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Abstract

The choroid plays a critical role in maintaining the portions of the eye responsible for vision.
Specific alterations in the choroid have been associated with several disease states, including age-
related macular degeneration (AMD), central serous choroiretinopathy, retinitis pigmentosa and
diabetes. In addition, choroid thickness measures have been shown as a predictive biomarker for
treatment response and visual function. Where several approaches currently exist for segmenting
the choroid in optical coherence tomography (OCT) images of healthy retina, very few are capable
of addressing images with retinal pathology. The difficulty is due to existing methods relying on
first detecting the retinal boundaries before performing the choroidal segmentation. Performance
suffers when these boundaries are disrupted or suffer large morphological changes due to disease,
and cannot be found accurately. In this work, we show that a learning based approach using
convolutional neural networks can allow for the detection and segmentation of the choroid without
the prerequisite delineation of the retinal layers. This avoids the need to model and delineate
unpredictable pathological changes in the retina due to disease. Experimental validation was
performed using 62 manually delineated choroid segmentations of retinal enhanced depth OCT
images from patients with AMD. Our results show segmentation accuracy that surpasses those
reported by state of the art approaches on healthy retinal images, and overall high values in images
with pathology, which are difficult to address by existing methods without pathology specific
heuristics.
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1 Introduction

The choroid is the vascular layer located between the retina and sclera in the eye. It plays the
vital role of providing nutrients and maintaining the portions of the eye responsible for
vision. Specific alterations in the choroid have been associated with several disease states,
including age-related macular degeneration (AMD) [1], retinitis pigmentosa [2], Stargardts
disease, diabetes [3], sarcoidosis, and Vogt-Koyanagi-Harada syndrome. In addition, choroid
thickness measures have been shown as a predictive biomarker for treatment response [4]
and visual function [5].
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Since the introduction of enhanced depth imaging optical coherence tomography (EDI-
OCT) [6], there has been an explosion of interest in studying the choroid in vivo. This has
included not only the disease processes previously associated with choroidal abnormalities,
but also exploring the role of the choroid in ocular conditions as diverse as myopia and angle
closure glaucoma. This quick (<1 second per scan), non-contact, safe, and inexpensive
imaging modality has become readily accepted by both clinicians and patients.

To date, most assessments of EDI-OCT images have involved manual evaluation of the
borders of the choroid and subjective judgments of choroidal vessel caliber (large, small,
dilated, attenuated) and stromal density, which has proven difficult and time consuming.
Fully or semi-automated systems are needed to make it possible to use in direct patient care
and in clinical studies involving large numbers of patients examined serially over time.
While several techniques [7-16] have been designed for the segmentation and measurement
of the choroid in OCT, existing methods are primarily focused on images with normal (or
normal-appearing) retinal structures with limited pathology.

Current approaches begin by first segmenting the retinal layers using methods such as graph-
cuts [8, 10], dynamic programming [7, 9], gradient-based edge detection [11, 15], and active
contours [16]. After locating the retinal layers, the choroid is found using an intensity based
approach within a sub-region of the image, typically defined by the Bruchs Membrane (BM)
located in the first step. Proposed approaches for segmenting the choroid in this sub-region
include thresholding and region growing [8], multi-scale filtering with probabilistic
estimation [9], constructing statistical [7], morphological models [10], and texture or
gradient analysis [15, 16].

In the presence of pathology, existing approaches become less accurate and robust due to
changes to the retinal morphology caused by disease. Very few methods have been presented
that addresses automated choroid segmentation in the presence of pathology. Notably, [7, 9]
proposed addressing the problem by making the retinal boundary segmentation more robust.
Their approach first uses image derivative information and edge orientation to prevent
unrealistic boundary jumps and shifts. A convex hull is then fit to the estimated boundaries
to detect possible detachment of the retina. The method is shown to be robust to many cases
of retinal pathology, such as drusen and retinal detachment. However, the algorithm still
relies on the initial delineation of the retinal pigment epithelium, which the authors locate
using the most hyper-intense boundary in the image. The method will be unreliable in cases
where this assumption is violated due to artifacts or pathology. Also relevant, [17] presents
an outer retinal-subretinal layer segmentation approach that addresses pathology by
augmenting their graph search algorithm with a specialized fluid detection algorithm that is
able to determine abnormal fluid-filled structures in the layer.

