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Abstract—Optical Coherence Tomography (OCT) is a non-
invasive, depth-resolved imaging modality that has become a
prominent ophthalmic diagnostic technique. We present a semi-
automated segmentation algorithm to detect intra-retinal layers
in OCT images acquired from rodent models of retinal degener-
ation. We adapt Chan–Vese’s energy-minimizing active contours
without edges for the OCT images, which suffer from low contrast
and are highly corrupted by noise. A multi-phase framework
with a circular shape prior is adopted in order to model the
boundaries of retinal layers and estimate the shape parameters
using least squares. We use a contextual scheme to balance the
weight of different terms in the energy functional. The results
from various synthetic experiments and segmentation results on
OCT images of rats are presented, demonstrating the strength
of our method to detect the desired retinal layers with sufficient
accuracy even in the presence of intensity inhomogeneity resulting
from blood vessels. Our algorithm achieved an average Dice
similarity coefficient of 0.84 over all segmented retinal layers,
and of 0.94 for the combined nerve fiber layer, ganglion cell
layer, and inner plexiform layer which are the critical layers for
glaucomatous degeneration.

Index Terms—Optical Coherence Tomography (OCT), retinal
layers, active contours, energy minimization, level sets, image
segmentation.

I. INTRODUCTION

O
PTICAL Coherence Tomography (OCT) is a relatively

new, non-invasive imaging modality, which provides

depth-resolved structural information of a sample [1]. The

resolution in OCT systems approaches that of histology; the

lateral resolution is determined by the sample arm optics

and is typically 10-20µm. In contrast, the axial resolution is

determined by the spectral bandwidth of the source and is

typically ∼4µm [2]. OCT is a powerful tool for ophthalmic

imaging and can be used to visualize the retinal cell layers

in order to detect and monitor a variety of retinal diseases,

including macular edema, macular holes, degeneration (thin-

ning) of retinal nerve cells due to glaucoma, and detachments

of the neurosensory retina and pigment epithelium [3], [4].

OCT can be also adapted for imaging rodent eyes in order

to complement medical research and gene therapy to combat

retinal degeneration [5]–[9]. Imaging the retina in rodents is

significantly more challenging than for human subjects due to

the small size of the rodent eyes. The morphology of a typical
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rat eye is shown schematically in Fig. 1(a), emphasizing the

highly curved refractive surfaces of the cornea and lens. The

high radius of curvature of the rodent cornea introduces optical

aberrations which blur the focal spot at the retina. Also, rodent

retinal layers are thinner than those in humans, approaching

the resolution of standard OCT systems. As a result, the

OCT cross sectional images of rodent retina are of a lower

quality than can be acquired in human subjects, making image

processing more challenging.

Fig. 1(b) shows an en face image (OCT summed voxel

projection) and a typical B-scan OCT depth profile of ro-

dent retinal cell layers, acquired in vivo, compared with a

histological section. Retinal layers can be seen as horizontal

bright and dark bands. In this study, we consider the Nerve

Fiber Layer (NFL), the Ganglion Cell Layer (GCL), and the

Inner Plexiform Layer (IPL) together because they are not

consistently resolvable in the OCT images of the rat retina. It is

important to note that the size of the speckle in relation to the

retinal layers is substantial, particulary in the outer plexiform

layer. Also, evident in the B-scan is the presence of intensity

inhomogeneities (the dashed red rectangle in Fig. 1(b)) due to

absorption from the blood vessels in the retina. These inho-

mogeneities are vertical, or nearly perpendicular to the layers,

because of the imaging geometry. Due to the relative small

size of the retina, the blood vessels account for a significant

fraction of the area and image processing algorithms need to be

developed to overcome this artifact. In this work, we developed

an algorithm to simultaneously delineate the retinal layers in

rodent OCT images in order to track degeneration from retinal

diseases such as glaucoma.

Manual OCT segmentation is tedious, time-consuming, and

suffers from inter- and intra-rater variability. Automated or

semi-automated segmentation, on the other hand, holds the

potential to reduce the time and effort required to delineate

the retinal layers and also to provide repeatable, quantitative

results. Several automated and semi-automated approaches

have been employed in OCT segmentation [10]–[19]. Some

methods rely on pixel-level edge detection algorithms [10] or

are based on performing a 1-D intensity peak detection pro-

cedure for each A-scan [11]–[13]. These low-level approaches

could potentially lead to the detection of broken boundaries

and erroneous edges. Moreover, since OCT images are highly

corrupted by speckle noise, these algorithms required pre-

processing to reduce the effect of noise. The de-noising

procedure, however, affects the sharpness of the edges, which

subsequently reduces the segmentation performance. In [14]
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Fig. 1. Rodent eye anatomy and retinal OCT Images: (a) A schematic representation of the rat eye anatomy. (b) An en face image (left) is shown along
with a typical OCT B-scan image (middle) presenting a horizontal retinal cross-section with the labels indicating the retinal layers in comparison with a
histological section (right). The retina encompasses the following layers: the Nerve Fiber Layer (NFL), the Ganglion Cell Layer (GCL), the Inner Plexiform
Layer (IPL), the Inner Nuclear Layer (INL), the Outer Plexiform Layer (OPL), the Outer Nuclear Layer (ONL), and the Inner (IS) and Outer (OS) Segment
photoreceptor layers. The red arrow on the en face image corresponds to the region from which the image was taken. The dashed red rectangle shows the
intensity inhomogeneity artifact resulting from the absorption of light by the blood vessels in the retina.

and [15], a Support Vector Machine (SVM) algorithm is used

to perform segmentation of retinal layers. By considering the

mean intensity of six neighbors at each voxel, the SVM ap-

proach can handle noisy OCT images. However, this approach

is not only dependent on a user to mark a set of points for the

purpose of training and segmentation but also fails to segment

the layers accurately if the feature and background points

are not chosen properly. Further, SVM is computationally

expensive and is not able to segment all layers at the same

time. Garvin et al. [16] and Haeker et al. [17], [18] model

the segmentation problem as finding the minimum s–t cut of

a geometric graph. The cost function is the summation of an

edge-based term and one or more region-based terms. They

have developed a sequential approach to segment the intra-

retinal layers. First, the three easier-to-segment surfaces are

found (upper surface of NFL and upper and lower surfaces

of OS). The position of the previous segmented surfaces is

incorporated into the cost function to delineate the remaining

surfaces. The problem arises when the previous surfaces are

segmented inaccurately. This may result in an inaccurate

segmentation of the remaining surfaces. Recently, Garvin et

al. [19] have proposed an extension to their algorithm. By

learning the surface feasibility constraints using a training

set, they can segment the layers in two stages incorporating

both the image edge and true regional information in the cost

function.

