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Abstract 

 

2D and 3D multiphase active contours without edges based algorithms 

for simultaneous segmentation of retinal layers from OCT images 

 

Andrew Criston Klotz, M.S.E 

The University of Texas at Austin, 2013 

 

Supervisor:  H. Grady Rylander, III 

 

Glaucoma is a common disease that is difficult to diagnosis early using only 

visual field tests.  Current research indicates that determination of retinal nerve fiber layer 

thickness (RNFLT) can serve as an early indicator of glaucoma [1].  RNFLT is measured 

by segmenting non-invasive optical coherence tomography images.  However, high 

speckle noise and presence of artifacts in the images cause traditional layer detection and 

segmentation methods to fail.  Multiphase active contours segmentation methods utilize 

region intensity and shape terms to produce multiple continuous boundaries 

simultaneously in noisy environments.   

 

A 2D and 3D multiphase active contours based algorithm was created to segment 

synthetic and real human retina OCT images.  The 2D multiphase algorithm segmented 

eight simultaneous layers with a 3.14% mean A-scan error rate per layer.  The 3D 

approach performed qualitatively accurate segmentation of a 20 image stack 
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simultaneously.  In an artificial, high-noise image stack the incorporation of more pixels 

per layer allowed improved segmentation using the 3D algorithm over the 2D.  These 

results indicate that 2D and 3D multiphase active contours algorithms can be used to 

accurately segment retina layers.  With further development to reduce computation time 

and automate initialization, these algorithms could be used to provide close to real-time 

clinical retinal image segmentation.   
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INTRODUCTION 

Glaucoma is the second leading cause of blindness in elderly Americans, trailing 

only macular degeneration [2].  This disease is expected to increase in prevalence 

worldwide over the next ten years [3].  Glaucoma is characterized by the loss of retinal 

ganglion cells in the retinal nerve fiber layer which are responsible for transmitting 

information from photoreceptor cells to the optic nerve.  The pathological hallmark is 

selective retinal ganglion cell death. The loss of these important signal transmitters 

causes progressive loss of the visual field and eventually full blindness [4].     

The human retina consists of nine significant vertically stacked layers of cells and 

is typically no more than 0.5mm thick.  The layers from closest to the front of the eye to 

the furthest are the Nerve fiber layer (NFL), Ganglion cell layer (GCL), Inner plexiform 

layer (IPL), Inner nuclear layer (INL), Outer plexiform layer (OPL), Outer nuclear layer 

(ONL), Inner segment photoreceptor layer (IS), Outer segment photoreceptor layer (OS) 

and the Retinal pigment epithelium (RPE) [5].  The IPL was not a segmentation target 

due to its low contrast and lack of significance for glaucoma detection leaving eight 

segmentation layers.  A histogram sketch of these layers can be seen in figure 1.   Each of 

the nine layers is distinctly separated by continuous boundaries.   
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Figure 1: Human Eye. Cross-sectional view of human eye (left) and histogram sketch of 

retinal layers (right) [6]. 

  Treatments for glaucoma are only effective at preventing additional loss of retinal 

ganglion cells and cannot reverse visual field loss.  Hence, early detection is vital to 

preserve patient vision.  The current diagnostic method for glaucoma consists of a visual 

field test given by the doctor to the patient.  Research indicates that this test may not 

show warning signs of glaucoma until 40% of the retinal nerve fiber layer thickness 

(RNFLT) has disappeared [7].  Additionally, the visual field test relies on subjective 

answers by patients and the subjective interpretation of these answers by the 

administrator of the test.  The subjective nature of the exam complicates the diagnostic 

process and can produce erroneous results.  Due to these current diagnostic shortcomings, 

an early test that can objectively diagnose glaucoma is desired. 

Optical Coherence Tomography (OCT) is a non-invasive, real-time imaging 

technique that can be used to provide cross-sectional views of the human retina and the 

nerve fiber layer stack  [8, 9]. Resolution of an OCT imaging system for the retina can be 
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better than 3µm which is superior to other imaging modalities such as ultrasound and 

magnetic resonance imaging.  Because human tissue is an optically scattering medium, 

light penetrating through the eye will scatter based on tissue composition.  Rejection of 

wide-angle scattered light reduces noise from light that has undergone multiple scattering 

events [10]. However, because OCT relies on interference patterns to produce images 

there is a large amount of speckle noise present [11]. OCT has been successfully used to 

measure changes in RNFLT [12]. A typical OCT retinal image is shown in figure 2.   

 

 

Figure 2. Optical Coherence Tomography image of human retina showing retinal 

boundary layers [13].   

Note that in addition to the significant speckle noise there are also intensity 

inhomogeneities arising from the presence of blood vessels in the retina [14].  These 

blood vessels absorb light from the OCT system more than surrounding tissue causing 

dark patches to appear in the OCT retina images.  In addition, speckle size can be large 

compared to some of the thinner layers such as the INL and IS, resulting in significant 

boundary blurring.   
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OCT images like the one displayed above in figure 2 are acquired using a 

continuous raster scan pattern.  The image is built from single pixel wide depth scans 

along the target line.  These individual depth images are referred to as A-scans.  The full 

set of A-scans covering the desired width of the retina makes one B-scan [15].  The scan 

pattern repeated until the desired number of B-scans have been performed to create a 

complete 3D map of the retina.   

Despite the noise and artifacts present in retinal OCT images, researchers have 

successfully measured retinal layer thickness [16, 17].  Schuman et al. measured RNFLT 

in primates from OCT images and determined that layer thickness decreased with RNFL 

damage [18]. Further research by Liu found that RNFLT measured using OCT differed 

between normal and glaucomatous human eyes [19]. In addition, reduction in RNFLT 

was correlated with loss of visual field. Studies have shown a measurable relationship 

between RNFLT and the density of retinal ganglion neurotubules. These studies indicate 

that OCT images can be used to successfully measure the changes in RNFLT that are 

characteristic of glaucoma progression [20].  

