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Using the graph-based a simple linear iterative clustering (SLIC) superpixels and manifold ranking tech-
nology, a novel automated intra-retinal layer segmentation method is proposed in this paper. Eleven
boundaries of ten retinal layers in optical coherence tomography (OCT) images are exactly, fast and
reliably quantified. Instead of considering the intensity or gradient features of the single-pixel in most
existing segmentation methods, the proposed method focuses on the superpixels and the connected

Keywords: components-based image cues. The image is represented as some weighted graphs with superpixels or
Optical coherence tomography (OCT) . . . . . .

Segmentation connected components as nodes. Each node is ranked with the gradient and spatial distance cues via
Graph graph-based Dijkstra’s method or manifold ranking. So that it can effectively overcome speckle noise,

organic texture and blood vessel artifacts issues. Segmentation is carried out in a three-stage scheme to
extract eleven boundaries efficiently. The segmentation algorithm is validated on 2D and 3D OCT images
in three databases, and is compared with the manual tracings of two independent observers. It demon-
strates promising results in term of the mean unsigned boundaries errors, the mean signed boundaries

SLIC superpixels
Manifold ranking

errors, and layers thickness errors.

© 2016 Elsevier Ltd. All rights reserved.

1. Introduction

Optical coherence tomography (OCT) is first introduced in 1991
by (Huang et al., 1991), and it is a powerful, noninvasive and
high resolution imaging modality used in the diagnosis and assess-
ment of a variety of ocular diseases such as glaucoma and diabetic
retinopathy (Wang et al., 2009; van Dijk et al., 2009; Cabrera DeBuc
and Somfai, 2010; Zhao et al., 2014). Particularly, with the recent
advancement of spectral domain optical coherence tomography
(SD-OCT), higher resolution and more data have been acquired for
clinical diagnosis (de Boer et al., 2003). But lacking fast and accurate
quantification approach for more data, it is inconvenient for oph-
thalmologists or clinicians to directly diagnose for retinal diseases
by calculating total retinal thickness, nerve fiber layer thickness, or
outer plexiform layer thickness. Therefore, it becomes increasingly
urgent to need an automated retinal layers segmentation approach
in OCT images for clinical diagnosis or investigation.

Motivated by this need, the retinal layers segmentation
algorithms based on the single pixel’s intensity and gradient
information have been mainly explored, and focused on the delin-
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eation of some intra-retinal layers during the last decade. Initially,
the retinal layers segmentation mainly employed an image’s peak
intensity and gradient methods to segment only a few layers and
extract to retinal boundaries, and investigated in (Koozekanani
et al., 2001; Ferniandez et al., 2005). Then, active contour mod-
els have been built in retinal layers segmentation (Mujat et al.,
2005; Mishra et al., 2009). Comparisons of initial methods, contour
algorithms appeared good performance in resistance to 2D noise
and in error, but has the limitation of selecting pre-determination
of the initial seed points that are used in the convergence of the
optimal path. Several recent researchers have explored the use
of pattern recognition techniques for retinal layers segmentation.
Mayer et al. employed a fuzzy C-means clustering technique to
segment nerve fiber layer (Mayer et al., 2008). Kajiic et al. (2010)
proposed a accurate and robust segmentation method of intrareti-
nal layers with a novel statistical model. Vermeer et al. (2011)
also introduced a six retinal layers segmentation method based on
support vector machine (SVM) classifiers. With the application of
the graph cuts techniques for image segmentation, and graph cuts
techniques emerged as one of the important retinal layers segmen-
tation. Combining with spatial constraint information, Garvin et al.
used graph cuts to extract nine boundaries (Garvin and Abramoff,
2009). Chiu et al. (2010) employed a dynamic programming tech-
niques to extract eight retinal boundaries. Yang et al., (2010), also
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Fig. 1. lllustrates eleven intra-retinal boundaries from top to bottom: boundary
1 ILM, boundary 2 NFL/GCL, boundary 3 GCL / IPL, boundary 4 IPL/INL, boundary 5
INL/OPL, boundary 6 OPL/ONL, boundary 7 ELM, boundary 8 IS/CL, boundary 9 CL/OS,
boundary 10 OS/RPE, and boundary 11 BM/Choroid. (N: nasal, T: temporal).

used a dual-scale gradient information model to segment eight reti-
nal layers. The graph search technique based on the single-pixel
information can guarantee to find the global optimum, nevertheless
it is relatively susceptible to speckle noise or artifact.

Recently, Kafieh et al. (2013, 2015) successfully used a coarse
grained diffusion map method to segment eleven retinal layers
and to determine the thickness map, the method like super-pixels
based approaches can reduce the effects of unavoidable noise
in OCT images, however, it needs indirectly detect boundaries
by single pixel, and its time-consuming is relatively high in the
coarse graining computation. Cha and Han (2014) also presented
an intelligent tracking kernel method that could segment nine
boundaries of eight retinal layers, but its processing time is also rel-
atively long. Xinjian Chen and Fei Shi et al. successfully proposed
a multi-resolution graph search based surface detection method
to automatically segment the retinal layers in 3-D OCT data with
serous retinal pigment epithelial detachments (Shi et al., 2015).