In this work, we propose a new algorithm based on the

Chan–Vese active contours without edges [20] to address the

segmentation of intra-retinal layers in OCT images1. To the

best of our knowledge, we are the first to segment OCT

data using a multi-phase, level-set Mumford–Shah model

that incorporates a shape prior based on expert anatomical

knowledge of the retinal layers, avoiding the need for training.

Our approach has four main features. First, it can segment

all intra-retinal layers simultaneously due to the multi-phase

property of the algorithm. Second, we incorporate a shape

prior term that enables the algorithm to accurately segment

retinal layers, even where the region-based information is

missing, such as in inhomogeneous regions. The predominant

source of these inhomogeneities is the existence of the blood

1The preliminary results of our algorithm were presented in [21].

vessels in the retina which absorb light strongly, reducing the

backscattered optical intensity of the underlying retinal tissue.

Third, our method is region-based and performs well on noisy

OCT images. Finally, our algorithm is robust and avoids the

re-initialization problem that is associated with the level set

approach [22].

To achieve the needed accuracy and robustness for our

application, we employ temporally and spatially adaptive

(i.e. contextual) weights that balance the cost terms of our

energy functional. In contrast to earlier methods for spatially

adaptive regularization that rely on reliability and curvature

measures [23]–[25], our proposed adaptive weights not only

control the effect of the shape prior spatially, but also vary

temporally based on a simulated annealing schedule. We

include concentric circles as a shape prior which mimic the

geometrical retinal layer structure, and estimate the shape

parameters using least squares. The methodology of our work

is described in detail in Section II. We apply the algorithm to

80 retinal OCT images acquired for both eyes of seven rats.

The process of data acquisition is briefly discussed in Sec-

tion III. To evaluate the segmentation method, in Section IV,

we compare the automated segmentation with the ground truth

manual segmentation using three different and complementary

error metrics: Dice Similarity Coefficient (DSC), Hausdorff

Distance (HD) and absolute thickness differences. In addition,

we compare the proposed method with two other active

contour approaches. We conclude this paper in Section V with

directions for future work to further improve the accuracy and

robustness of our approach.

II. METHODS

Our objective is to segment a given OCT image, I : Ω −→
R, defined on the image domain, into R disjoint sub-regions,

which accurately label the retinal layers. The decomposition

of the image I will be modeled using the level set framework

as a set of R − 1 Signed Distance Functions (SDFs), φ. The

distance function captures the distance from any point in the

image domain to the object boundary and assigns this distance

to that point’s location. The SDF assigns opposite signs to

the interior versus exterior of the object. Formally, the SDF

is an implicit function with positive values in the interior
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region Ω+, negative values in the exterior region Ω−, and zero

on the boundary ∂Ω with the property that |∇φ| = 1 [26].

Further details of this representation are provided in Section

II-A. To determine a segmentation, we developed a variational

algorithm that minimizes the following energy functional:

E(φ) = λIEI(φ) + λSES(φ) + ER(φ). (1)

Each term of the energy functional captures a separate

aspect of the problem. The first term, EI , incorporates region-

based information derived from the image. ES incorporates the

prior shape knowledge of the anatomy of the retinal layers.

The third term, ER is a regularizing term which keeps region

boundaries smooth and encourages each φ to be a SDF. That

is, ER is defined as a weighted summation of two terms, E′

R

and E′′

R, as follows:

ER = λ′RE
′

R + λ′′RE
′′

R. (2)

Positive valued parameters λI , λS , λ′R and λ′′R weight the

different terms in the energy functional.

A. Region-Based Term

The first term of equation (1) follows the work of Chan and

Vese [20] and encourages each region of the segmentation to

have an approximately constant intensity. The intensity of the

ith sub-region will be approximated by the constant µi, and the

spatial extent will be represented by a characteristic function

χi.

EI =

R
∑

i=1

∫

Ω

(I(x, y) − µi)
2χi(x, y) dxdy. (3)

By definition, each characteristic function takes the value 1
inside the region, and 0 outside. Following the approach of

Mansouri et al. [27], each χi is represented using the level

set method as a function of R − 1 SDFs, φ. Simply, χi is

the region inside the zero contour of the ith SDF, and outside

all previous SDFs zero contours. The final region χR, is the

region outside the zero contours of all SDFs. Fig. 2 shows χi

for a case of six regions of segmentation (five SDFs). Using

this partitioning, we guarantee unambiguous segmentation of

R regions using (R− 1) SDFs. The characteristic function for

the ith region is defined as follows, using the Heaviside step

function, H , and the Dirac delta function, δ [28]:

χi = H(φi)
1−δ(R−i)

[

i−1
∏

k=1

(1 −H(φk))

]

. (4)

B. Shape Prior Term

OCT images may not always be piecewise constant. Inten-

sity inhomogeneity may exist in regions due to the “shadows”

cast by retinal blood vessels which absorb and scatter light

strongly. To compensate for these intensity inhomogeneities,

we incorporated a shape prior term. Based on prior knowledge

of retinal anatomy, a circular shape prior is used to model the

retinal layer boundaries, and assists the algorithm when region-

based information is insufficient to segment a layer accurately.

Fig. 2. Multi-region segmentation representation: The segmentation of the
image domain into multiple regions (χi, i = 1, . . . , 6) is represented by set
operations on regions defined by the zero contours of the signed distance
functions (φi, i = 1, . . . , 5). The first region, χ1, consists of the region
inside of φ1. The final region, χ6, is the region outside of all zero contours.
Intermediate regions, χi, are defined as the regions outside of all φj , j < i,
and inside φi.