Other studies have used OCT systems with ring scan patterns as a diagnostic test 

for glaucoma. In a primate study using induced glaucoma, measurement of the 

reflectance index (RI) was found to outperform basic RNFLT and birefringence 

measurements as an early glaucoma indicator [1]. The RI was taken as the average 

intensity across the NFL normalized by the average intensity of the RPE and IOS layers. 

A clinical study on humans found a different metric, NRI, as the best glaucoma indicator 

[19, 21]. NRI, which is a measure of the integrated backscatter across the RNFL, 
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combines thickness and reflectance information. NRI outperformed RNFLT, phase 

retardation and birefringence measurements. These studies indicate that advanced metrics 

acquired from OCT imaging systems could serve as early diagnostic tools for glaucoma.  

Accurate measurement of retinal layer thickness and other properties requires 

identification and marking of the layer boundaries in raw OCT images [22].  The current 

segmentation method used by commercial OCT systems applies a Gaussian low-pass 

filter to the acquired B-scan image and uses basic thresholding to decide edges.  This 

method erroneously detects approximately 20% of the clusters and requires manual 

correction.  This low accuracy is undesirable and can result in misdiagnosis.  An 

alternative method of segmentation that increases boundary detection accuracy in OCT 

images is desired.  This method should produce accurate results despite the large speckle 

noise and artifacts present in OCT images in a reasonable clinical time-frame.  

Additionally, the role of a human operator in such a system should be minimized to 

prevent operator error and provide consistent results.  
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RELATED WORK 

Researchers have used a wide variety of approaches to solve the OCT retina 

image segmentation problem [23-26].  Fernandez et al. used diffusion filters followed by 

peak detection to segment OCT images [27, 28].  Ahlers et al. used an approach based on 

coupling adaptive threshold and peak detection with morphological filter operations [29].  

Both of these techniques utilized low-pass filters to remove speckle noise before edge 

detection [30].  However, the use of a low-pass filter also resulted in blurring of the sharp 

region boundaries resulting in reduced accuracy.  Additionally these methods do not 

guarantee continuous layer boundaries.       

Moving away from reliance on traditional edge detectors, Zawadzki and Fuller 

used a support vector machine (SVM) based approach to segment 2D [31] and 3D [32] 

OCT retina images.  To remove the effect of speckle noise, mean values of surrounding 

pixels were used at each point.  Because SVMs are a type of machine learning algorithm 

they require training samples for initialization before they can classify test points.  If the 

user incorrectly selected the training and testing points, inaccurate segmentation would 

result.  In addition, because SVMs project training points into higher dimensional space 

they are computationally expensive and can only segment one layer at a time.   

A different approach which segmented the retinal layers based on minimizing the 

s-t cut of a geometric graph was used by Garvin et al. [33, 34] and Haeker et al [35, 36].  

The cost function for the graph is a combination of an edge term and region terms.  First, 

high intensity layers are segmented.  Based on their position and the resulting cost 

function, the remaining layers are segmented.  If the initial layers are incorrectly detected 
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the whole algorithm will fail.  However, when the first layers are detected correctly the 

algorithm performs well.   

An alternative to other segmentation techniques is active contours.  First 

developed by Kass et al., the active contours algorithm offers several advantages over 

traditional segmentation techniques [37]. The active contours approach seeks to 

maximize the average intensity difference between the inside and outside of the contour 

against a length minimization term [38].  From an initialized state, the contour evolves 

based on these forces until a minimum energy is achieved.  Active contours always 

produce a continuous boundary, they are less sensitive to speckle noise because the use 

average region values and the framework allows inclusion of different external force 

terms to guide contour evolution [39].  Weaknesses of the active contours approach 

include the tendency to stick at local minimums instead of a global minimum,  reduced 

sensitivity to small feature detection because of region based terms, and overall accuracy 

dictated by the convergence criteria of the energy minimization [40].  This method also 

uses gradient information which requires high contrast edges to be present in the image 

[41].   

Researchers have used active contours based methods to segment OCT images.  

Chrastek et al. used morphological point operations coupled with an anchored active 

contour based on shape information to segment the optic nerve head [42].  While 

successful, this method segmented the optic nerve head instead of the retinal layers and 

the regular shape and higher contrast of the optic nerve aided in detection.  Mujat et al. 

used anisotropic diffusion and Gaussian filters for speckle noise reduction followed by a 
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deformable spline active contour edge detection method [43].  The inclusion of filters to 

remove noise that interfered with the active contour evolution resulted in edge blurring 

and reduced accuracy.   

Chan and Vese created an extension of active contours aimed at reducing some of 

the original algorithm’s weaknesses [44].  Named active contours without edges 

(ACWOE) this method no longer relied on gradient information and could converge to 

the global minimum instead of only a local minimum [45].  The approach was still 

centered on deforming a continuous contour to minimize an energy function, but used 

region based terms instead of edges.  Chan and Vese further extended this algorithm to 

incorporate multiphase information which allowed for multiple separate objects or layers 

to be detected simultaneously [46, 47].  These improvements made ACWOE an attractive 

algorithm for segmentation of retinal layers from OCT images.   

The ACWOE model energy function can be described mathematically by: 

 (       )            ( )         (      ( ))

    ∫ | (   )    |
       

      ( )

  ∫ | (   )    |
      

       ( )

 

where   is a parameterized curve,   is a two-dimensional image and    and    are the 

average intensity values inside and outside of   respectively.  In the original formulation 

and future use in this paper  =0, and   =  =1 while   is a real positive constant.  A level 

set formulation is used with propagation in the direction of steepest decent [48, 49].  

Using an embedding function  (     )        and keeping     and    fixed the 

propagation is given by: 
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where   ( ) is the Dirac approximation of the level set to select the contour [50].  This 

evolution equation is iterated through using an artificial time parameter     until 

  

  
   [51].  The use of region based terms allowed for improved algorithm performance 

when compared to the original active contours formulation [52]. 

