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Abstract  

Many segmentation algorithms have been published in literature. Accurate assessment of 

these algorithms is needed in order to gain acceptance in the clinical practice or compare 

different algorithms. However in medical imaging segmentation field, there is usually a lack 

of gold standard method. In many studies, the manual segmentation from expert raters is 

regarded as the gold standard. Even though these manual denotation methods suffer from high 

inter-rater and intra-rater variability. 

In this thesis, a relatively complete segmentation validation framework was developed, which 

uses the “Simultaneous Truth and Performance Level Estimation” (STAPLE) method to 

produce the ground truth from a set of manual expert segmentations, and performs a set of 

quantitative validation metrics measurement to assess the automated segmentation versus the 

ground truth given by STAPLE. It is also designed to be easy-to-use and cover most common 

image formats and popular operating systems. A number of tests using synthetic data have 

proved the accuracy of the proposed framework. In addition, some examples of how this 

framework can be used to evaluate the performance of different segmentation algorithm are 

also presented. 

KEYWORDs: Segmentation, Validation framework, Simultaneous Truth and Performance 

Level Estimation (STAPLE), Ground truth, ITK, Similarity metrics, Distance metrics 
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Chapter 1 

Introduction 

1.1. Motivation 

Broad research in computer-aided image segmentation in various medical imaging modalities 

has been carried out to provide quantified results for image based diagnosis and treatment 

evaluation. One important challenge that should be dealt with during the image segmentation 

algorithm development is to obtain the algorithm's accuracy. The accuracy is required for the 

comparison of different types of methods and evaluation of their feasibility in clinical practice 

[1,7]. This type of performance evaluation is usually done by comparing the automated 

segmentation results versus a ground truth reference segmentation, created with a gold 

standard method/procedure with high accuracy and reflection of the segmentation 

characteristics’ issues [5,7]. However in medical imaging segmentation field, there is usually 

a lack of gold standard method. In many studies, the manual segmentation from expert raters 

is regarded as the gold standard [4,5,7]. However these manual denotation methods suffer 

from high inter-rater and intra-rater variability. To address this challenge, an EM-based 

methodology called “Simultaneous Truth and Performance Level Estimation” (STAPLE) was 

developed by Warfield in 2004. This method employs multiple automated/manual 

segmentations to estimate the ground truth segmentation and the performance of the 

segmentations simultaneously [7]. The true segmentation is calculated by synthetic 

optimization of the estimated performance of each segmentation. The estimated performance 

is calculated from the sensitivity and specificity characteristics. The complete data consists of 

the input segmentations and the true segmentation.  Since the true segmentation is not known, 

the log likelihood of the complete data is used. The estimation is performed on the true 

segmentation given the outcome and the previous performance estimation of each rater. The 

series of the conditional probability so-called E-step are iterated until the algorithm converge 

on a local maximum, so-called M-step of the expectation-maximization algorithm [7]. In 

contrast to the conventional average shape method, the STAPLE algorithm uses the estimated 

performance of each observer as a weighting factor on each segmented image, so the badly 

performing rater will contribute less to the ground truth. As the performance of rater is also 

unknown, an iterative expectation maximization (EM) algorithm is used to estimate the 

observer’s performance and the hidden ground truth simultaneously. STAPLE has been used 

in many studies [24-26]. Some improvement on the STAPLE approach, such as extension to 

multi-label segmentation can be found in [7,27, 28]. 

