid thickness and volume (Spaide et al., 2008; Margolis
and Spaide, 2009; Spaide, 2009; Branchini et al., 2012; Chhablani et al., 2012; Shao et al.,
2013). Fig. 1 shows an example of an EDI-OCT B-scan image of the human retina and
choroid.

The choroid is a vascular plexus located between the retina and the sclera (Fig. 1). It
provides oxygen and metabolic support to the retinal pigment epithelium (RPE), outer
retina, and optic nerve and absorbs the excess light penetrating the retina (Margolis and
Spaide, 2009; Nickla and Wallman, 2010). The retina has ten layers (Hussain et al., 2017).
Fig. 1 depicts four prominent retinal layers, the choroid and sclera. We have used these
retinal layers to map the choroid. Anatomically, the choroid can be divided into two major
components: choroidal vessels and stroma (Hogan and Weddell, 2018). The choroidal
vessels are further subdivided into three major layers of increasing size: Choriocapillaris,
Sattler’s and Haller’s layers. The Choriocapillaris (Cc) is adjacent to Bruchs membrane and
is comprised of small fenestrated capillaries, whereas the outer Sattler’s and Haller’s layers
feed the Cc network. The choroidal stroma is comprised of melanocytes, fibroblasts,
immune cells, neurons, and ground substance that contribute to its thickness (Nickla and
Wallman, 2010). The choroidal vessels (CV) appear as the black regions surrounded by
white pixels in the choroidal region of the EDI-OCT image. The Bruch’s membrane (BM) is
a semi-permeable membrane located between the Cc and the RPE. The BM and Cc are
typically not distinguishable from the outer RPE except in pathologic state. Because of this,
the term outer RPE-BM-Choriocapillaris complex (RBC) is typically used to demarcate the
separation of the retina and choroid (Kajic et al., 2012).

The qualitative and quantitative evaluation of the choroid is important in the study of
glaucoma (Yin et al., 1997), age-related macular degeneration (AMD) (Spaide, 2009),
choroidal melanoma (Torres et al., 2011), central serous chorioretinopathy (Gemenetzi et al.,
2010), and many other retinal and systemic diseases (Altinkaynak et al., 2014; Chen et al.,
2015). Quigley (2009) proposed that a mere 50 um choroidal expansion can increase the
intraocular pressure to harmful levels in angle closure glaucoma patients. Some choroidal
thinning occurs during normal aging, although, in some cases, a pathologic condition
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referred to as age-related choroidal atrophy can occur (Spaide et al., 2008). There has also
been an increasing interest in investigating the correlation of CTh with the age, gender, axial
length and intra-ocular pressure in healthy human eyes (Ikuno et al., 2010; Ding et al., 2011;
Manjunath et al., 2010). Since manual segmentation of CTh is time consuming, prone to
error and significant inter- and intra-grader variability, many automatic segmentation
attempts have been performed. Recent reports have demonstrated the automated
measurement of CTh in healthy and pathologic states using optical coherence tomography
(OCT) images (Spaide et al., 2008; Margolis and Spaide, 2009; Chen et al., 2015; Tanabe et
al., 2012; Regatieri et al., 2012; Moreno et al., 2013). Approaches include active contour
method (Yazdanpanah et al., 2009), intensity-based Markov boundary models (Koozekanani
et al., 2001), graph theory and dynamic programming (Chiu et al., 2010; Gao et al., 2017;
Miri et al., 2017), machine learning (Lang et al., 2013), and graph-based multi-surface
segmentation with or without CSI detection (Garvin et al., 2009; Dufour et al., 2013). A
detailed description of the existing methods are presented in Section 2. However, these
methods have limitations for the unpredictable size of the choroid (Chen et al., 2015). The
lack of robustness and accuracy of the automatic choroid detection (choroid is defined by the
RBC and CSI boundaries) and the need of automatic algorithm for monitoring and diagnosis
of choroidal diseases motivated us to develop a robust, reliable and more accurate automatic
system for the measurement of CTh. In this paper, we have proposed to develop an
automatic method for segmenting the Choroid Sclera Interface (CSI) and computing CTh
from EDI-OCT images.

2. Background and motivation

A large number of studies have been reported semi-automatic and automatic methods of
choroidal segmentation in OCT images (Chen et al., 2015; Kaji¢ et al., 2012; Hu et al.,
2013; Tian et al., 2013). These methods utilise machine learning, graph shortest path, min-
cut-max-flow, eigenvector analysis, tensor matrix and Gaussian mixture model for finding
the CSI and/or CV borders from different types of OCT images such as HD-OCT, PS-OCT,
SD-OCT and EDI-OCT (Chen et al., 2015; Kaji¢ et al., 2012; Hu et al., 2013; Tian et al.,
2013; Torzicky et al., 2012). We have summarised these methods with the algorithms,
accuracy and drawbacks in Table 1 where boundary is named by our naming convention for
example outer RPE is RBC.