In our model, each circular prior will share a common center

point, but has a unique radius. The squared distance from a

point (x, y) to the shape prior constraining the ith boundary,

can be defined as:

Di(x, y) = [(x− cx)2 + (y − cy)2 − r2i ]2, (5)

where (cx, cy) is the common center of the prior terms

encouraging concentric layers, and ri is the radius of the

circular prior of the interface between the ith and the (i+1)th

layer.

For each SDF φi, a shape constraint encourages the region

boundary (the zero level set) to lie on a circle, minimizing

the squared distance of the zero level set to the prior. Conse-

quently, the shape term in the energy functional is:

ES =

R−1
∑

i=1

∫

Ω

Di(x, y)δ(φi(x, y))|∇φi(x, y)| dxdy. (6)

The term δ(φi(x, y))|∇φi(x, y)| selects out the zero level set

of φi using the Dirac delta function δ(·). This causes the shape

term to have a non-zero value only on the region boundaries,

and the term ES is minimized when φi lies exactly on the

circular shape.

Fig. 3(a) shows an example configuration of the shape prior

and the signed distance function, overlaid on a typical OCT

image. The red curves represent the zero level sets of SDFs

φ1 and φ2. The blue arcs indicate two circular shape priors

with center (cx, cy) and radii r1 and r2. Fig. 3(b) shows the

values of D1(x, y), φ1(x, y), and Es(φ1), as we move from P

to Q along the dashed green line profile in Fig. 3(a). The point

labeled α indicates the point along the line profile which is

on the edge of the shape prior, corresponding to a distance of

r1 from (cx, cy). As we move from P to Q, the value of D1

decreases as we approach the boundary (at distance r1) and

then increases again as we move away. For φ1, its value is

positive as it approaches the zero level set and then becomes

negative as we cross the boundary. This information can be

combined to calculate the ES term of the energy, i.e. when φ1

is zero (the zero level set), the Dirac delta is 1, and the D1

term contributes to ES to give a value.

The shape parameters cx, cy, and ri for ES are defined

using a least square fit, with φi and µi held fixed. For this
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Fig. 3. Shape prior energy functional. (a) A typical scheme of the shape prior and the signed distance function. (b) The values of D1(x, y), φ1(x, y), and
Es(φ1) from P to Q along the line profile. The distance between φ1 = 0 and α in (b) is exaggerated for illustration.

purpose, the parameter vector θ = [cx cy τ1 τ2 · · · τR−1]
T

(where τi = r2i − c2x − c2y) is estimated such that the error ǫ in

b = Ψθ + ǫ is minimized, where Ψ and b are determined by

points (x, y) lying on R− 1 boundaries as follows:

Ψ = [ψ1, ψ2, · · · , ψR−1]
T , b = [b1, b2, · · · , bR−1]

T . (7)

Defining the pixels on the ith circle by (xik, yik) (1 ≤ k ≤
Mi), bi and ψi are

bi =















x2
i1 + y2

i1

x2
i2 + y2

i2

...

x2
iMi

+ y2
iMi















, ψi =
[

Vi Wi

]

, (8)

where Vi is defined as

Vi =















2xi1 2yi1

2xi2 2yi2

...
...

2x
iMi

2y
iMi















. (9)

Matrix Wi is determined by shifting the columns of the

following matrix i− 1 times to the right.

W0 =















1 0 0 · · · 0

1 0 0 · · · 0

...
...

... · · ·
...

1 0 0 · · · 0















Mi×R−1

(10)

Finally, the shape parameters are estimated using least squares:

θ̂ = (ΨT Ψ)−1ΨT b. (11)

C. Regularization Term

Regularization terms are added to keep the boundaries of

the segmented layers smooth [20], and φi as a valid SDF.

Smooth boundaries are encouraged by adding a contour length

term (E′

R), and φi can be kept close to a SDF by adding the

penalty term of Chunming et al. (E′′

R) [22]:

E′

R =

R−1
∑

i=1

∫

Ω

δ(φi(x, y))|∇φi(x, y)| dxdy, (12)

E′′

R =

R−1
∑

i=1

∫

Ω

1

2
(|∇φi(x, y)| − 1)2 dxdy.

Recalling from (2), ER is the weighted summation of E′

R and

E′′

R. Therefore, we have:

ER =

R−1
∑

i=1

∫

Ω

λ′R (δ(φi(x, y))|∇φi(x, y)|) (13)

+
λ′′R
2

(|∇φi(x, y)| − 1)2 dxdy.

D. Minimization of the Energy Functional

By substituting the energy terms defined by (3), (6), and (13)

into (1), and re-arranging slightly, the minimization problem

associated with our model is defined as:

inf
µi,φi

E =

∫

Ω

λI

R
∑

i=1

[

(I − µi)
2χi

]

(14)

+

R−1
∑

i=1

[

Ai(x, y)δ(φi)|∇φi| +
λ′′R
2

(|∇φi| − 1)2
]

dxdy,

where Ai(x, y) = λ′R + λSDi(x, y).
To minimize this functional, we followed the approach of

Chan and Vese [20] and performed an alternating minimiza-

tion. First, we hold the SDFs fixed, and solve for the unknown

intensities µi:

µi =

∫

Ω

I(x, y)χi dxdy
∫

Ω

χi dxdy
. (15)

Next, holding the intensities fixed, we use the Euler–Lagrange

equation with respect to φi and parameterize the descent

direction using an artificial time t. The derivation of the



5

Euler–Lagrange equation corresponding to (14) is presented in

Appendix A, which results in the following update equation.