Given the ground truth segmentation, the next challenge is to give a fair accuracy 

measurement between the automatic segmentation result and the ground truth. Such common 

measurements include similarity metrics and distance metrics. Most used similarity metrics 

are Dice and Jaccard coefficient which quantify the spatial overlap between the two 

segmentations. Distance metrics such as Hausdorff distance and mean distance are used to 

quantify the difference distances between the two contours/surfaces of the segmentations.  
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The importance of the segmentation validation has been recognized by many researchers in 

the medical imaging field. Several validation tools have been developed and made published, 

for instance, the Valmet software developed by the University of North Carolina, 2001 [6]. It 

provides some basic function for assessing and visualizing the differences between multiple 

segmentation by calculating different similarity metrics and distance metrics. More recently, 

the Internet Brain Segmentation Repository (IBSR) also published some overlap comparison 

software [1]. Two segmentation competitions were organized during Medical Image 

Computing and Computer-Assisted Intervention (MICCAI) conference for caudate or liver 

segmentation in 2007, and 2008 respectively [1]. However most of these softwares are based 

on one or a few evaluation metric measurements and can take only single manual 

segmentation as reference. Also many of these tools are command line based and lack of user-

friendly interfaces. This motivates us to develop easy-to-use software for thorough 

segmentation validation when multi-rater “ground truth” is available. 

1.2. Objective 

The aim of this thesis work is to develop a binary segmentation validation framework which 

takes several manual segmentations in 2D/3D to estimate the ground truth using STAPLE 

algorithm. Meanwhile, the proposed framework makes a comparison between the generated 

ground truth and a to-be-assessed automated segmentation for which a set of quantitative 

evaluations are carried out. The accuracy of this validation framework is evaluated on a series 

of synthetic datasets. Finally some examples of how this framework can be used to evaluate 

the performance of different segmentation algorithm are given. 

1.3. Outline 

The contents of this thesis work are organized as follows. 

Chapter 2 consists of an overview of some basic theories of the binary quantitative evaluation 

metrics, STAPLE method and some common segmentation methods to be evaluated later with 

the proposed framework. 

Chapter 3 explains different parts of the proposed framework in detail. 

Chapter 4 describes the experiments conducted to validate and evaluate the proposed 

framework a set of test with both synthetic data and clinical data.  

Chapter 5 discusses the given results and the limitations and possible optimization issues of 

the presented work. 

Chapter 6 gives the conclusion and suggestions for future works. 
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Chapter 2 

Background 

This chapter, firstly, introduces some basic concept about a number of quantitative evaluation 

metrics i.e. spatial overlap metrics and distance metrics. Secondly, the distance transform is 

explained. Thirdly, the STAPLE approach of generating a ground truth from several manual 

raters is presented. The last section introduces some common segmentation approaches that 

are later used in our algorithm comparison experiments. 

2.1. Quantitative evaluation metrics 

One of the critical tasks of selecting the right image segmentation approaches for different 

medical image analysis tasks is to determine the accuracy of the algorithms. The accuracy is 

required in order to prove the improvement of the new algorithm compared with the current 

algorithms. It is also need for the user to figure out the algorithms’ characteristics for 

appropriate usage. Many metrics have been presented to evaluate the segmentation 

approaches’ performance. The most common metrics include success rates, similarity metrics 

and distance metrics. The success rates and similarity metrics compare the consistency 

between the ground truth and the automated segmentation. The distance metrics measure the 

difference distances between the contour of the ground truth and the automated segmentation. 

These metrics are explained in more detail in the following sections. 

To explain these evaluation metrics, the following definitions are used throughout this thesis: 

 X as a set of all voxels in an image 

 G as the set of voxels labeled as segmented object by human expert raters manually. G 

defined as     stands for ground truth or gold standard.  

 A as the set of voxels labeled as segmented object by a proposed automated 

segmentation method and defined as   X. 

The equations of the success rates and similarity metrics as partially overlapping of these two 

sets can be formulated using disjoint sets as follows (Figure 2.1) [2]: 

 True positive (TP) set of common labeled voxels between a ground truth and a 

proposed method (       ) 

 True negative (TN) set of non-target-object labeled voxels between these two sets 

(        ) 

 False positive (FP) set as          

 False negative (FN) set as         
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2.1.1. Success rates 

Success rates are usually defined by sensitivity and specificity. Sensitivity is also named as 

target overlap that is the intersection between two similarly labeled regions r in G and A over 

the extent of G volume (Equation 2.1) [1]. Specificity is defined as the fraction of the non-

target-object voxels over the non-ground-truth voxels (Equation 2.2). That is, the fraction of 

the negative samples which are also labeled as negative by the to-be-evaluated segmentation 

method  [1]. 