The ACWOE framework allows for the inclusion of additional terms in the 

energy function to guide curve deformation such as shape prior terms [53].  Yazdanpanah 

et al. used an ACWOE approach to segment all layers of the rat retina in OCT images 

[54].  Their method utilized a shape prior term based on the regular circular shape of the 

rat retina layers to guide contour evolution.  Addition of this shape term resulted in 

improved performance compared with a traditional ACWOE implementation.  However, 

the addition of the shape term required user initialization to select starting layer 

boundaries which removed total automation of the algorithm.   

Although not part of the original Chan and Vese formulation, ACWOE has been 

extended to and successfully used on 3D images [55, 56].  The modification requires an 

extension of the evolution equation to include an embedding function  (       )      

  as a function of three space variables and an artificial time and   becomes an isovalue 

contour surface of   (       ).  Researchers have used 3D ACWOE to segment breast 

tumors, echocardiography images and brain structures from MRI [57, 58, 59].  However, 

there have been no published results of a 3D ACWOE algorithm for OCT retina image 

segmentation.  Due to the physiologic characteristics of the retinal layers in humans, it is 
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expected that across three dimensions the layer boundaries will be smooth and 

continuous, excluding areas obscured by blood vessels.  Current segmentation techniques 

for the retina layers ignore this continuity and focus on each B-scan independently.  

Therefore, an opportunity exists to exploit this 3D congruency using ACWOE to 

potentially improve segmentation performance.   
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2D MULTIPHASE SEGMENTATION 

The basis for the 2D multiphase segmentation algorithm is the ACWOE model.  

The model starts with a piecewise smooth and continuous contour created from operator 

initialization.  The location of the contour on the image creates an associated energy 

function  .  This energy function achieves a minimum when the contour lies directly on 

an object boundary within the image.  Through an iterative process the contour deforms 

and the associated energy is updated until   is minimized or the maximum number of 

iterations is reached.   

3.1 BACKGROUND 

The next sections will detail the component parts of the 2D multiphase model 

including the level set description, energy function description, contour evolution and 

reinitialization.   

3.1.1 Level sets 

Level sets provide a mathematical description for the boundary contour [60].  The 

level set description is desirable because it ensures the contour is always continuous and 

closed.  Additionally, changing the level set results in deformation of the contour which 

can be used for curve evolution.  A final desirable trait of level sets is the ease of creating 

a binary mask from the level set using a Heaviside step function: 

 (  (   ))   {
       (   )           

       (   )          
 

This allows for simple selection of all the points outside or inside the contour for further 

processing.   
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The level set uses a signed distance function (SDF) to represent the contour [61].  

Given any contour  , a SDF,   (   ), can be created.  This SDF assigns negative values 

to the region inside of C, positive values to the region outside of  , and values of zero 

along the contour   itself [62].  Therefore, the contour   is sometimes referred to as the 

isocontour or zero-level of the SDF.  Furthermore, the gradient of   (   )= 1 [60].  The 

figure below shows the merging of two contours each represented by an SDF into one at 

the object boundary.  A similar curve evolution occurs during the 2D multiphase 

evolution.   

 

Figure 3. Evolution of level set contours to object boundary.  The top plots depict the 

values of   (   ) while the bottom images show the zero-level of   (   ) 

overlaid on the segmentation target image.   

The multiphase level set case uses a characteristic function   (   ) to select the 

appropriate region based on the current boundary contour undergoing evolution [63, 64].  

The     characteristic function takes on values of 1 for the area inside of the     zero-
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contour and values of 0 outside.  Using a set of     independent SDFs will divide an 

image into   regions each with a unique set of points in its characteristic function [65].   

 

Figure 4. Example of a multiphase segmentation initialization.  5 SDFs and 6 

characteristic functions can divide the image space into 6 regions.  The 

region    consists of the region inside   .  The region    consists of the 

region exterior to all SDFs. The remaining regions    consist of the area 

inside    and outside of    for j<i [54]. 

3.1.2 Energy Equation 

The evolution of the initial contour   is guided by an energy equation  .  For the 

contour   with an SDF   (   ) the energy function can be expressed as: 

 ( )   (  (   ))            ( )           ( )                    ( ) 

where   ,    and    are real valued positive constant weighting factors.  The image 

term       ( ) attracts the contour towards the object boundary.        ( ), the shape 

term, penalizes the curve for deviating from uniform layer thickness [66, 67].  Lastly, the 

regularization term,                ( ), helps to create a minimal length, smooth contour 

[68].   

Based on the combination of these energy equation components,   (   ) is 

deformed to minimize  ( ).  The deformation occurs by the introduction of an artificial 
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time step such that   (   ) becomes   (     ) [44].  This becomes an Euler-Lagrange 

equation with the form:  

   (     )

  
   

  (  (     ))

   
 

 

  
(
  (  (     ))

    
)  

 

  
(
  (  (     ))

    
)  [69]. 

A balance must be placed on the desire to use a large time step to quickly arrive at the 

energy minimum and deformation errors that can occur if the step is too large.   

3.1.3 Image Term 

      ( )     ∬ ( (   )    )
     

              
            

    ∬ ( (   )    )
     

               
           

 

The image term divides the image into regions inside and outside of the contour 

 .     and    are values of the mean pixel intensity inside and outside of the contour 

respectively.     and    are constants typically both set to 1.  This term reaches a 

minimum when the contour   divides the area inside and outside in regions of constant 

homogeneity, i.e., when   lies along an object boundary [70].  Using the level set 

formulation the image term can be expressed as: 
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      (  (   ))

    ∬( (   )    )
   (    (   ))(   (  (   )))    

    ∬( (   )    )
   (  (   )(   (    (   )))     

where  (    (   ))(   (  (   ))) and  (  (   )(   (    (   ))) are used to 

select the regions inside and outside the contour respectively.   

 

Figure 5. Initial curve (top) and evolution using only the image term (bottom).  The 

contours move toward boundaries but are not smooth or regularly shaped. 