∂φj

∂t
= −λI

R
∑

i=1

(I − µi)
2 ∂χi

∂φj

+

[

∇Aj ·
∇φj

|∇φj |
+Aj div(

∇φj

|∇φj |
)

]

δ(φj)

+ λ′′R

[

△φj − div

(

∇φj

|∇φj |

)]

, (16)

where

∂χi

∂φj

=











































(−H(φi))
1−δ(i−j)δ(φj)×

∏i−1
k=1(1 −H(φk))1−δ(k−j) i 6= R, j ≤ i

−δ(φj)
∏i−1

k=1(1 −H(φk))1−δ(k−j) i = R, j < i

0 i 6= R, j > i

(17)

Note that, in practice, we use regularized versions of H and δ
to obtain a well–defined descent direction. The regularization

of Chan and Vese [20] was used:

Hǫ(z) =
1

2

(

1 +
2

π
arctan

(z

ǫ

)

)

,

δǫ(z) =
1

π

ǫ

ǫ2 + z2
. (18)

E. Numerical Implementation

In this Section, we present the numerical approximation of

the method by using a finite differences scheme. Let h be the

spacing step, xl = lh and ym = mh denote the grid points

(l and m are nonnegative integers and h > 0), and ∆t be the

time step for each iteration. Let φn
<l,m> = φn(n∆t, xl, ym)

be an approximation of φ(t, x, y), with n ≥ 0, φ0 = φ0, where

φ0 is the initial set of signed distance functions. The required

finite differences can be approximated as:

∆x
+φ<l,m> = φ<l+1,m> − φ<l,m>,

∆y
+φ<l,m> = φ<l,m+1> − φ<l,m>,

∆x
−
φ<l,m> = φ<l,m> − φ<l−1,m>,

∆y
−
φ<l,m> = φ<l,m> − φ<l,m−1>, (19)

The numerical approximation to (16) is as follows:

φn+1
j<l,m> − φn

j<l,m>

∆t
= −λI

R
∑

i=1

(I<l,m> − µi)
2
δχn

i<l,m>

δφn
j<l,m>

+

[

∇Aj<l,m> ·
∇φn

j<l,m>

|∇φn
j<l,m>|

+Aj<l,m> div

(

∇φn
j<l,m>

|∇φn
j<l,m>|

)]

× δ(φn
j<l,m>) + λ′′R

[

△φn
j<l,m> − div

(

∇φn
j<l,m>

|∇φn
j<l,m>|

)]

,

(20)

where

δχn
i<l,m>

δφn
j<l,m>

=



















































(−H(φn
i<l,m>))1−δ(i−j)δ(φn

j<l,m>)×
∏i−1

k=1(1 −H(φn
k<l,m>))1−δ(k−j)

i 6= R, j ≤ i

−δ(φn
j<l,m>)

∏i−1
k=1(1 −H(φn

k<l,m>))1−δ(k−j)

i = R, j < i

0

i 6= R, j > i

(21)

div

(

∇φn
j<l,m>

|∇φn
j<l,m>|

)

=
1

h2
∆x

−

·





∆x
+φ

n+1
j<l,m>

√

(∆x
+φ

n
j<l,m>)2/h2 + (φn

j<l,m+1> − φn
j<l,m−1>)2/4h2





+
1

h2
∆y

−

·





∆y
+φ

n+1
j<l,m>

√

(∆y
+φ

n
j<l,m>)2/h2 + (φn

j<l+1,m> − φn
j<l−1,m>)2/4h2





(22)

△φn
j<l,m> =

1

h2
∆x

−
(∆x

+φ
n
j<l,m>) +

1

h2
∆y

−
(∆y

+φ
n
j<l,m>)

(23)

Aj<l,m> = λ′R + λSDj<l,m>

∇Aj<l,m> = λS∇Dj<l,m>

= λS

(

1

h2
∆x

+Dj<l,m>,
1

h2
∆y

+Dj<l,m>

)

. (24)

Given sufficiently small time steps, subject to the Courant–

Friedrichs–Lewy (CFL) condition, convergence of the above

iterative process is guaranteed based on a standard result in

the theory of numerical methods [29], [30]. Note that we use

the method from [31] for the discretization of the divergence

operator.

We optimize the segmentation model using an alternating,

iterative, minimization over the SDFs, unknown intensities µi,

and parameter θ of the shape prior in (6). During each iteration,

each parameter is updated using (16), (15) and (11) while

holding the other two parameters fixed. The algorithm steps are

repeated until the maximum number of iterations N is reached.

Another possible stopping criterion is checking whether the

solution is stationary or not. We choose a large number of

iterations such that the stability of the contour is guaranteed

as confirmed by the experimental results in Section IV.

F. Adaptive Weighting of the Energy Terms

Choosing “good” weights for energy terms in segmentation

is an open problem, and finding the correct tradeoff that results

in a desirable segmentation is usually treated empirically. In

this work, we automatically adapt the weights both temporally

and spatially, i.e. the weights change with iteration number and
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along the spatial dimensions. Intuitively, in early iterations,

the region-based term should be more dominant, allowing the

curve freedom to evolve toward the boundary of each layer.

As the algorithm progresses, the shape term becomes more

important to assist the algorithm when image information is

insufficient to segment the image. Given that our approach is

based on Chan–Vese active contours without edges, reversing

this procedure (i.e. fitting the model according to shape

prior first, then intensity) would bring about an inaccurate

segmentation. It is necessary to focus on detecting regions

of homogeneous intensity to reach the vicinity of the correct

solution. Only then will the shape prior be useful. Therefore,

we define λI and λS in terms of the nth iteration as mentioned

in [32]:

λI(n) = λI(1) +
n(λI(N) − λI(1))

N
,

λS(n) = λS(1) +
λS(N) − λS(1)

cosh[8( n
N

− 1)]
. (25)

where N is the total number of iterations. Fig. 4 shows the

plots of λ as a function of iteration.

Fig. 4. Adapting the parameters λI and λS as a function of iteration. The
initial and final values for λI and λS are set as λI(1) = 1, λI (N) = 0.5,
λS(1) = 0, and λS(N) = 1.

We also want the shape term to have a greater effect where

image intensity information is missing, as in the inhomo-

geneous regions. Therefore, contextual information must be

utilized. By choosing the weight of the shape term proportional

to the inverse of the image gradient magnitude, we employ

a spatially adaptive λS in each iteration. As a result, for

pixels on weak edges, the shape term has a higher weight

than the region-based term. This also has the beneficial effect

that image pixels with higher gradient (strong edges) have a

stronger influence when solving for shape prior parameters.