In this work, we present an approach where the detection and segmentation of the choroid
and choroidal vessels are performed without the prerequisite delineation of the retinal layers.
Instead we train a convolution neural network to directly identify the interior and exterior
boundaries of the choroid in the image. This approach utilizes the fact that 1.) the choroid is
often not noticeably affected by retinal pathology, and 2.) the morphology and texture of the
choroid are distinct from the retina and retinal pathology. This allows us to directly identify
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the choroid regardless of the state of the retina in the image. Our approach aims to avoid
needing to model and delineate the often unpredictable pathological changes in the retina
due to disease.

Our method consists of two primary steps. First, a convolution neural network (CNN) is
trained to find the pixel-wise probability maps for the interior (Bruch’s membrane) and
exterior (choroid-sclera interface) boundaries of the choroid. Once these probability maps
are found we use seam carving [18] to estimate the two boundaries in the image and produce
the final segmentation of the choroid.

2.1 Generating Edge Probability Maps Using CNN

For our CNN architecture, we use the SegNet design presented in [19]. The network consists
of an encoder network, a corresponding decoder network and a pixel-wise classification
layer. The SegNet architecture was designed specifically for pixel-wise classification of
images where boundary delineation is vital. One of its key features is the ability to reduce
the loss of spatial resolution due to max-pooling and sub-sampling by storing the max-
pooling indices in the encoder and using it in the respective decoder to upsample the input
feature map. This also has the advantage of avoiding the need to learn to upsample, reducing
the overall number of parameters.

For our task, we use 6 layers of encoder and 6 layers of decoder, with (8, 16, 16, 32, 32, 64)
features in each encoder layer and the reverse order in the decoder layers. A 5-by-5
convolution kernel is used throughout the network. An element-wise rectified linear non-
linearity (ReLU) max(0, x) is applied to every layer except the final layer, which uses a
softmax function to produce a probability output. Stochastic gradient descent is used for
training the network, with a momentum of 0.9 and a fixed learning rate of 0.0001. We used a
constant scale factor of 2 in the X and Y directions. We found that the network in general
converges within 40 epochs.

Training and Testing—Two different SegNets are trained for our method, one to locate
the Bruch’s membrane and the second to locate the choroid-sclera interface. Each network is
trained on full EDI-OCT images with manually delineations of the respective boundaries,
where each pixel in the training image is marked as either boundary or background. To
increase the number of training examples, small random affine perturbations are used to
displace each training images. This provides additional examples that can account for
anatomical variability in the eye that may not be fully represented in our data. Given an
unseen image, both SegNet are applied to the image to produce two probability maps
representing the likely location of the two boundaries in the images.

2.2 Seam Carving

To convert the edge probability maps into a binary segmentation of the choroid, we use a
technique known as seam carving [18]. Given an image /with dimension 7 x m, the goal of
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seam carving is to find a path of connected pixel that fully traverses across the image. For
our task, we are interested in finding the horizontal seam,

s= {7 = 1GyDNZ . s Vi) G- DI< L (@)

where yis the mapping y: [1,..., m| = [1, ..., n1]. This formulation ensures that the seam
only has a single pixel in each column and each pixel in the seam is 8-connected to the
pixels in the adjacent columns. To find this seam, we define the cost function
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where eis an energy function. For our purpose, &(/(s))) is the value of the probability map at
location s;. Given this energy function, the optimal seam can be found by using dynamic
programming as described in [18].

The optimal seams found for our two probability maps are used as the interior and exterior
boundaries of the choroid, and the pixels between the boundaries are completely filled to
provide the full choroidal segmentation. This approach is advantageous over simply
thresholding the probability maps, because it allows us to enforce a specific topology,
connectivity, and smoothness to the segmentation.

3 Evaluation and Results

3.1 Data

3.2 Results

62 EDI-OCT retinal images from 32 patients diagnosed with age related macular
degeneration (AMD) were used for the evaluation of our method. Two images were acquired
from each patient, the first image was of a retina with dry (atrophic) AMD from one eye, and
the second image was of a retina with wet (exudative) AMD from the other eye. Each EDI-
OCT image was a 2D cross-sectional slice centered on the fovea, with approximate
dimensions of 1150 by 700 pixels. For each image, a manual segmentation of the choroid
was performed by a trained rater using ITK Snap [20]. These manual segmentations serve as
the ground truth used in our evaluation.