Human retinal image.   
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3.1.4 Shape Term 

Yazhanpanah et al. incorporate a shape term based on a series of     concentric 

arcs originating from the same center-point [71].   They assign a penalty to each pixel in 

the     subregion boundary based on the squared distance from the corresponding arc, 

thus encouraging a regular structure across the boundary.  This simple shape term 

functions well for the rat OCT images used by the researchers because the retinal layers’ 

regular structure can be modeled accurately using concentric arcs.   

However, such a simple shape term description would fail on human retinal 

images because of the shape variance present.  Instead, a quadratic penalty term based on 

the average distance between layer boundaries was employed in this algorithm.  While no 

regular shape can sufficiently describe the retinal boundary layers, it is expected that each 

layer will be located at an even distance from the previous layer across the span of the 

image.  Another way to express this would be to say that each layer should be parallel to 

the layer immediately above it.  Thus, the shape term was designed to penalize movement 

away from consistent distances between boundaries.  For the     boundary, the       

boundary is used for comparison.  Therefore, there is no shape term for the NFL 

boundary since there is no layer above.  The shape term is expressed by: 

      (  )   ∫        (  ( )      ( )    )

 

(  ( )      ( )    )    

where    and    are the upper and lower tolerances of the mean distance to allow for 

some unpenalized spread from the mean.  This formulation results in a minimization of 

       when the separation between adjacent layers is equal.  
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Using the level set formulation the shape force term becomes: 

      (  (   ))

  ∬       (      ( )    )(      ( )

   )  (  (   ))|   (   )|     

where  (  (   ))|   (   )| is used to select the current boundary region [72].   

 

Figure 6.  Initial curve (top), midway through curve evolution (bottom) and upon 

convergence (next page) using only the shape term for curve evolution.  The 

shape term encourages a regular shape with consistent thickness between 

boundaries.  Using just the shape term does not correctly identify the 

boundaries of the retinal layers 
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Figure 6, cont.   

3.1.5 Regularization Term 

The last term in the energy equation,                ( ), is used to encourage 

smooth, short contours [73].  The force term can be expressed simply as:  

               (  )        (  ). 

Written in level set form this becomes:  

               (  (   ))   ∬  (  (   ))|   (   )|     [74]. 
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Figure 7. Initial curves (top) and final curves (bottom) following curve evolution using 

only the regularization term.  The regularization term seeks to smooth and 

minimize contour length.  However, use of just the regularization term does 

not correctly identify the retinal layers.   

3.1.6 Evolution 

After the energy function terms have been computed the curve is evolved using 

the artificial time step and the Euler-Lagrange formulation.  As a consequence of this 

evolution,   (   ) changes and the    (   ) may no longer equal 1 throughout the 
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image.  If more iterations are allowed to proceed   (   ) becomes significantly changed 

and no longer fulfills the SDF criteria.  To avoid this problem, after curve evolution a 

reintialization step is performed to repair errors in   (   ) [75].  In this step, the 

deformed   (   ) is replaced with a correct SDF which has an identical contour. 

After reinitialization, evolution proceeds by recalculating the energy equation and 

continuing to deform the contour until   (   ) no longer changes or a maximum number 

of iterations has been reached [76].   

3.2 FRAMEWORK 

Physiological knowledge of the human retina played a key role in the creation of 

the initial SDFs.  In an OCT image, all layers should be non-overlapping and oriented in 

a vertical stack [13].  Thus, to segment the nine regions of interest eight contours 

spanning the width of the image were created.  When evolving each layer, the pixels 

vertically above the boundary were considered to be outside the current layer and the 

pixels between the current boundary and the boundary directly below were considered to 

be inside the layer.  An example of the multiphase initialization regions can be seen in 

figure 8.  Layers were evolved with top-down priority to ensure continuity. 
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Figure 8. Sample multiphase initialization showing 8 contours dividing the image into 9 

regions. 

The evolution of energy equation required the selection of the zero-level for the 

currently selected boundary.  Instead of computing each level set across the full region, a 

narrowband of values near the contour was chosen to speed up computation time [77].  

This narrowband was selected using the Dirac function: 

 ( )   {
                             
                                                      

 . 

The use of a shape term in the energy function necessitated user input for the 

initial layer boundaries.  NFL and RPE boundaries were initialized from spline 

interpolation of a series of user input points.  Following the creation of these boundaries, 

three points for each additional layer were selected.  Based on the distance ratio between 

the top and bottom from each of these points a starting contour for all each additional 

layer was created.  At this stage the value of    for use in the shape term was calculated 

as the mean vertical distance between the current layer and the layer directly above.  

Additionally, the SDF was created for each contour based on the Euclidean distance 

transform of the binary contour [62].  This transform calculates and assigns a value to 
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each pixel not on the initial contour based on the Euclidean distance between the pixel 

and the closest contour point.   By tradition, points vertically below the contour are 

assigned positive values and points above are assigned negative values.   

 

Figure 9. Example   SDF plot.  Points along the boundary are equal to zero.  Points 

inside the contour are positive and points outside are negative per 

convention.   

This framework allows for individual selection of boundary layers and quick 

determination of interior and exterior regions to the curve.  Furthermore, sufficient but 

not excessive human operator input is used to create the initial contours, SDFs, and    

values for use in the algorithm.   

3.3 METHOD 

The following sections describe the images used in testing, the implementation of 

the energy equation terms in discrete terms, and the contour evolution process.   
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3.3.1 Images 

Two types of images were used for testing: synthetic OCT images and real OCT 

human retina images.  Synthetic images were created to control the amount of noise and 

artifacts present in the image.  To create these images a stack of spheres with different 

radii, center points, and mean intensities were used.  Blood vessel regions were created 

by reducing intensity in a rectangular cutout of the image and saturation artifacts were 

added as increased intensity regions.  After artifact creation, speckle noise was added to 

mimic the effect seen in actual OCT images [30].  The product is an image with 

controllable features and noise levels that mimics those seen in human retinal OCT 

images.   