 Sensitivity = 
       

    
    

    

         
 

    

   
       (2.1) 

 Specificity = 
    

         
 

    

    
        (2.2) 

Where | | indicates volume as the number of voxels. 

 

Figure 2.1: Schematic Venn diagram based on comparison between gold standard segmentation and 

automated segmentation 

2.1.2. Similarity metrics 

Similarity metrics measures how well two segmentation overlaps. Two similarity measures 

are commonly used to measure the fraction of spatial overlap between two binary images, a 

gold standard G and a proposed automated segmentation method, A. 

One is the Dice coefficient [29] or mean overlap as a special case of the Kappa coefficient. 

Dice is defined as the intersection between two similarity labeled regions r in G and A over 

the average volume of these two regions (Equation 2.3). Furthermore, Dice can be summed 

over a set of multiple labeled regions [1,2]. 

         
       

         
  

    

                     
   (2.3) 

The other is the Jaccard coefficient [30] or union overlap that is defined as the intersection 

between two similarly labeled regions r over their union (Equation 2.4).  Jaccard can also be 

summed over a set of multiple labeled regions [1,2]. 
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   (2.4) 

The ranges of these similarities vary from 0 to 1 where 0 indicates that the sets have no 

common regions and 1 indicates that the sets are equivalent [3]. 

These two similarity metrics can be rewritten as [4]: 

       
         

         
 (2.5) 

This conversion indicates that the Dice value is always larger than the Jaccard value, except at 

0 and 1 when both are the same [4].  

2.1.3. Distance metrics 

The proposed similarity metric does not demonstrate the dissimilarity between the boundaries 

of the ground truth and the automated image explicitly [2], which may matter more than the 

overlap area in different scenarios. Therefore, the distance metrics are presented to measure 

the distance between these two boundaries. A distance metric between the two curves should 

fulfill the following properties, [5]: 

                       

               

                     

The third equation is the triangle inequality where A, B and C are the curves. 

Hausdorff distance 

The distance metric, d(G, A), is defined to measure the distance between two given curves, G 

and A, that corresponding to ground truth and automated segmentation method contours 

respectively (Equation 2.6). In discrete images, these two contours can be seen as sets of 

points G={g1,g2,...,gm} and A={a1,a2,...,am}, where each gi and ai is representing coordinates 

of the curves’ points. The distance d of the gi to the closest point on the A curve is defined as 

[5]: 

                      (2.6) 

The Hausdorff distance [31], HD, between these two curves is defined as the maximum of the 

distance between these two curves to the closest point between them (Equation 2.7).  

                                            (2.7) 

Mean absolute distance 

Mean absolute distance (MAD) uses the same distance metric,        , as defined in 

Hausdorff distance (Equation 2.6) between two given contours G and A. The signed distance 

property is used to represent if the proposed point is inside or outside the contour [15]. Then 
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MAD is calculated as the average of the absolute of these distances for all points on curve A 

(na) [4].  

       
 

  
            

    (2.8) 

It is worth mentioning that the mean distance (MD), which measures the average of the sign 

distances from each voxel of the one curve to the other curve, is also commonly used. The 

mean distance from the G curve to the curve A is defined as [2]: 

      
 

  
          

    (2.9) 

Standard deviation 

The standard deviation (STD) is used to verify the dispersion of the distance from the mean 

absolute/mean value where a low STD indicates that the data points distribute close to the 

mean value.  The standard deviation from the G curve to the curve A is defined as: 

        
 

  
                     

    (2.10) 

        
 

  
                  

    (2.11) 

2.2. Distance transform 

The distance metrics implemented in this thesis is based on the distance transform technique. 

A distance transform (DT) also called distance field represents the distance between each 

point in the field to the closest point on the proposed object on the field. Signed distance field 

can be interpreted as a property where the sign is used to tell if a proposed point is inside or 

outside the object [15]. The distance transform has many useful applications in computer 

vision, image analysis and pattern recognition [16].  