3. Proposed method

Fig. 2 shows the flow diagram for our proposed method. Three retinal reference layers
(RNFL, ONL and RPE) have been identified first to map the choroidal region. Since the
choroid is located under RBC boundary and the maximum thickness of the choroid is
approximately 350 um in healthy individuals (Manjunath et al., 2010), the region of interest
(ROI) for the choroid is defined 400 um underneath the RBC boundary. Depth-based
intensity normalisation (DIN) methods are developed to achieve a continuous and stable
pattern of intensity for CSI. Choroidal vessels (CV) are located approximately using Otsu’s
clustering method (Otsu, 1975). An anatomical knowledge-based probability map from the
DIN image is generated to find the approximate CSI. Following that, the approximate outer
choroidal vessels (OCV) boundary is detected using the approximate CV, approximate CSI
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and convex hull. The steps for choroid detection and thickness measurement are described in
the following subsections.

3.1. Segmenting ILM-RNFL & RBC

The ILM-RNFL and the RBC boundaries have been segmented using the Dijkstra’s shortest
path algorithm where edge weight is designed by boundary oriented parameter such as nodes
association to a boundary (Hussain et al., 2017). The Wiener and Anisotropic Diffusion
(AD) filters are used to reduce image noise without distorting the edge of boundaries. After
detecting the ILM-RNFL boundary, the search space is reduced to find the RBC boundary,
thus improving the accuracy and efficiency of its detection even in the presence of
pathologies (Hussain et al., 2017). The edge pixels are detected using the Canny edge
detection algorithm. Edge pixels with a positive gradient are considered candidate pixels for
the ILM-RNFL boundary and those with a negative gradient are considered to be candidate
pixels for the RBC boundary. Three reference layers (RNFL, ONL and RPE) are determined
to find the region of interest for tracking the boundaries (Hussain et al., 2015a,b,2017). The
approximate positions of these three reference layers are determined using their prior
knowledge of relative intensities and relative positions. The contiguous candidate pixels in
the ROI are split into small parts and each parts is a pixel group. The end pixels of each pixel
group form the graph nodes. The edge weights are determined using spatial distance, slope
similarity to the relative reference boundary and layer associativity (measured by pixel’s
relevance of the corresponding layer) between the nodes. The Dijkstra’s shortest path
algorithm (Dijkstra, 1959) is used to define the boundary. Here we have explained the
detection of these boundaries briefly which are explained in Hussain et al. (2017) in details.

3.1.1. Noise reduction—The Wiener Filter removes additive noise and inverts blurring
simultaneously (Baraniuk, 1995). On the other hand, Anisotropic Diffusion (AD) (Perona
and Malik, 1990) can successfully smooth noise while preserving the region boundaries and
small structures within the image, a very essential feature for OCT B-scan image analysis. In
our method, we have used Wiener filter twice with 3 x 15 and 3 x 17 windows, these
window sizes were found using Simulated Annealing (SA), a probabilistic technique for
approximating the global optimum. Since images have different resolution in the xand y -
axis (that is, boundaries are horizontally expanded) we choose a rectangular window size to
smooth the image and reduce noise. Following this, the AD filter is applied twice with K=
32, the numbers of first and second iteration are 8 and 3 which were determined using SA.

3.1.2. Discover approximate location of three reference (aprxTRL) layers—
Three reference (TR) layers are used to select the ROI for ILM-RNFL and considered into
feature computation, as shown in Fig. 3. These TR layers are retinal nerve fiber layer
(RNFL), outer nuclear layer (ONL) and retinal pigment epithelium (RPE) layer. The TR
layers are detected approximately by the prior knowledge of relative intensity and distance
of the TR layers using (1) where indexes are used to maintain relative distance and intensity.
As aresult, index from (1) by finding maximum value in a highly Gaussian smoothed image
will give a good approximate location of three reference (aorxTRL) layers (Hussain et
al.,2017).
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Cin,rp,on = argmin(lrIl +1Ip— Ion) o
n, rp, on
where the indexes rn, rp, and on represent the position of RNFL, RPE and ONL layers
respectively in the A-scan and /, represents the intensity of image at position x where xe{rn,
rp, on}. The image had been smoothed by a Gaussian filter.

3.1.3. Edge weight computation for the retinal boundary detection—We utilise
three features to compute edge weights for the boundaries: spatial distance, slope similarity
to a reference and pixel relevance to the boundary using (2). For computing spatial distance,
slope similarity to a reference line and pixel relevance to the layer, we use (3)—(5),
respectively, details will be found in (Hussain et al., 2017). The first order polynomial line
on the approximate RNFL and RPE is used as the reference line for the identification of the
ILM-RNFL and RBC boundaries respectively.