More plainly, the least squares fitting of the shape prior

parameters is weighted by image gradient.

III. DATA ACQUISITION

Images used in this study were acquired using a custom

spectrometer based Fourier domain (FD)OCT system which

has been previously described in detail [9]. The (FD)OCT

system used a Superluminescent Light Emitting Diode (SLED)

source operating at a central wavelength of 826 nm with

a spectral full width half maximum of 72 nm. The axial

resolution was nominally ∼4 µm (in air). The interferometer

was constructed using a 70/30 fiber coupler, with 750 µW

of optical power directed to sample. Data acquisition was

performed at a line rate of 20 kHz.

Non-invasive OCT imaging was performed on seven Wistar

strain albino rats. The dimension of each OCT scan was 1024

× 512 × 400 voxels covering 1.7 × 4.0 × 4.0 mm3 and

the voxel size was 1.67 × 7.80 × 10.00 µm3. One eye on

each rat underwent an axotomy procedure (severing the optic

nerve); the other eye was maintained as a control in order

to monitor retinal degeneration. The axotomy procedure is an

accelerated model of glaucoma and causes the retinal nerve

fiber layer to thin as the ganglion cells die. Each rat was

imaged four times over a period of two weeks using OCT.

All animal imaging procedures were compliant with animal

care protocols and were performed with approval from the

animal care committee. To evaluate the proposed algorithm, 80

OCT images were chosen randomly from this data set. This

random image selection was restricted to the central slices

of the volumes where the retinal layers were visible. OCT

images from the periphery of the retinal volumes suffered de-

focus due to the crystalline lens, as also reported in other OCT

studies [33], and were unusable for our experiments because

the retinal layers were not clearly discernable.

IV. RESULTS

We applied our approach to OCT images acquired as

described in Section III and for which manual segmentation

was provided. We compared our segmentation approach with

two other active contour approaches. We refer to our method

as the Active Contours without Edge with Shape constraint and

contextual Weights (ACWOE–SW). The two other approaches

are the classical Chan–Vese’s active contours (ACWOE) and

the ACWOE with Shape constraint only (ACWOE–S). We

assessed ACWOE–SW using three different and complemen-

tary error metrics: Dice similarity coefficient (DSC), Hausdorff

Distance (HD), and absolute thickness differences. The quan-

titative assessment of ACWOE–SW with respect to the noise,

algorithm parameters, and the initial curve was carried out in

order to demonstrate the robustness of ACWOE–SW.

A. Assessment of the Segmentation Algorithm

To qualitatively evaluate the performance of our approach,

we compared the segmentation resulting from our method

(ACWOE–SW) and from two other approaches (ACWOE and

ACWOE–S), using the ground truth manual expert delin-

eations on 80 OCT images.

For each method, the parameters were chosen to give the

best results. Based on our experience, the parameters were set

as follows: the initial and final values for λI were λI(1) = 1
and λI(N) = 0.5 respectively. The initial and final values for

λS were 0 and 1 respectively. λ′R was set to 0.1 × 2552 to

scale the regularization term into the range of the other terms

and λ′′R was set to 0.2/∆t [22]; ∆t is the time step. The

Chan and Vese regularization of H and δ (ǫ = 1) was used

to obtain a well–defined descent direction. A maximum of

100 iterations (N ) were used, which guaranteed convergence

in all our experiments. For all layers, the initial curve was

estimated based on three points selected close to the interface
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Fig. 5. Automated segmentation results shown on three different cases of the OCT retinal images using different algorithms. The corresponding interfaces of
retinal layers are color coded as follows: the vitreo–retinal (red), (NFL+GCL+IPL)-INL (green), INL-OPL (yellow), OPL-ONL (pink), ONL-(IS+OS) (cyan),
and (IS+OS)-Retinal Pigment Epithelium (RPE) (purple).

of each layer. The same initialization was used for the three

methods in all our experiments. Fig. 5 shows three examples of

the segmented results (with color coding) by each method for

typical OCT retinal images along with the original images. The

segmentation results for Case 3 (in Fig. 5) are superimposed

in Fig. 6 to appreciate the differences in segmentation quality

between the different algorithms. As shown, ACWOE–SW

detects the six interfaces of the five retinal layers properly,

highlighting the performance of this method on the images

with intensity inhomogeneity. Even very thin layers such as

INL and OPL, which are difficult to distinguish visually, are

segmented by the algorithm. In contrast, ACWOE failed to

segment the IPL, INL, and IS+OS layers due to the intensity

inhomogeneity and low contrast of the images. ACWOE–S

shows better segmentation than ACWOE, but it still has poor

performance in inhomogeneous regions.

To provide a quantitative evaluation of our approach, we

measured the area similarity between the manual (X) and

automated (Y) segmentation using DSC ∈ [0, 1] which is

defined as the ratio of twice their common area to the sum

of the individual areas:

DSC =
2|X

⋂

Y |

|X | + |Y |
. (26)

More accurate segmentations correspond to higher DSC

values. The DSC for the different retinal layers for the 80 OCT

images is summarized in Fig. 7(a), providing a quantitative

comparison of the DSC of ACWOE–SW versus ACWOE–S,

and ACWOE. Our method is superior to the other approaches

for all the examined layers. Specifically for NFL+GCL+IPL,

the DSC of our algorithm is 0.94 resulting in ∼ 0.06% error (a

tolerable error for monitoring degeneration of retinal layers).

In addition, the mean Hausdorff distance defined in (27) was

computed for the segmented and ground–truth boundaries of

each retinal layer over 80 OCT images. Fig. 7(b) summarizes

the computed maximal boundary mismatch (HD) for our

method, ACWOE–SW, versus two other methods, ACWOE–S

and ACWOE.