 

Figure 70. Synthetic OCT image with speckle noise, blood vessel inhomogeneity, and 

high intensity imaging artifact 

The second type of image used in testing was real OCT human retina images.  

These images were obtained from a normal patient using an Optoview commercial OCT 

system from part of a larger, previously completed human study.  The image set consisted 

of 97 512x496 continuous raster scan images.  These images were cropped to 512x250 to 
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isolate the region of interest.  Of these 97 images, 10 were selected for use in the 2D 

multiphase experiment.  Images were excluded based on cropping that removed visibility 

of some layers or inability to hand select layers due to blurring and/or excessively poor 

image quality.   

 

Figure 81. OCT image of human retina obtained from Optoview commercial system.   

3.3.2 Image term 

The image term is computed by first determining    and   , the mean intensity 

outside and inside the contour respectively.  The summed difference of all pixels outside 

from    and all pixels inside from    is computed following the equation:  

      ( )     ∑ ( (   )    )
 

      ( )     ∑ ( (   )    )
 

       ( ) . 

3.3.3 Shape term 

To compute the shape term, first the mean distance,   , between the current 

boundary and the previous boundary across all columns is calculated.  Then, given a 

buffer to the mean of    for the upper and    for the lower, the force becomes: 

      (  (   ))         (       )(       )}. 
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3.3.4 Regularization term 

The regularization term is computed from the curvature and gradient of   and a 

weighting factor      .  The regularization term is expressed as: 

               (  (   ))        (  )    (  ). 

The discrete implementation of curvature is calculated as: 
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where the derivatives are:  
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The discrete gradient is calculated as  ( )  (  
     

 )
 

   using the same discrete 

derivatives as above [74].   

3.3.5 Evolution 

               (               ) 

Following computation of the energy equation terms, the contour is evolved.     

is an artificial time step used to progress the minimization function and is typically in the 

range           [78].  For this algorithm, a time step of 0.3 produced the quickest 

convergence without sacrificing accuracy.  

3.3.6 Reintialization  

Following evolution of the energy equation the zero-level curve for the SDF may become 

broken and no longer represent a valid SDF.  Therefore, a reintiailization step is required 
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to fix the curve before the next iteration can proceed.  The reinitializaiton is performed 

using an algorithm known as Sussman reinitialization which is described by: 

             ( )    

where:  
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given:  
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with         [79].   

Here   is a normalizing term and    is the same artificial time step from the 

energy minimization equation.  Following reinitialization of the current contour, we 

advance to the next contour and repeat the energy function calculation, curve evolution 

and reinitialization process.  Once all contours have been advanced one iteration we 

begin again from the first contour until a stopping condition is reached.   

3.4 RESULTS 

3.4.1 Synthetic Images 

The 2D multiphase algorithm was run on a synthetic OCT image with added 

speckle noise, imitation blood vessel and an imaging artifact.  The initialization curves 

can be seen in figure 12 and the final result after 40 iterations is shown in figure 13.    
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Figure 9. Initial contours for multiphase algorithm on synthetic image with moderate 

speckle noise 

 

Figure 10. Final contours after 40 iterations.  All boundaries have been correctly traced. 

The added speckle noise was increased until the 2D multiphase algorithm could 

no longer accurately segment the image.  The result is seen in the image below.  The 

same initialization curves were used for this test however the algorithm was allowed to 

run for 200 iterations to ensure that proper convergence could not be obtained.   
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Figure 11. Final contours after 200 iterations on a synthetic image with high speckle 

noise.  Boundaries have not properly converged and do not regardless of 

number of iterations. 

3.4.2 Real Images 

Following segmentation on synthetic images, the algorithm was run on real OCT 

images.  Both initial and final curves are shown for 2 of the 10 images successfully 

segmented.  The algorithm was run for 40 iterations in each instance.   

 

Figure 12. Initial contours for 39
th

 frame of OCT retina image stack. 
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Figure 13. Final contours after 40 iterations of 2D multiphase segmentation algorithm for 

39
th

 frame of OCT retina image stack. 

 

Figure 14. Initial contours for 92
nd

 frame of OCT retina image stack. 

 

Figure 15. Final contours after 40 iterations of 2D multiphase segmentation algorithm for 

92
nd

 frame of OCT retina image stack. 
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Following 2D multiphase segmentation, the resulting layers of each image were 

compared to ground truth hand segmented results.  While serving as a gold standard, 

hand segmentation results do experience some variance of 1-2 pixels per B-scan layer 

depending on the person performing the segmentation.  This provides a bound on the 

obtainable accuracy for a layer segmentation algorithm.  For each layer the number of 

columns per layer with different values between the ground truth and 2D multiphase 

algorithm was tabulated.  Average and standard deviation values across all layers can be 

seen in Table 1 and Figure 19.  The NFL, IS, and RPE boundaries all had very small error 

rates while the GCL and OPL had the largest error rates at 4.14 and 4.18% respectively. 

Vertical pixel difference between hand segmented and 2D multiphase error columns was 

typically no more than 2 pixels.     

 

Figure 19. Plot of mean and standard deviation of layer error rate 
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Table 1. Mean Error rate and Standard Deviation of 2D Multiphase Segmentation by 

Boundary Layer 

Layer Error Rate (%) Standard Deviation 

NFL 2.42 0.97 

GCL 4.14 1.49 

INL 3.44 1.40 

OPL 4.18 1.66 

ONL 3.71 0.85 

IS 1.60 1.07 

OS 3.13 1.48 

RPE 2.46 0.92 

Average 3.14 1.23 

 

Testing was performed on an Intel 2.67GHz i-7 computer with 6Gbs of RAM 

using MATLAB R2012B.  Computation times were recorded from the end of the initial 

curve selection phase to the completion of the segmentation for the real OCT images.  

Average processing time per image was 12.68 seconds.   