Wq p = ¢a,b+u/£,b+7a,b 2

where ¢, 5 represents the spatial distance between pixels aand 4, and is high when aand b
are away from each other. This is defined by (3);w7, , represents slope between aand &
relative to an already determined reference line (r), and is high when the slope is not similar
to the reference. This is defined by (4); and y, , represents how well the pixel group
containing b matches pre-defined properties of pixels forming the boundary, and is high
when pixels do not conform to that property. This is defined by (5);

0 ,ifa=5b
Qo , if a & b in the same pixel-group

2
aqlax — byl +

d)a, b= 2 . (3
a2|ay - y| + , otherwise
2
ay—by
3 a,—b
X X

where a;, ay, and a3 are three parameters, and ay, 4y, byand by are the coordinate position
of nodes gand b. ag = 0.0001 is found using SA.

V/Z,b = |(r(ax) - ay) - (r(bx) - by)| 4

where r(x) is the yvalue of the reference boundary rat x-coordinate x.

Yab = Z(1+Eb_fb,i)pi ©)

1

where £y, is the number of pixels in the pixel-group containing node b, 7is 1 to the total
number of properties (properties are explained in the following paragraph), 7 ;is the number
of associated pixels for /th property in the pixel group containing node 5, and pjis a
parameter to control the influence of each property.
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The property of the layers to compute the y, p. The layer associativity is computed using (5)
where associated pixels are selected by considering layer property. Two properties are
considered for the ILM-RNFL boundary detection and one property is considered for the
RBC boundary. They are as follows. Properties of the ILM-RNFL boundary:

. The candidate pixels that are the closest and above the aprxRNFL layer along
each A-scan with py = 2.

. The candidate pixels above the aprxONL layer along A-scan with g, = 2.
Property of the RBC boundary:

. The candidate pixels that are closest and under the aprxRPE layer along each A-
scan with py = 2.

3.1.4. Boundary construction—After computing edge weight, the shortest path is
computed using Dijkstra’s shortest path algorithm. Start and end nodes are added
automatically to compute the edge weight with other nodes by considering only the x-axis
distance. The start and end nodes are removed in the reconstruction phase. The pixel group
of the corresponding shortest path nodes are fetched and combined by extrapolation with a
continuous line. Gaussian smoothing is applied to remove zigzags and to find a smooth line.
Fig. 4 shows an example of ILM-RNFL and RBC segmentation. ILM-RNFL is delineated
using a green line and RBC using a red line.

3.2. CSl boundary detection

The CSI boundary is determined by finding the region of interest, followed by noise
reduction and intensity normalisation. To get a similar intensity for the surface of the
choroid and sclera, depth-based intensity normalisation (DIN) is used. Choroidal vessel, the
OCV and CSl are detected approximately to allow for more accurate detection of the CSI.
Each pixel from the graph nodes and edge weight is computed using the normalised
intensity and the approximate CSI and OCV boundary. Finally, shortest path defined the CSI
boundary. The details of CSI detection are described below.

3.2.1. The ROI, noise reduction & normalization—Since the maximum thickness of
the choroid is approximately 350 um (Manjunath et al., 2010), the search space is defined a
slightly to be more, 400um from the RBC boundary. The red to yellow line in Fig. 4 is
selected as ROI and Fig. 5(a) shows the crop of the ROI.

The choroidal region contains many small vessels, creating edges that increase the difficulty
of CSI detection. Noise can create additional false edges. The filters which are used to de-
noise the image during the detection of the ILM-RNFL and RBC boundaries cannot resolve
this type of noise. For this purpose, more smoothing operations are applied to reduce false
edges, thus improving the accuracy of the identification of the CSI. Gaussian and Median
filters are applied on the ROI in two steps. Before applying these filters, the intensities that
are higher than a threshold due to imaging technology are replaced by that threshold using

(6).
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I(x,y) , if I(x,y) < thy

I(x,y) = , 6
G =N i Gy > thy ©

where th, is the threshold value and th, = p(/y) + 2x o (/). ((/y) and o (/) are the mean
intensity and standard deviation of the image | at xth A-scan. Following this step, a median
filter of 5 x 5 window is applied. The intensity of the image is normalised to values in the
range 0-1 for each A-scan. Gaussian filter with the window size of 5 x 5 and standard
deviation of 1 is then applied to further smoothen the image (Fig. 5(b)).