Most existing retinal layers segmentation algorithms mainly
focus on the single pixel or region based on its intensity or gradient
within a local context, whereas there is no an algorithm focuses
on the whole edge-based image cues to automatically segment the
retinal layers. Besides, it is inevitable that some intrinsic speckle
noise, organic texture and blood vessel artifacts make difficult to
exactly segment retinal layers.

In this work, inspired by superpixels, a novel three-stage using
graph-based SLIC superpixels and manifold ranking approach is
focused onintra-retinal layer segmentation of OCT images due to its
eleven intra-retinal boundaries mainly correspond to high, middle
or low contrast in pixels intensity, positive or negative vertical gra-
dient values, and their spatial relationship between intra-retinal
boundaries. Fig. 1 illustrates eleven intra-retinal boundaries we
desired to find in macular spectral-domain OCT images. It is relative
to single-pixel, the proposed approach is based on the superpixels
and connected components designated as nodes, so that it is able
to well avoid the intrinsic speckle noise, the possible presence of
organic texture and blood vessel artifacts. The research demon-
strates that such a proposed approach is able to automatically
segment eleven boundaries of ten retinal layers in OCT images, and
improve the accuracy, efficiency, and robustness of retinal layers
segmentation.

In summary, our main contributions are as follows:

(a) Application of the superpixels and connected component, it can
well avoid some disturbs from the intrinsic speckle noise and
organic texture artifacts, and exactly detect boundary ILM and
boundary IS/CL.

(b) Application of the manifold ranking and connected component,
it can well overcome discontinuity from the intrinsic speckle
noise and blood vessel artifacts, and exactly detect the other
nine boundaries.

The rest of this paper is organized as follows, In Section 2 briefly
introduces SLIC superpixels, manifold ranking method and the
construction of the weighted graph, and describes the proposed
intra-retinal layers segmentation algorithm via graph-based SLIC
superpixels and manifold ranking technology in detail. The exper-
iments and results are presented in Section 3. Finally, Section 4
concludes the paper.

2. Material and methods
2.1. SLIC superpixels and manifold ranking

Based on k-means clustering, Achanta et al. (2012) success-
fully proposed a simple linear iterative clustering (SLIC) method for
generating superpixels, which has been shown to outperform exist-
ing superpixel methods in image boundaries, memory efficiency,
speed, and theirimpact on segmentation performance. And the pro-
posed method has achieved great success on image segmentation
(Trulls et al., 2014).

Zhou et al. (2004) successfully proposed a manifold ranking
method, which exploits the intrinsic manifold structure of data for
labeled graph. Essentially, manifold ranking can be viewed as an
one-class classification problem (Scholkopf et al., 2001), that is,
only positive examples or negative examples are required. Given
a dataset X = {x1,X2, ---, Xp} € R™" x; ¢ R™, and i=1,2,...,n, some
data points are labeled queries that are assigned a positive ranking
score (such as 1), and zero to the remaining points. Let a ranking
function f : X — R", namely, a weighted network is form on the
dataset, then, all points repeatedly spread their ranking score to
their nearby neighbors via the weighted network, finally, all points
except queries are ranked according to their final ranking scores
when aglobal stable state is achieved. In order to conveniently com-
pute the optimal ranking of queries, a graph G=(V, E) is defined for
the dataset, where the nodes V are the dataset X and the edges E
are weighted by an affinity matrix W=[wj;]n « n, thereby, the degree
matrix D is equal to diag{di1, d23, ..., dnn}, where d;; = ijij. Then,
similar to the PageRank and spectral clustering algorithms (Brin and
Page, 1998; Ng et al., 2002), the optimal ranking of queries can be
obtained by solving the following optimization problem:
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where the first and the second term are respectively the smooth-
ness constraint and the fitting constraint whose balance can be
controlled by the parameter u the f; and f; respectively denote the
ranking scores of the data points x; and x;, the y; denotes the rank-
ing score of the query point x;. Namely, for a good ranking function,
the first term should not change too much between nearby points
and the second term should not differ too much from the initial
query assignment. Certainly, the optimal solution could be conve-
niently computed by setting the derivative of the above function to
be zero, and the optimal resulted ranking function can be written
as Eq. (2) by using the unnormalized Laplacian matrix. The Eq. (2)
has achieved great success on image saliency detection (Yang et al.,
2013).

fr=D-6w)y, (2)
2.2. Weighted graph construction

A weighted graph G=(V,E,W) is constructed to represent OCT
image, and exploit the gradient information and the spatial rela-
tionship, where V denotes a set of nodes, E denotes a set of
undirected edges and W is defined to the affinity matrix that repre-
sents the weights of the edges between two arbitrary nodes. In this
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