HD(A,B) = max(max
a∈A

{min
b∈B

{||a−b||}},max
b∈B

{min
a∈A

{||a−b||}}),

(27)

where A and B are sets of points extracted form the seg-

mented and ground truth boundaries respectively. According

to Fig. 7(b), ACWOE–SW results in the smallest average

Hausdorf distance for all layers. The average HD achieved

is 9.77 µm. Considering the typical total retinal thickness of

190 µm [6], the error of our algorithm is 5.1% in total.

(a) (b)

Fig. 6. The results of the different algorithms are superimposed for Case
3 in Fig. 5: (a) ACWOE-SW (red) vs. ACWOE-S (green), (b) ACWOE-SW
(red) vs. ACWOE (yellow).
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(a) (b)

Fig. 7. Quantitative evaluation of ACWOE–SW: (a) DSC mean and standard deviation over 80 OCT images for different retinal layers. (b) Hausdorff distance
mean and standard deviation (µm) over 80 OCT images for different retinal layers.

Finally, the mean thickness of retinal layers was computed

for all images using three algorithms, ACWOE–SW, ACWOE–

S, and ACWOE. The layer thicknesses from the manual

segmentation was used as a gold standard. Table I shows

the absolute and relative thickness differences. As shown, the

smallest thickness difference for our method, ACWOE–S, and

ACWOE were achieved for ONL layer (2.54 ± 1.16 µm for

our approach, 2.84 ± 1.23 µm for ACWOE–S and 3.49 ±
1.19 µm for ACWOE). In contrast, the maximum thickness

difference for our approach occurred in NFL+GCL+IPL layer

(3.76 ± 1.47 µm) which is acceptable considering the total

thickness of 61.76 µm for this layer. Note that the thickness

difference averaged over all the layers for our method (3.15

± 1.37 µm) is less than the two other methods.

B. Noise Tolerance

In order to evaluate the robustness of our algorithm to noise,

controlled synthetic retinal OCT-like images were created with

a known ground truth segmentation but corrupted with varying

degrees of noise. OCT images are contaminated with speckle

noise which results from constructive and destructive interfer-

ences of backscattered waves and appears as a random granular

pattern [1], [34]–[36]. Applying a logarithmic transform to the

image converts the multiplicative speckle noise into additive

white Gaussian noise [37]–[41]. To create the synthetic OCT-

like images, after applying a logarithmic transform, the ground

truth segmentation was corrupted by additive white Gaussian

noise with probability density function N(0, σ2), where the

noise variance, σ2, was changed in the range of [0, 0.8]×2552.

Synthetic images were constructed with and without artifacts

to simulate typical features of OCT images. Examples of these

synthetic images are presented in Fig. 8. The dark blood vessel

attenuation (intensity inhomogeneity) and bright saturation

artifact were considered as predominant sources of artifacts

affecting the OCT images. The latter is due to high back

scattering intensity from the vitreo-retinal interface, while the

intensity inhomogeneity, as a general artifact in OCT retina

images [42]–[44], results from the absorption of light by the

blood vessels in the retina. As shown in Fig. 9, the DSC

performance results reveal that adding a shape constraint to

the energy functional makes the algorithm more accurate than

standard ACWOE, while remaining robust in the presence of

noise. Adding artifacts to the synthetic images decreases the

DSC for all three methods while ACWOE–SW still exhibits

the highest accuracy.

(a) (b)

Fig. 8. Synthetic retinal OCT-like images: (a) without artifact, (b) with
intensity inhomogeneity (red arrows) and bright saturation (yellow arrow)
artifacts. The result are shown for σ2 = 0.05 × 2552

C. Parameters and Initialization Perturbations

The objective of this section is to investigate the sensitivity

of the algorithm with respect to the parameters λI , λS , and

TABLE I
MEAN AND STANDARD DEVIATION OF THICKNESS DIFFERENCES CALCULATED USING THE RESULTS OF DIFFERENT METHODS (ACWOE–SW,

ACWOE–S, AND ACWOE) AND THE GROUND TRUTH MANUAL SEGMENTATION, OVER 80 OCT IMAGES FOR RETINAL LAYERS. ABSOLUTE (µm) AND

RELATIVE THICKNESS DIFFERENCES ALONG WITH THE AVERAGE THICKNESS (µm) OF EACH LAYER ARE REPORTED.

Layers Average Absolute thickness differences (µm) Relative thickness differences
thickness (µm) (Mean ± SD) (Mean ± SD)

ACWOE-SW ACWOE-S ACWOE ACWOE-SW ACWOE-S ACWOE
NFL+GCL+IPL 61.76 3.76 ± 1.47 4.12 ± 1.70 5.90 ± 2.37 0.06 ± 0.02 0.07 ± 0.03 0.10 ± 0.04

INL 17.74 2.94 ± 1.11 3.30 ± 1.09 4.18 ± 1.77 0.16 ± 0.06 0.18 ± 0.06 0.23 ± 0.10
OPL 21.46 3.06 ± 1.38 3.33 ± 1.77 3.84 ± 1.36 0.14 ± 0.06 0.16 ± 0.08 0.18 ± 0.06
ONL 52.05 2.54 ± 1.16 2.84 ± 1.23 3.49 ± 1.19 0.04 ± 0.02 0.05 ± 0.02 0.07 ± 0.02

IS+OS 35.76 3.43 ± 1.77 4.52 ± 2.72 5.06 ± 2.66 0.09 ± 0.05 0.13 ± 0.08 0.14 ± 0.07

Overall 188.77 3.15 ± 1.37 3.62 ± 1.70 4.49 ± 1.87 0.10 ± 0.04 0.12 ± 0.06 0.14 ± 0.06
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(a) (b)

Fig. 9. Dice similarity coefficient for different noise levels in the synthetic data, (a) without artifacts, (b) with artifacts.

λ′R as well as the initial curve. Recalling from Section II, the

energy functional is a weighted summation of three energy

terms with different weights. Also, a contextual scheme was

used to balance the weight of different terms. The parameters

λI , λS , and λ′R were selected empirically (λ′′R was set to

0.2/∆t, where ∆t is the time step).