3.2.2. Depth based intensity normalisation (DIN)—The intensities of the choroidal
vessel and non-vessel pixels (referred to here as surface pixels) are not evenly distributed,
and the intensity of the sclera region is similar to the choroidal vessel intensity (as shown in
Fig. 5). The even distribution of the surface pixels of the choroid and sclera improved the
identification of the CSI significantly. To allow for such normalisation, we propose a method
that adapts the properties of the OCT image capturing technology to the anatomy of choroid
and sclera. OCT imaging technology shows low intensity for the vessel and high intensity
for the surface tissues. The intensity values also become lower as the depth increases. The
goal of our proposed depth based normalisation method is to make the intensity of the
surface pixels of the choroid and sclera stable and to make the intensity of the choroidal
vessels pixels lower than the surface pixels. Since the pixel intensity decreases with the
increasing of depth, we use the depth information to normalise the image for the CSI
detection. This simple and efficient method represents a significant novel step in our
proposed method. This DIN method is shown by (7).

(S > 1k D)

n

N(x,y) (7

where /(x, J) is the intensity value of the pixel located at xth row and is yth column. x< k<
#rowand y-1< /< y+ 1. n=|K x|}. N(i j) is the computed depth normalised intensity
value.

The new intensity value of a pixel is the total number of lower intensity pixels located under
that pixel. The value is divided by the number of pixels located under that pixel. This
process uses multiple neighbour A-scans instead of single A-scan for the robustness of the
method over noise which is formulated in (7) with k=2. This operation converts the surface
pixels to a similar intensity. Fig. 5(c) shows an example of the output of the DIN process.

3.2.3. Choroidal Vessel (CV) approximation—The depth based intensity
normalisation (DIN) technique helps to differentiate the surface and vessel pixels, where the
higher intensities are the surface and the lower intensities are the vessels. The vessel and
surface pixels vary widely in the DIN image. We note that, we want an approximate result
instead of an exact detection in this phase. Therefore, we consider the first six out of seven
clusters using the Otsu method for initial approximation of CV as shown in Fig. 6(a). To
reduce false vessel pixels, two morphological operations (opening and closing) are applied
to the initial approximation. The morphological opening operation removed noise based on
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the size of the blob as shown in Fig. 6(b). The closing operation recovered deleted pixels
from the border of the vessels for the opening operation as shown in Fig. 6(c). These
operations are applied by a disk as a blob with a radius of 5.

The initial approximation of the CV could, at times, have the sclera region as shown in Fig.
6(c), represented by the white pixels in the lower part of the image. A dynamic distance
filter is applied to the initial approximation for removing the sclera region as much as
possible and output is shown in Fig. 6(d). This dynamic distance filter selects pixels as
vessels based on the distance of the already classified vessel pixels along A-scan. At first,
the top 200 pum initial approximated pixels are classified as approximated vessel pixels. If
the distance between the classified pixels and next initial approximated pixels is less than a
threshold value, then that next pixels are also classified as approximated vessel pixels and
computation is continued iteratively until no pixels are found as approximated vessel pixels.
That threshold value is defined dynamically based on the position of the current pixels. For
example, suppose that the black pixels in Fig. 7(a) are the initial approximated vessel pixels.
There are two A-scans and each A-scan has two pixels. The red colour pixels in Fig. 7(b) are
classified as approximated pixels as they are located in the top 200 um. The distances
between two pixels in the A-scan are ¢} and @, where ¢, is less than the threshold value and
a is greater than the threshold value. Then the pixel located at ¢ is included in the
approximated vessel but that at @ is not, as shown in Fig. 7(c). The threshold is defined

dynamically based on the position of the pixels that is is th |, = 100/¢*/400,m where th?, , is
the distance threshold for the pixel at xth row and yth A-scan or column.

3.2.4. Approximate detection of CSI and OCV—The approximations of the CSI and
OCV are used to manipulate the edge weight of the graph for selecting pixels as shortest
path that is more likely to be the CSI. The approximated CSI line is identified based on prior
information from localising the CSI and surface pixels. The cluster having the highest
intensity by the Otsu method at the approximation of the choroidal vessel location is
classified as surface pixels, shown in Fig. 8(a). The approximated CSI is used to search 100
um (i.e., approx. 25 pixels) away from the RBC. This explains why the pixels located in the
top 100 um are removed from the surface pixels as shown in Fig. 8(b). A probability matrix
is computed based on the position of the pixels. The hypothesis behind computing the
probability matrix is that the approximated CSI is more likely to be located near the
maximum CTh (350 pm away from the RBC boundary). The probability value of a pixel
decreases with the increasing distance from the position of the maximum CTh. This is
formulated in (8) and shown in Fig. 8(c) in the means of intensity (high intensity means high
probability and low intensity means low probability).