Let X be a set, the unsigned continuous distance transform (USDT) from point p to the closest 

point of the set X is defined as [15]: 

                       (2.12) 

Signed distance transform (SDT) given a closed surface S represents the distance to the 

boundary,   , and the sign clarifies if the point is inside or outside the object S (Equation 

2.13). As a convention, the inside sign is negative [15]. 

                              (2.13) 

The first step in the distance transform creation is to produce a boundary condition near to the 

surface boundary from where the distances are calculated.  The second step is to produce the 

distances to the remaining volume using a DT [15].  
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DT methods can be categorized by the distance estimation of two neighboring voxels and the 

way of distance production through the volume. The following three distance transform 

methods are commonly used for distance metrics because of the relatively high accuracy [15]. 

Chamfer Distance Transform 

Chamfer distance transform (CDT) calculates the new distance of each voxel from its 

neighbours using a distance template. The distance template is defined based on the 

neighboring voxels such as 8 adjacent values in 2D and 26 adjacent values in 3D [15]. 

Euclidean Distance Transform 

Euclidean Distance Transform (EDT) on the Cartesian discrete plane was suggested by 

Danielsson [32] in the 1980. Euclidean uses a boundary condition of voxels including a vector 

to the closest point on the closed surface, and expanding these vectors through the volume 

[15,16]. 

The signed Euclidean distance transform (SEDT) can be interpreted as a weighted distance 

transform by sign where the inside sign is negative. 

The Fast Marching distance transform 

The fast marching method (FMM) calculates the arrival time of a front in its normal direction 

at a set of grid points. The FMM uses Eikonal equation (Equation 2.14) which is a non-linear 

partial differential equation (first or second order estimation from its neighbors’ distances) 

solution for wave propagation problems [15]. 

The Eikonal equation is defined as: 

               , T =0 on the curve Ӷ (2.14) 

Where     is the speed of the front and T is the arrival time function of the front. 

The Eikonal equation expresses an inverse relation between the front velocity and the arrival 

time’s gradient. Given a point p, T(p) indicates the time which the front passes p.  If F=1, the 

T(p) will be the distance measure from p to the closest point on the front at time 0. The FMM 

can be defined in 2D/3D grid on surface representation such as triangle meshes [15]. This 

method was suggested separately by Tsitsiklis [34], Sethian [33] and Helmsen [35]. 

The FMM calculates the T values from boundary values using Dijkstra’s single-source 

shortest path algorithm [36]. A grid point with a known arrival time is called frozen point. 

Firstly, the distance values between a frozen grid points and adjacent grid points on the 

boundary condition are calculated. Secondly, the shortest distance is chosen to freeze this grid 

point. Thirdly, the distance measure is updated at all adjacent grid points, except the frozen 

points. Finally, the algorithm is looped back to the second step to calculate the shortest 

distance value. Therefore, the set of frozen points are broadened [16]. 
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2.3. STAPLE algorithm 

Human expert raters have often been used for reference segmentations despite of high intra-

observer and inter-observer variability. One solution to overcome the variability is to collect 

multiple segmentations from several raters, however how to combine these results into one 

trustworthy ground truth is not immediately clear. The STAPLE method uses a set of 

segmented images from multi-raters to estimate the probability of the true segmentation, and 

compute the performance of each rater using an expectation-maximization (EM) algorithm. 

The estimated performance is used as a weighting factor on each segmented image. Then, the 

true segmentation is estimated by optimal synthesis of the segmentations. The weighting 

process depends on the performance level of the observer, a prior model of the spatial 

distribution of the segmentation and some spatial homogeneity features. The image collection 

can be performed by an expert or an automated segmentation method. STAPLE is relatively 

straightforward to be used on medical images to assess automated segmentation algorithms’ 

performance or compare the human rater and automated method performance [7]. 