As λI and λS are two different functions of iteration

number n, we related λI to λS using their initial values by

λS(1) = max(0, 1 − λI(1)). Then, we varied the value of

the λI(1) from 0.8 to 1.2 (i.e. λI(1) ± 20%) and applied

the algorithm on the same data set of 80 OCT images. To

assess the sensitivity of the algorithm with respect to change

in parameters, we compared our method’s segmentation results

with the corresponding ground truth manual segmentation

using DSC and HD. As we can see in Fig.10(a), changing

λI(1) by ±20% resulted in an average change of ±0.55% in

DSC, specifically ±0.41% for the NFL+GCL+IPL layer. In

addition, the same change in λI(1) brought about a change of

±1.7% for HD averaged over all the layers and ±1.30% for the

NFL+GCL+IPL as illustrated in Fig.10(b). The results reveal

the robustness of our approach with respect to the change in

these parameters.

To investigate the effect of changes in parameter λ′R on

the algorithm performance, we applied the algorithm on the

data set of 80 images with different values of this parameter,

while holding the other parameters fixed. The values selected

for λ′R were [0, 0.01, 0.05, 0.1, 0.2, 0.5, 1, 2]× 2552. In each

case, the algorithm segmentation results were compared with

the corresponding ground truth manual segmentation using

DSC and HD. The results of this assessment are shown in

Fig. 11, suggesting that with the goal of achieving a correct

segmentation of retinal layers, the value selected for parameter

λ′R in this work is appropriate.

We performed a similar experiment for assessing the algo-

rithm sensitivity to the initialization using 80 OCT images.

Retinal layers have different thicknesses; therefore, the initial

curve radius was changed according to the related retinal layer

thickness. In particular, the radius was varied by up to 30% of

the corresponding layer thickness. Considering the structure

of the retinal layers and the average thickness reported in

Table I, varying the initial contour by more than ∼ 30% of the

corresponding layer thickness is not feasible because doing so

would potentially result in the initial contour for a layer falling

between the boundaries of the adjacent layers, resulting in

segmenting the wrong interfaces.

The results of the algorithm sensitivity to the user initializa-

tion are presented in Fig.12 for DSC and HD metrics. Overall,

the algorithm segments the retinal layers with an average

(a) (b)

Fig. 10. Sensitivity of the algorithm to the contextual parameters defined in 25. (a) DSC mean and standard deviation over 80 OCT images for different
λI(1). (b) Hausdorff distance mean and standard deviation over 80 OCT images for different λI(1).
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(a) (b)

Fig. 11. Sensitivity of the algorithm to the regularization parameter λ′

R
. (a) DSC mean and standard deviation over 80 OCT images for different values of

λ′

R
. (b) Hausdorff distance mean and standard deviation over 80 OCT images for different values of λ′

R
.

(a) (b)

Fig. 12. Change in DSC and HD as the initial contour is perturbed. (a) DSC mean and standard deviation over 80 OCT images for different initial curves.
(b) Hausdorff distance mean and standard deviation over 80 OCT images for different initial curves. ∆R is the change in the radius of the initial contour in
pixels.

change of 10.54% and 2.92% for DSC and HD, respectively.

The sensitivity to the initialization for the other two methods

was similarly assessed, resulting in an average DSC of 12.94%
and 17.10% and an average HD of 3.78% and 4.03% for

ACWOE–SW and ACWOE, respectively.

D. Computation Time

The processing time for the different methods was also

assessed in this study. Table II reports the average computation

time and standard deviation of different methods applied to the

set of 80 OCT images using a personal computer (Microsoft

Windows 7 Professional 64-bit edition, Intel Core i7, CPU

2.67 GHz, 6.00 GB of RAM). The OCT image size was 1024

pixels axially and 512 pixels laterally. As a pre-processing

step, each image was cropped axially to the region of interest

(600 × 512 pixels) that included the retina.

TABLE II
THE AVERAGE (± STANDARD DEVIATION) PROCESSING TIME OF

DIFFERENT METHODS OVER 80 OCT IMAGES.

Methods Average Time ± SD (s)

ACWOE-SW 95 ± 0.28
ACWOE-S 94 ± 0.16
ACWOE 58 ± 0.15

The average (± standard deviation) of the mean compu-

tation time per iteration for ACWOE–SW, ACWOE–S, and

ACWOE is 0.95±0.03s, 0.94±0.03s, and 0.58±0.02s, respec-

tively,calculated over the set of 80 images. For each method,

the DSC was calculated at each iteration. Fig. 13 illustrates

the average DSC over 80 images as a function of iteration. A

maximum of 100 iterations is sufficient for convergence of the
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Fig. 13. The average DSC calculated over 80 OCT images for each iteration.
Since the standard deviation of DSC is very small (less than 0.005) in
comparison to the mean value, it is not shown in the plot.

algorithms; additional iterations do not change the calculated

segmentation accuracy given by DSC. According to the results,

ACWOE–SW is fast enough for our practical purposes and

provides more accurate segmentation. In addition, our method

can be optimized to run faster using algorithm optimization

approaches such as the multi-grid methods.

V. DISCUSSION AND CONCLUSION

We developed an iterative algorithm to segment OCT im-

ages of rodent retinal layers using a multi-phase framework

with a circular shape prior. We have demonstrated that our

approach is able to accurately segment all of the intra-retinal

layers, even when the small size and similar texture make them

difficult to distinguish visually. Our approach also shows that

the inclusion of a shape prior constraint improves performance

on regions with intensity inhomogeneity. We also introduced

a contextual scheme to balance the weight of different terms

in the energy functional, which makes the algorithm more

robust when the image information is not sufficient to accu-

rately detect the layers. The spatially and temporally varying

parameters have been advantageous. The contextual scheme

provides an intricate balance between image and prior; the

proposed shape prior is a soft constraint rather than a hard one

and does not hurt the segmentation results when the layers are

less likely to resemble the assumed shape prior.