P(x’y):exp_|x_h|/'l 8)

where A(x, J) is the probability value of a pixel located at the xth row and yth column, A is
the hypothesised position of the CSI boundary which is 350 um and 7 is the normalised
value which is set to 200 um empirically.

After computing the probability matrix, the next step is to find the approximated CSl line.
The pixels having maximum probability value in each A-scan are selected as candidate
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pixels (red pixels in Fig. 8(d) for CSI). A first order polynomial line is fitted (green line in
Fig. 8(e)) along these candidate pixels. Then the candidate pixels located under that fitted
line by more than a threshold along A-scan are removed and their probability values are
changed to zero so that they are not selected for the next iteration (magenta colour pixels in
Fig. 8(f)). The threshold value is defined by the standard deviation of the distance between
fitted line and candidate pixels under that fitted line. This procedure is applied iteratively
until no pixels are found to remove. When the product of threshold value and the number of
pixels removed is at a minimum, the first order polynomial fitted line on the candidate pixels
at that iteration became the approximated CSI. Fig. 9 shows an example of (a) the depth
normalised image, (b) approximated vessel, (c) approximated CSI (green line) in the surface
image (white colour).

After finding the approximated CSI line, approximated vessel pixels located under that
approximated CSI line are removed to find a convex hull for the remaining pixels. The outer
boundary of the convex hull is smoothed using average filter with window size of one fifth
of the image width. This smooth line is defined as the OCV boundary. Fig. 9(d) shows an
example of the approximated OCV boundary (red line) and vessels (white colour pixels).
Fig. 9(e) shows the example of the approximated CSI (green line) and OCV boundary (red
line) on the normalised image. The proposed method boosts the priority of those pixels
located in between the approximated CSI and OCV for becoming the actual CSI by
incorporating the edge weight computation.

3.2.5. Edge weight computation—The CSI detection problem is modelled as a graph
shortest path problem where each pixel is the graph node. The nodes are connected with 8
neighbours The vertex weight is computed using (10) with the intensity of the smooth image
and intensity and gradient of the DIN image. The approximated CSI and outer vessel
boundary also incorporated with the weight computation as a distance factor. The weight of
the nodes is decreased with increasing distance from the any of the boundaries. The distance
factor of the approximate CSI and approximate choroidal vessel outer boundary from the
pixels are computed using (9).

dfiy:axexp 5

_ (ﬂy — x)ﬂ) ©

where df?,, is the distance factor of a node at the xth row and yth column for the reference

line (1). A, gives the position of the row for the yth column of 1. a, Band &are three
coefficients to manipulate the equation as follows. The approximated CSI and outer
boundary of choroidal vessel are used as r in (9). The coefficient values in (9) for
approximated CSI (df®S) are a = 0.25, =1 and 6= 100. The coefficient value in (9) for
approximated outer boundary of choroidal vessel (dfOCV) are assigned empirically and they
are a=0.5, g=1and §=100.

The DIN image is normalised in the range 0-1 for each A-scan. The vertex weight for the
node is computed using the normalised intensity of the DIN image, gradient of that
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normalised value, distance factor for the approximated CSI and outer choroidal vessel
boundary. This computation of the vertex weight is formulated by (10).

V= exp(—((NDIN + GpN) X (clfCSl + dfOCV) +1)x (Is X dfPCSi)) (10)

where Apn and Gpyy are the depth normalised intensity and its vertical gradient value
respectively, dfSS and dfOCV are the distance factor of the approximated CSI and OCV
respectively. /;is the normalised image 0-1 of the after applying Gaussian and median filter
image and df PeSi s the distance factor for normalise intensity of the image for increasing
intensity near CSI boundary and decreasing the intensity of the pixel located away from CSI.
This helps the method to detect higher intensity pixels as CSl and at the same time, avoiding
pixels near the RBC that are generally higher in intensity. df P¢si is computed using (9)
where A is defined by the (3 x aprxOCV + aprxCSl)/4, a = 0.25, =2 and 6 = 1000.
aprxOCYV is the approximated OCV and aprxCSl is the approximated CSI.

The first and last column pixels are set to a predefined minimum cost so that the shortest
path algorithm could choose the first and last vertical position freely or independently as the
starting and ending of the boundary. This predefined minimum value is set to 0.001. The
edge weight of the graph is computed by (11). Then the shortest path algorithm is applied
where the start node is left top pixels, and the destination node is the bottom right node.

Wu, 0=V (11)

where W, is the edge weight between node vand v, V, is the vertex weight of node vthat
is computed by (11); vand vmust be 8-connected neighbour.

The computed shortest path is formed to be the CSI. An average low-pass smoothing filter
window size of one fifth of the width of b-scan image is applied on this shortest path for a
smooth line instead of any zigzag line. This smooth line defined the CSI. Fig. 10 shows (a)
original image as a reference, (b) segmented output of the ILM-RNFL (green line), RBC
(red line) and CSI (yellow line) by our proposed method.