3.5 DISCUSSION 

The 2D multiphase algorithm performed very well on synthetic images with low 

to medium levels of speckle noise that correlate with levels typically seen in OCT 

images.  As expected, as the speckle noise variance increased the accuracy of 

segmentation decreased until the algorithm was no longer able to successfully segment 
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the image.  This high speckle level correlates with levels seen in lower quality OCT 

images.  The large speckle variance greatly affects the region intensity values which 

impacts the image force term of the energy equation.  However, the algorithm did 

demonstrate robustness to both blood vessel intensity absorption and high intensity 

artifacts.  The combination of a shape regularization term and reliance on region intensity 

values allowed the algorithm to perform appropriately despite the artifacts.   

The algorithm also successfully segmented the real OCT images.   However, these 

results are all derived from images obtained from a single healthy patient.  The test 

should be repeated on images from additional healthy and glaucoma positive patients to 

confirm the observed results.  The overall average of 3.14% error per layer represents 

approximately 16 incorrect columns across the 512 column boundary.  Additionally, most 

of these errors constituted only a 1 or 2 pixel difference from the ground truth indicating 

close to accurate results even in the error columns.  The results indicate the NFL, IS and 

RPE were segmented with the highest accuracy.  This is an expected result because each 

of these boundaries occurs along a sharp and significant intensity change.  The RNFL and 

RPE are the most important for glaucoma diagnosis.   

While these high intensity change boundaries were segmented very well, those 

boundaries along slight intensity changes and thin layers such as GCL and OPL showed 

the highest error rates.  In thin layers such as the INL, OPL and OS, the speckle size to 

overall layer thickness ratio is large.  The combination of thin layers and thus fewer 

region points to average out speckle along with slighter intensity changes presents a 

challenging boundary detection environment.  However, no error rate exceeded 4.18% 
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which still represents a highly accurate segmentation due to the robust nature of the 2D 

multiphase segmentation algorithm.   

The average computation time for the 2D multiphase algorithm was 12.68 

seconds.  While not real-time, this is a reasonable run time in a clinical setting and 

represents a result with no attempts to optimize the algorithm.  
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3D MULTIPHASE SEGMENTATION 

The extension from 2D to 3D multiphase requires expansion to three space 

coordinates and use of zero-level surfaces instead of contours to represent boundaries.  

Iterative surface evolution is still guided by an energy function that consists of image, 

shape and regularization terms.   

4.1 BACKGROUND 

The next sections will detail the component parts of the 3D active contour model 

including the level set description, energy function description, curve evolution and 

reinitialization.   

4.1.1 Level Set 

Given a surface  , a 3D SDF   (     ) can be created that follows all of the 

level set properties described in section 4.1.1.  Identical to the 2D case, the 3D SDF 

assigns positive values to points inside the surface  , negative values to points outside of 

 , and zero to points on   to create a zero-level surface.   

In the 3D multiphase case the characteristic function becomes   (     ) to select 

volumes based on the current surface being evaluated.  Using a set of     independent 

SDFs will divide an image into   volumes each with a unique set of points in its 

characteristic function. 

4.1.2 Energy Function 

The energy function now becomes a function of the surface   and can be 

described as: 
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 ( )   (  (     ))            ( )           ( )                    ( ). 

The combination of image, shape and regularization terms guide the iterative 

deformation of the surface.  These iterations are carried out with the introduction of an 

artificial time step to create the Euler-Lagrange derived evolution equation: 
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4.1.3 Image Term 

The image term follows from section 4.1.3 with substitution of the surface   

instead of the contour  .  The level set 3D image term is expressed as: 

      (  (     ))

    ∭( (     )    )
   (    (     ))(   (  (     )))      

    ∭( (     )    )
   (  (     )(   (    (   )  ))       

where  (    (     ))(   (  (     ))) and  (  (     )(   (    (   )  )) 

are used to select the volumes inside and outside the surface respectively.   

4.1.4 Shape Term 

The shape term again seeks to maintain equal spacing between the current and 

previous boundary.  Extension of the equation to 3D results in a shape term of: 
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      (  (     ))

  ∬       (  (   )      (   )    )

   

(  (   )      (   )

   )    (  (     ))|   (     )|     

where  (  (     ))|   (     )| is used to select the current boundary surface.  Similar 

to the 2D case, the shape term does not exist for the NFL layer because there is no 

boundary surface above that surface. 

4.1.5 Regularization Term 

The regularization term is a straight extension of the term described in 4.1.5 to 

include 3D information so that the level set becomes:  

               (  (     ))   ∭ (  (     ))|   (     )|         

Minimization of the regularization term occurs when the surface is as smooth as possible.   

4.1.6 Surface Evolution 

An artificial time step is used to iteratively deform    (     ) until convergence 

to an energy equation minimum or the maximum number of iterations occurs.  Similar to 

the 2D case, deformation of   (     ) may break SDF properties and thus a 

reintialization step is used to replace the offending SDF with a correct SDF with an 

identical zero-surface.   
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4.2 FRAMEWORK 

Physiological knowledge of the human retina played a key role in the creation of 

the initial SDFs.  As in the 2D case, all layer volumes should be non-overlapping and 

oriented in a vertical stack.  Thus, to segment the nine surfaces of interest eight surfaces 

spanning the width and depth of the image stack were created.  When evolving each 

volume, the pixels vertically above the boundary were considered to be outside the 

current layer and the pixels between the current boundary and the boundary directly 

below were considered to be inside the layer.  Volumes were evolved with top-down 

priority to ensure continuity. 

The evolution of energy equation required the selection of the zero-level surface 

for the currently selected boundary.  Instead of computing each level set across the full 

volume, a narrowband of values near the surface was chosen to speed up computation 

time.  This narrowband was selected using the Dirac function: 

 ( (     )   {
                             
                                                      

 . 