We evaluated our algorithm on each image using 5-fold cross-validation, where 80% of the
images (50 image) were randomly selected and used for training, and the remaining 20%
were used to testing. This process was repeated until all images were segmented. The same
parameters as described in Sec. 2.1 were used for each SegNet network used in the
evaluation. Fig. 1 shows several examples of the automated choroidal boundaries detected by
our method. We compared our automated results against the manual ground truth by
calculating the average distance error of the Bruch’s membrane (evaluted as the average
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absolute difference between the manual and automated boundary location in each A-scan),
and the overall Dice overlap coefficient [21],

2|A N B

Dice(A, B) = AT+ 1B 3)

between the automated and manual segmentations.

For a baseline comparison, we also performed the same evaluation using a graph cuts based
segmentation approach, which have been shown [22, 23] to produce highly accurate
segmentations of retinal layers in OCT images of healthy subjects. However, for our
comparison, we adapted the approach to find the interior and exterior boundaries of the
choroid in our 2D EDI-OCT images. No pathology-specific correction step was used to
improving the BM surface in the wet AMD cases [17], but rather a single graph cut
optimization with two surfaces was performed. Table 1 shows the average (and standard
deviation) of each algorithm’s performance over the dry and wet AMD cases separately and
over the full dataset.

4 Discussion

From our results we see that, overall, our approach produced segmentations of the choroid
that aligned well with the manual delineations. On average our algorithm produced a Dice
overlap coefficient of 0.82 (£0.10) relative to manual segmentation. This is comparable to
existing literature [8], which reports an average Dice overlap of 0.78 (#0.08) for automated
segmentation of the choroid in healthy retinal. While the comparison is indirect, the result is
promising considering that our dataset consisted of 2D images with retina pathology, many
of which contained large intensity and morphological changes. Conversely, our images are
EDI-OCT, which may have allowed the choroidal structures to be more easily segmented
than standard OCT.

From Table 1 we see that on average our approach produced segmentations with higher Dice
overlap and lower BM boundary errors than the graph cuts based approach. However, it
would be fair to note that the graph cuts algorithm was adapted from a design developed for
3D OCT volumes of healthy subjects. Thus, the lack of 3D context in our data may explain
the lower performance. Additionally, as noted above, the graph cut approach can be
augmented with a specific correction technique to handle drusen, cysts and RPE detachment
[17], which we have not included. This further contributes to its lower performance in the
wet AMD cases. In contrast, our approach is robust to pathology and can be readily
deployed even in a single 2D B-scan.

Qualitatively, our proposed algorithm is very robust to retinal pathology (as shown in Fig.
1(b)). This satisfies one of the primary goals of our approach, which was to design an
algorithm that can detect the choroid independent of the state of the retina. One disadvantage
of using a learning based approach to address this problem is that the success of the
algorithm is predicated on the diversity of the training images. The training set must cover
the wide range of appearances that the choroid can take in the image. For example, given our
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limited training set consisting mostly of normal appearing choroids, we can expect the
algorithm to fail in the presence of choroidal pathology or imaging artifacts in the choroid.
Likewise images acquired using different systems may also pose a problem if the imaging
characteristics are sufficiently different.

5 Conclusion

We have introduced an automated approach for segmenting the choroid in EDI-OCT images
with retinal pathology. Our results showed high performance relative to manual
segmentations, and does not require prerequisite retinal layer segmentations which are
necessary for most existing algorithm. There are several direction that this work can be
extended. One potential area of exploration is the use of CNN to directly segment the
choroid vasculature instead of locating the choroidal edges. This can potentially allow for
more accurate and robust segmentation by avoiding the need to detect the thin structure
represented by the edges. In addition, 3D information from adjacent (non-EDI) OCT B-
scans can potentially be incorporated into the segmentation to allow for more contextual
information in the segmentation.
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(b)

Fig. 1.
Examples of the interior (Bruch’s membrane, shown in red) and exterior (choroid-sclera

interface, shown in green) boundaries of the choroid found by the proposed method on
retinal image of eyes diagnosed with (a) dry and (b) wet AMD.
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