3.3. Choroidal vessel (CV) detection

After detecting the CSI, it can still be challenging to find the CV boundaries due to unstable
shape and intensity distribution. Our proposed DIN method increases the accuracy of CV
detection and increases efficiency. We have used the active contour method for detecting the
CV boundaries where seed point is generated by applying clustering on the DIN image. The
ROI for the CV boundary detection is the choroidal region that is from the RBC boundary to
CSI. First, ROl in the DIN image is clustered into two regions by Otsu method. The cluster
with the lowest intensity defined the initial CV that serves as the seed points of the active
contour. Following that, due to uneven intensity distribution of the image, we divide the ROI
into five parts along the width of the image. For each part, edge-based active contour is used
to finalise the vessel area. The active contour is used from Matlab library function where it is
iterated 300 times. Smooth factor and contraction bias are defined empirically by 0.1 and
0.01 respectively. Fig. 10(c) shows a segmented output of the CV boundaries.
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4. Validation method

Validation is an important step for any automated method because to assess the accuracy and
usability of the method. We compared our method against the manually segmented images
(ground truth) and two state-of-the-art methods (Chen et al., 2015; Tian et al., 2013). Our
assessment involves (1) direct evaluation of the precision of the boundary locations by
computing: the root mean square error (RMSE) between two different segmentations; (2)
dice coefficient (DC) between two different segmentations for direct evaluation of the
precision of the overlap of the choroidal border; (3) root mean square error (RMSE) between
two different segmentations for direct evaluation of the precision of the CTh measurement;
(4) Pearson correlation coefficient and interclass correlation coefficient (ICC) for the
choroid thickness between two different segmentation method. The performances of two
automatic methods are reported using these four assessment methods to justify the accuracy
and robustness of the method. The importance and computation process of the four
evaluation protocols are described below.

4.1. Root mean square error (RMSE)

RMSE is the average pixel distance of a single boundary between two different
segmentations. It is well known and the most often reported way to compare segmentation of
objects or boundaries by different methods. A lower RMSE error means better accuracy or
performance for the method. The formula of computing the RMSE is (12).

AT
[|A — scanl|

RMSE(B"/!, B"2) =\/

where B"/1 is the ith boundary by the jmethod, B"/1(x) is the y~axis position of the th
boundary at xth A-scan by the method j, ||A-scan|| is the total number of A-scans, and x is
taken over all A-scans.

4.2. Dice coefficient

This is a region-oriented analysis which provides more information about classification or
identification errors. This allows us to assess whether the automatically delineated layer is
more prone to under-segmentation or over-segmentation in comparison to manual
segmentation. The dice coefficient (DC) is sensitive to variations in shape, size and position.
The formula for DC is shown in (13) where i refers to a region, s; and /2 refer to two
methods of segmentation that they detect ith region.

Z‘Reg(i’ i1 n Reg(i’ JZ)‘

DC(Reg(i’ J 1), Reg(i’ J 2)) (13)

N ‘Regu,n)’ + ’Reg(i’D)‘

4.3. Interclass correlation (ICC)

ICC, also known as reliability coefficient, is an excellent parameter to evaluate an automatic
method. A high-reliability coefficient of an automatic method represents high accuracy.
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Shrout and Fleiss (1979) proposed a method to compute reliability coefficient called
interclass correlation (ICC). Researchers have proposed six cases and our evaluation criteria
are best satisfied by the third case, in which n targets are graded by k methods without any
averaging. In this case, they proposed the ICC as follows.

BMS—-EMS

ICC = BMST (k=) xEMS (14

where BMS is a between-targets mean square; EMS is a residual sum of squares. Let d'is the
data of k& x nthat is the ratings of ntargets by & graders are stored in d. Then, BMS and
EMS are computed by the following equations.

—
BMs = <X 24 =4 Eni(_dil_ 2 o
—\2 — -2
EMS — YiXildij—d) —nxY;d;—d (16)
k=1)xm-1)

where 4 is the mean of the ratings of all graders, 4; is the mean of the ratings of the ith target
by all graders, d; is the mean of the ratings of all targets by the jth grader and dj;is the rating
of the #h target by the j#th grader.