The use of a shape term in the energy function necessitated user input for the 

initial surface boundaries.  NFL and RPE boundaries were initialized from spline 

interpolation of a series of user input points.  Following the creation of these boundaries, 

three points for each additional layer were selected.  Based on the distance ratio between 

the top and bottom from each of these points a starting contour for all each additional 

layer was created.  This process was completed for 3 individual images from the full 

stack and results interpolated across the full stack to provide smooth initialization 

surfaces at all depths.  At this stage the value of    for use in the shape term was 
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calculated as the mean vertical distance between each surface and the surface directly 

above.  Additionally, the SDF was created for each surface based on the Euclidean 

distance transform of the binary surface.  This transform calculates and assigns a value to 

each pixel not on the initial surface based on the Euclidean distance between the pixel 

and the closest surface point.   By tradition, points vertically above the contour are 

assigned negative values and points below are assigned positive values.   

This framework allows for individual selection of boundary layers and quick 

determination of interior and exterior volumes to the surface.  Furthermore, sufficient but 

not excessive human operator input is used to create the initial contours, SDFs, and    

values for use in the algorithm.   

4.3 METHOD 

The following sections describe the images used in testing, the implementation of 

the energy equation terms in discrete terms, and the contour evolution process. 

4.3.1 Images 

Two types of images were used to test the 3D multiphase algorithm: synthetic and 

real OCT retina images.  To create the synthetic image stack, the method described in 

4.3.1 was used and a set of 20 sequential images was extracted to create an image stack.  

This created a stack with continuous layers that included speckle noise, blood vessels and 

imaging artifacts.  In addition to the synthetic image stack, a real stack of 20 sequential 

images was taken from the same OCT data set used in the 2D segmentation case.   
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4.3.2 Image Term 

The image term is computed by first determining    and   , the mean intensity 

outside and inside the surface respectively.  The summed difference of all pixels outside 

from    and all pixels inside from    is computed following the equation: 

      (  (     ))     ∑ ( (     )    )
 

      ( )

    ∑ ( (     )    )
 

       ( )

  

4.3.3 Shape Term 

To compute the shape term, first the mean distance,   , between the current 

boundary and the boundary directly above is calculated.  Then, given a buffer to the mean 

of    for the upper and    for the lower, the force becomes: 

      (  (     ))         (       )(       )}. 

4.3.4 Regularization Term 

The regularization term is computed from the curvature and gradient of   and a 

weighting factor                                . 
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The discrete implementation of curvature is calculated as:  
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The discrete gradient is calculated as  ( )  (  
     

    
 )

 

   using the same 

discrete derivatives as above [74].   

4.3.5 Evolution 

Evolution of the SDF is guided by:                 (               ).   

   is an artificial time step used to progress the minimization function and is typically in 

the range          .  For this algorithm, a time step of 0.3 produced the quickest 

convergence without sacrificing accuracy. 

4.3.6 Reinitialization 

Following evolution of the energy equation the zero-level surface for the SDF may 

become broken and no longer represent a valid SDF.  Therefore a reinitialization step is 

required to fix the surface before the next iteration can proceed.  The reinitialization is 

performed using an algorithm known as Sussman reinitialization which is described by: 
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Here   is a normalizing term and    is the same artificial time step from the 

energy minimization equation.  Following reinitialization of the surface, the current 

surface is advanced to the next lower and the process repeated until each surface has 

undergone one iteration.  The current surface is then advanced to the first surface and 

iterations repeated until stopping conditions have been reached.   

4.4 RESULTS 

3D multiphase was successfully performed on both synthetic and real OCT 

images.  Due to the difficulties associated with displaying 3D results, 2D cuts from the 

3D image stack are presented.   

4.4.1 Synthetic Images 

The 2D multiphase algorithm failed segmentation when the speckle noise level 

became very large.  The same noise level was included in 3D synthetic image stack for 

algorithm comparison.  100 iterations were required before convergence was reached for 

the surfaces.  A comparison of the 2D and 3D segmentation results is seen below.   
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Figure 16. 2D image segmentation (top) and 3D image segmentation (bottom) of the 

same frame. 

4.4.2 OCT Images 

The 3D multiphase algorithm was run on the 20 image stack of real OCT retina 

images.  Convergence was reached in 70 iterations and results from two different depth 

images from the stack are show below.  Region boundaries appear smoother with fewer 

local variations in the 3D algorithm when compared with the 2D algorithm.   
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Figure 17. Segmentation result of the 3D multiphase algorithm for two images from the 

full 3D stack 

4.4.3 Computation Time 

Testing was again performed on a 2.67GHz i-7 computer with 6Gbs of RAM 

using MATLAB R2012B.  Computation times were recorded from the end of the initial 

surface selection phase to the completion of the segmentation for the real OCT images.  

The required time to segment the 20 image stack was 263.41 seconds.   

4.5 DISCUSSION 

The 3D multiphase segmentation algorithm was successfully run on both 

synthetic and real OCT retina image stacks.  The greater number of pixels occupying a 

volume inside or outside the boundary allowed the 3D algorithm to successfully segment 
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the target even in a high noise environment where the 2D algorithm failed.  This result 

indicates that use of a 3D algorithm could result in higher segmentation accuracy than the 

2D approach.   

The 3D algorithm also performed well on the real OCT image stack.  Due to time 

restraints and the large number of manual segmentations required for comparison, a 

quantitative assessment of performance could not be acquired.  However, qualitatively, 

the algorithm results appear to align well with perceived boundaries.  This is true even 

with the thin boundaries of the INL, OPL and OS which suffered from the largest error 

rates in the 2D case.  The inclusion of additional data in the third dimension provides 

more pixels for comparison and reduces the effect of local variations.  Additionally, the 

3D result seems to produce a smoother layer with fewer jumps in comparison to the 2D 

result which is a desired effect.   

One observable negative consequence of 3D is the effect of blood vessels.  If 

these vessels are located in the same spatial location across several frames, the volume of 

pixels affected becomes too large for the shape term to compensate and the boundary 

pinches in.  This observed effect may be due to only 20 images being incorporated in the 

testing image stack, while a true full OCT scan pattern would contain closer to 100 

images.  With the larger number of pixels per layer, the local effect of the blood vessels 

could once again be minimized and the pinching effect eliminated.   