Our method is a region-based segmentation approach com-

bining the intensity information and the implicit use of edge

information, through the shape term, to improve the final

segmentation accuracy. Our preliminary comparison to active

contour segmentation approaches, which rely solely on image

intensity [20] or edge information [45], revealed that these

methods fail to properly segment the retinal layers especially

INL, OPL, and IS+OS. We also found that edge-based ac-

tive contours were much more sensitive to initialization and

noise than the region-based approaches. The proposed method,

ACWOE–SW, was shown to be more accurate in the presence

of noise than the other region-based active contours methods.

The sensitivity of the proposed algorithm with respect to

changes in parameters and the initial curve was also inves-

tigated, revealing the robustness of the ACWOE–SW with

respect to these changes. The robustness and accuracy of the

algorithm was also demonstrated through application to both

synthetic data and retinal images from rats. The experimental

results showed that the algorithm detects the desired retinal

layers, and achieves an acceptable level of accuracy. Although

our proposed method requires user initializations, a typical

characteristic of energy minimizing active contour methods,

it does not require user input beyond those initializations.

However, due to the various applications of OCT in diagnosis

of retina diseases, a fully automatic segmentation algorithm is

still desirable. Future improvements to our algorithm include

making it more independent of the user by automating the

setting of the parameters based on machine learning meth-

ods [46]–[52] or image cues [23], [24], and by eliminating

the dependency on the position of the initial curve based

on investigating convex formulations with globally optimal

solutions [53]–[56].

Extending the current method to 3-D is currently under

exploration. We foresee a relatively straightforward extension

of the ACWOE–SW to 3-D, as the implicit implementation

of the active contour, based on the level set framework,

naturally handles topological changes and extends easily to

higher dimensions. Furthermore, the circular shape prior can

be extended to a spherical or a more general shape, such as an

ellipsoid, by incorporating the third dimension in the relevant

equations. The major issue anticipated in the extension of

the algorithm to 3-D would be the high computational cost,

which can be tackled by incorporating accelerating methods,

such as the fast marching methods [57]–[59] or narrow band

techniques [60], [61].

The ACWOE–SW can be also extended to human OCT

images. Because the human eye is a significantly better optical

system than that of rodents, human retinal OCT images are of

higher quality than the rodent retinal images presented here.

Migrating our ACWOE–SW method to segment human retinal

images will require changing the shape prior to incorporate

the foveal pit, but otherwise is anticipated to provide similar

segmentation results. Application of the algorithm on a larger

database of rats suffering from a variety of retinal diseases is

also of interest and is left for future work.

While the focus of this work was on the segmentation

of the retinal layers in OCT images, the contributions of

spatially and temporally adaptive parameters discussed in this

paper are not restricted to rat OCT applications specifically,

or even OCT in general. These contributions can benefit

other applications and assist in improving the accuracy and

convergence of other methods as well. Further, we believe

the simultaneous segmentation of multiple layers may be

generalized to address segmentation of multiple objects where

there are more elaborate spatial relationships between objects,

e.g. one is a subset of or is adjacent to the other.

APPENDIX A

EULER LAGRANGE BASED EVOLUTION EQUATIONS OF THE

ENERGY FUNCTIONAL E

In this work, the energy functional defined by (14) is min-

imized using the calculus of variations, which states that the

Euler-Lagrange equation (28) provides a sufficient condition

for a stationary point of the functional. Applying the Euler-



12

Lagrange equation to our energy functional (14) yields:

∂F

∂φj

−
d

dx

(

∂F

∂φjx

)

−
d

dy

(

∂F

∂φjy

)

= 0, (28)

where:

F = λI

R
∑

i=1

[

(I − µi)
2χi

]

+

R−1
∑

i=1

[

Aiδ(φi)|∇φi| +
λ′′R
2

(|∇φi| − 1)2
]

. (29)

Note that the Euler-Lagrange equation can be treated indepen-

dently for each φj . The partial derivative of F in (29) with

respect to the φj , φjx, and φjy respectively are:

∂F

∂φj

= λI

R
∑

i=1

[

(I − µi)
2 ∂χi

∂φj

]

+Ajδ
′(φj)|∇φj |,(30)

∂F

∂φjx

= Ajδ(φj)
φjx

|∇φj |
+ λ′′R(|∇φj | − 1)

φjx

|∇φj |
, (31)

∂F

∂φjy

= Ajδ(φj)
φjy

|∇φj |
+ λ′′R(|∇φj | − 1)

φjy

|∇φj |
, (32)

where δ′ = ∂δ
∂φj

.

Taking the derivative of (31) with respect to x, we have:

d

dx
(
∂F

∂φjx

) = Ajxδ(φj)
φjx

|∇φj |
+Ajδ

′(φj)
φ2

jx

|∇φj |

+Ajδ(φj)
d

dx

(

φjx

|∇φj |

)

+ λ′′R

[

d

dx
φjx −

d

dx

(

φjx

|∇φj |

)]

. (33)

Similarly, the derivative of (32) with respect to y is:

d

dy
(
∂F

∂φjy

) = Ajyδ(φj)
φjy

|∇φj |
+Ajδ

′(φj)
φ2

jy

|∇φj |

+Ajδ(φj)
d

dy

(

φjy

|∇φj |

)

+ λ′′R

[

d

dy
φjy −

d

dy

(

φjy

|∇φj |

)]

. (34)

By substituting the terms (30), (33), and (34) in (28), and

re-arranging slightly, the Euler-Lagrange corresponding to the

functional (29) is defined as:

λI

R
∑

i=1

[

(I − µi)
2 ∂χi

∂φj

]

−

[

∇Aj ·
∇φj

|∇φj |
+Ajdiv

(

∇φj

|∇φj |

)]

δ(φj)

−λ′′R

[

△φj − div

(

∇φj

|∇φj |

)]

= 0. (35)

In the equation above we made use of the fact that:

|∇φj(x, y)| =
√

φ2
jx + φ2

jy ,

d

dx

(

φjx

|∇φj |

)

+
d

dy

(

φjy

|∇φj |

)

= div

(

∇φj

|∇φj |

)

,

Ajx

φjx

|∇φj |
+ Ajy

φjy

|∇φj |
= ∇Aj ·

∇φj

|∇φj |
, (36)

where ‘·’ is a vector dot product.
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