5. Experimental setup

Our experimental setup consisted with 10 macular EDI-OCT volumes which are taken from
7 patients (each volume has 19 B-scan, Total 190 B-scans). All patients are imaged using
EDI-OCT imaging on Heidelberg Spectralis HRA+OCT. Data is taken from patients without
a history of retinal diseases seen at a large city hospital (average age 53 years, range 43-62).
Each volume has 1021 x 361 x 19 voxels with 3.9 pm axial resolution and dB (image quality
parameter) ranges are 20-39. Two expert graders from our institution manually traced the
RBC and CSI boundaries using Photoshop CS3. In addition, images are run through CTh
measurement software developed by Tian et al. (2013) and Chen et al. (2015) to allow for
comparison of their methods to ours. Each of the three automatic methods is compared to
the results of the two manual graders and their average. We used several methods to compare
the performance of the three systems, including RMSE to compute error for the RBC, CSI
and CTh, DC for the choroidal region, and correlation coefficient and interclass correlation
coefficient for the CTh. We have also shown the dice coefficient for each volume for
different signal strength in dB (see Fig. 11). We have also collected two random SS-OCT B-
scans from TEMBYV (2016) to show the robustness of our proposed method in diseased eye
and different source of OCT imaging. The parameter of the equations for the CSI detection
is listed in Table 2.

6. Results

Our results show better accuracy compare to the state-of-the-art automatic methods (Chen et
al., 2015; Tian et al., 2013). RMSE for the two boundaries RBC and CSI are reported in
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Table 3. For the RBC boundary, our proposed method shows less error than other two state-
of-the-art methods and inter-grader variability. The RMSE for the CSI shows that our
proposed method is superior to the other automatic methods. Though our proposed method
has a higher error than inter-grader variability, this difference is very small, as reported in
Table 3. Our method has a DC of more than 92% where other two automatic methods have
less than 65% and 70%. The RMSE, correlation coefficient (/) and interclass coefficient for
the CTh also show our proposed method is superior to the methods of Tian et al. and Chen et
al. The correlation coefficient (7) is more than 0.70 for our method but less than 0.51 for
Tian et al. and less than 0.70 for Chen et al. The interclass correlation coefficient is 0.65 for
our proposed method, and less than 0.45 and 0.60 for Tian et al. and Chen et al. respectively.

In Fig. 11, we have shown dice coefficient of each volume where x-axis represent dB value
of the volume and y-axis represents the dice coefficient of the image. The dice coefficient
from second manual grader, Tian et al., Chen et al. and our proposed method are shown in
the Fig. 11 where the grading of first manual grader is used as gold standard. This figure
shows the dice coefficient of our proposed method is very near to inter grade compared to
other automatic methods. It is also clear that our method performs consistently in different
signal strength.

Two B-scans from SS-OCT have been used to evaluate the performance of our proposed
method in different OCT type and pathology existed eyes as shown in Fig. 12. In Fig. 12, (a)
contains haemorrhage pathology from an AMD patient and (b) is from neovascularisation
patient. Green, red and yellow line represent the ILM-RNFL, RBC and CSI respectively.

7. Novelty of the proposed segmentation algorithm for detecting the

Choroid-Sclera Interface

Our proposed segmentation method for the detection of the CSI has the following novel
features that help in finding CSI very accurately.

. Depth based intensity normalisation technique: The choroid is the noisiest area in
the OCT image due to imaging technology and its anatomy. OCT technology is
based on backscatter light from the tissues. As a result, it is sensitive to the depth
of the tissue and loses sensitivity when increasing the depth of the tissue. Since
the choroid is located under the retina, OCT cannot capture it with as high
quality as the retina, although EDI-OCT and SS-OCT improve the quality of the
image for the choroid. The images show high inconsistency in intensity even in
the homogeneous area. The non-vessel regions of the choroid show high
inconsistency in the intensity and it is worse under the large choroidal vessel
where the CSI boundary is located. Moreover, the presence of the large choroidal
vessel increases such challenges as it has non-uniform distribution and shape. To
solve this intensity variation and inconsistency, we have proposed a novel depth-
based intensity normalisation technique which helps to make this uneven
intensity distribution to even out the homogeneous area of the choroid and the
sclera region.

Comput Med Imaging Graph. Author manuscript; available in PMC 2020 June 23.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hussain et al.

Page 14

. Computation of edge weight: The second novelty in proposing the CSI detection
is a robust method of computing edge weight where the approximate position of
the CSI and other structural information such as the outer boundary of the
choroidal vessel are incorporated. Use of the normalised image and its intensity
gradient in the edge weight computation instead of the original image has also
improved the accuracy of the method in detecting the CSI due to reducing
inconsistency of the intensities in the choroid. The combination of all these
operations makes our method robust and accurate and outperforms the state-of-
the-art methods.