Another consequence of the larger number of pixels in the 3D image stack was a 

dramatic increase in processing time.  The time of 4+ minutes to complete the 20 image 

segmentation is not viable in the clinical setting.  To maintain surface continuity and 



 45 

segmentation accuracy, a relatively small time step was required, resulting in more 

iterations before convergence was reached.  Because the time consuming reinitialization 

must be performed after each iteration, the extra iterations compared to the 2D algorithm 

dramatically increased the relative computation time. 
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CONCLUSION 

Human retina OCT images present a challenging environment for layer 

segmentation.  Traditional segmentation methods that rely on sharp, high intensity 

borders fail in this high noise environment. ACWOE is a segmentation method that uses 

region based terms to reduce the effect of noise.  An extension to multiphase allows for 

multiple layers to be simultaneously segmented.  This project implemented a multiphase 

ACWOE based, level-set method with a unique shape prior term to segment eight retinal 

boundaries.  The algorithm was first developed for and tested on 2D images.  This 

algorithm was very accurate, segmenting with an error rate of 3.4% per layer.  However, 

when run on synthetic OCT images with higher than normal speckle noise the 2D 

algorithm could no longer converge to the layer boundaries.  This occurred because the 

small number of pixels per layer could not minimize the effect of noise.   

To improve the segmentation results, the 2D algorithm was extended to 3D.  OCT 

images were acquired using contiguous scans to produce a 3D image stack.  The 

physiology of the retina results in smooth boundary surfaces between images which 

allows for convergent segmentation.  The use of a full image stack results in more pixels 

per layer used in the region calculation which mitigates noise and local imaging artifact 

effects.  No current literature has presented results on segmentation of 3D OCT retina 

images using ACWOE.  Following implementation, the 3D multiphase algorithm was 

tested on synthetic and real OCT retina image stacks.  While the 2D multiphase algorithm 

failed to converge to the boundaries of synthetic OCT images with high speckle noise, 

the 3D multiphase algorithm produced accurate results.  Additionally, the 3D multiphase 
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algorithm produced qualitatively correct segmentation on a real OCT retina stack.  

However, the processing time of the 3D algorithm was too long for reasonable clinical 

use.  Despite the computational complexity, the accurate results indicate that the 3D 

algorithm should be further developed for retina OCT image segmentation to aid in the 

early detection of glaucoma. 
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FUTURE WORK 

While the segmentation methods performed well, improvements can be made.  

The end goal is to create an algorithm that accurately segments the nerve fiber layers 

quickly and with minimal human operator involvement.   

The current 3D algorithm suffers from significantly long processing times due to 

the large number of pixels present in each stack that are involved with each iteration.  

Timing routines demonstrated that the gradient calculation and reinitialization steps of 

the algorithm required up to 90% of the time for each iteration.  Therefore, emphasis 

should be placed on reducing the computation time of both these routines.   

While useful for image processing because of the available library functions and 

high level computing language, MATLAB is known to suffer longer computation times 

when compared with other languages such as C.  Additionally, C allows for routing of 

routines for processing on a dedicated GPU instead of only CPUs.  Based on these 

advantages, the 3D algorithm was ported to C and the gradient and reinitialization steps 

written for a dedicated GPU.  Timing results from this change indicated a reduction of 

200 times in the computation time required without sacrificing algorithm efficacy.  This 

exciting outcome no longer makes the 3D algorithm’s processing time untenable.  Future 

development will involve increasing algorithm time efficiency and using C as the 

programming language for testing performance.  There are also alternative reinitialization 

methods that have been developed for active contour algorithms that may produce faster 

convergence [77, 80].   
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Another area for future work is to shift the algorithm towards full automatic 

segmentation.  This goal is important because it significantly reduces human operator 

involvement.  Relying on a human operator for initialization can result in performance 

loss and also increases system costs.  The algorithm currently uses human initialization to 

select top and bottom layer points and three points for each middle layer.  This 

initialization sets the shape prior thickness terms.  It is believed that knowledge of retina 

physiological properties can eliminate the need for human initialization.  The vertical 

intensity transition at the top of RNFL and RPE layers is usually quite significant.  The 

contrast is strong enough that when coupled with noise smoothing techniques such as an 

anisotropic diffusion filter [81], traditional edge detectors such as the canny edge detector 

can find these edges reasonably well [82].  Therefore, a future initialization process could 

use this method to identify top and bottom layer points within close approximation and 

use thickness averages for the layers in between to create the shape prior thickness terms 

and initial level set contours.   

The last area for improvement is in the overall accuracy of the segmentation.  One 

method to improve accuracy is to create weighting factors for the energy minimization 

function that change based on iteration number.  The motivation is to properly weight the 

region intensity and shape terms influence on contour evolution.  For the initial iterations, 

the influence of the region based terms should be larger than the shape based while the 

coarse structure of the layer is found.  Then as the number of iterations progresses, the 

shape term influence should increase to refine the final contour shape.  Work will need to 

be done to determine the best functions to capture the influence of each respective term. 
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Yazhanpanah et al. use of a linearly decreasing region term and an increasing sine 

function for the shape term could be used as a starting point [54]. 

Another possible accuracy improvement could also take advantage of the 

autonomous initialization proposed above.  Instead of continuing the algorithm after 

capturing the top of the NFL and RPE layers, the image could be divided into two 

sections: from the NFL to above the RPE and below the RPE.  Full-scale contrast 

stretches could be performed on each of these new images to increase intensity changes 

between layers and then the multiphase segmentation could be performed on each.  

Finally the images would be reconnected to provide full layer segmentation of the image.  

The use of a full scale contrast stretch should allow for larger intensity changes between 

layers and isolation of image parts can further that effect.  However, the presence of 

speckle noise may reduce the effectiveness of this approach by artificially shifting or 

flattening the intensity histogram.  Additionally, if the initial detection of the top of the 

NFL and RPE layers is not accurate the approach will fail.  While subject to limitations, 

this approach may improve detection of thin layer boundaries with little contrast. 
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