8. Conclusion

We have proposed an automated, robust and highly accurate method for the detection of the
CSI. We evaluate our method on the EDI-OCT images with different signal to noise ratio
which has shown similar accuracy when compared with grader. We have also shown the
robustness of our proposed method by showing segmentation output in the SS-OCT B-scans
with pathologies. We have incorporated a method for the detection of the ILM-RNFL and
RBC from (Hussain et al., 2017) which is robust in the pathology existed images. Our
proposed method, which is simple and novel, is a depth-based intensity normalisation (DIN)
method for analysing CTh in EDI-OCT image technology. The normalisation method
reduces the challenges of low contrast and unstable or unpredictable changes of the choroid
layer by converting high distorted intensity values to a stable for the surface and vessel
pixels of the choroid and sclera. This approach provide a high robustness in the low contrast
choroid. Then the Dijkstra shortest path algorithm has been applied to detect robustly the
CSI where the edge-weights are chosen based on two approximate boundaries, the OCV and
CSI. The edge weights has helped to detect the accurate boundary in a noisy and low-
contrast image by reducing the search space and increasing the value of the probability of
the pixels which are more likely to be the CSI. We have shown our method to be far superior
to the state- of-theart methods which has been established using several statistical tests
including RMSE, DC and correlation coefficient. Our method has shown a performance
similar to manual segmentation based on the inter-grader variability. The method of
detecting ILM-RNFL and RBC has performed well even in the presence of pathology
(Hussain et al., 2017) and here CSI detection method has performed well in the low-contrast
and uneven thickness of the Choroid. Thus, the proposed method can be deployed for large-
scale studies for tracking the progression and diagnosis of pathologies related to the choroid.
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Retinal Layers: ILM: Internal Limiting Membrane; RINFL: Retinal Nerve Fiber Layer; ONL:
Outer Nuclear Layer; RPE: Retinal pigment epithelium.

RBC: The outer border of the RPE/ Bruch’s membrane (BM)/ Choriocapillaris Complex;CSI:
Choroid Sclera Interface

Fig. 1.
Colour fundus photograph image (left) and EDI-OCT image (middle) in a healthy eye. B-

scan mode is demonstrated by the cross sectional image corresponding to the green line
(left); A-scan mode is represented by red vertical line (right).
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Fig. 2.

Flow diagram of the proposed method.

Comput Med Imaging Graph. Author manuscript; available in PMC 2020 June 23.




1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Hussain et al. Page 20

Fig. 3.
The TR layers’ approximate detection: (a) is a smooth and a cropped portion of the retinal

OCT B-Scan; (b) manually delineated TR layers; and (c) automatically discovered qorxTRL
layers by our proposed method (red, green and blue lines represent the RNFL, ONL and
RPE layer locations respectively). RNFL.: retinal nerve fiber layer; ONL: outer nuclear layer;
RPE: retinal pigment epithelium.
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Fig. 4.
Segmented result of ILM-RNFL (green line) and RBC (red line); The yellow line define the

end of the region of interest for the choroid.
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Fig. 5.
(a) The region of interest of the choroid, (b) the smooth image after intensity normalisation

and (c) depth-based intensity normalised (DIN) image.
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Fig. 6.
Vessel pixels after: (a) clustering; (b) morphological operation; (c) morphological closed

operation; and (d) applying dynamic distance filter.
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Fig. 7.
(a) Shows black colour pixels found after clustering, red pixels in (b) and (c) are selected as

vessel after applying distance filter.
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Fig. 8.
(a) Surface pixels, (b) following removal of top 100 um surface pixels, (c) probability map

for the surface pixels, (d) candidate pixels (pixels (red) with maximum probability in each
A-scan), (e) first order polynomial line on the candidate pixels (green), (f) following removal
of candidate pixels (magenta).
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Fig. 9.
(@) The DIN image, (b) approximate vessel, (c) approximate CSI (green line) on the surface

image (white colour), (d) approximate OCV boundary (red line), (¢) approximated CSI
(green line) and OCV boundary (red line) on the intensity normalised image.
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Fig. 10.
(a) Original image (b) segmented output of ILM-RNFL (green line), RBC (red line) and CSI

(yellow line) (c) segmented output of choroidal vessels (magenta lines).
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Dice coefficient against dB of the volume between First Manual Grader and Automatic
methods.
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Fig. 12.
The output of our proposed method in the SS-OCT retinal scan presented with pathologies.
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Table 2

The parameter setting for the equations of the CSI detection.

Eq Purpose Parameters  Explanation
8 A probability matrix £A=350 um  The hypothesis behind computing the probability matrix is that the
approximated CSI is more likely to be located near the maximum CTh (350 pm
7=200um  away from the RBC boundary).
9 The distance factor of the a=0.25 These parameters have been defined empirically that is these configurations give
approximate CSI p=1 best result for us.
6=100
The distance factor of the a=05
approximate OCV
p=1
6=100
The distance factor for normalise a=0.25
intensity of the image
B=2
6=1000
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