In the STAPLE method, the expert segmentation outcome is observable at each voxel. The 

hidden true segmentation is represented as a binary variable for each voxel. The segmentation 

performance of each rater is represented by the sensitivity and specificity characteristics. The 

complete data includes both the segmentation outcome and the true segmentation.  

If we knew the true segmentation, it would be straightforward to estimate the performance 

level by maximum-likelihood estimation (MLE). Since the complete data is not accessible, 

the log likelihood of the complete data can only be achieved using estimation. The estimation 

is performed on the hidden true segmentation probability given the segmentation outcomes 

and a previous performance estimate of each rater. The performance parameters are estimated 

by MLE, or maximum a posteriori (MAP) estimation when a prior probability distribution of 

the parameters is available. The series of this conditional probability are iterated until the 

algorithm converges on a local maximum [7]. 

To explain the algorithm in more detail, we define an image of N voxels where the presence 

and absence of the pattern at each voxel implies the binary segmentation definition. Let   

              be a vector with sensitivity parameter of each rater where R indicates the 

number of raters.                 is a vector of specificity parameter of each rater. D is a 

matrix that represents the binary outcomes of each voxel at each segmentation. T represents 

the hidden binary true segmentation where the presence and absence of the structures in each 

voxel are defined by 1 and 0 respectively. The complete data and its probability mass function 

are represented by (D, T) and f (D, T|p, q) respectively [7].  

The objective of this algorithm is to estimate the expert performance parameters (p,q) by 

maximization of  the complete data log likelihood function 

                                (2.15) 
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If the true segmentation is known, the sensitivity and specificity could be easily estimated. Let 

Dij be an outcome of segmentation                   that represents the presence or 

absence of the structure at voxel                    with Ti is the true segmentation [7].  

 Sensitivity or the true positive fraction can be calculated  from the probability of Dij = 

1 when Ti = 1 

 pj = Pr(Dij = 1|Ti = 1)  (2.16) 

 

 Specificity or the true negative fraction can be calculated from the probability of Dij = 

0 when Ti = 0 

 

 qj = Pr(Dij = 0|Ti = 0) (2.17) 

Let                            be the unknown performance parameters of rater j and 

                 be the unknown parameters for the R segmentations from all raters. The 

complete data log likelihood can be formulized as 

 ln   Lc{θ} = ln   f (D, T|θ)  (2.18) 

 

The EM algorithm deals with the incomplete data log likelihood maximization by iterative 

estimation and maximization of the complete data log likelihood. 

 ln   L{θ} = ln   f (D|θ) (2.19) 

 

Since the complete data log likelihood is not available, it is altered by the expectation given 

the observable data D using the current θ estimate. The conditional expectation of the 

complete data log likelihood is named as the E-step, and the maximization of parameters is 

named as the M-step [7]. 

Let θ
m
 be an estimation of θ in the m:th iteration, the E-step can be seen as building the 

objective function Q using an expectation of a series of conditional distributions (Equation 

2.20).    

                                                     (2.20) 

The M-step maximizes the Q(θ|θ
m

) over all the θ parameters to estimate θ
m+1

 as 

                         (2.21) 

The performance parameters at iteration m+1 that maximize the conditional expectation of the 

log likelihood function are given by 

                                   (2.22) 

Finally, the overall computation of updating (p
m+1

, q
m+1 

) can be summarized in a single 

function (Equation 2.23) 

                                                       (2.23) 
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Where (p
m+1

, q
m+1

) is the estimate of the expert performance level parameters at 

iteration m+1, under the assumption that T is independent of the performance level 

parameters.  

Furthermore, the algorithm can be generalized to multi-labels which the hidden true 

segmentation at each voxel is a finite set of labels, however that is out of the scope of this 

thesis work and the interested readers should refer to [7] for more information. 

2.4. Segmentation methods 

All segmentation approaches have their own advantages and limitations that need to be 

considered when it comes to specific applications and image modalities [10,13]. To 

demonstrate how the proposed validation framework can be used to compare the performance 

of different segmentation algorithm, some semi-automated and automated segmentation 

algorithms were used in the later experiments. The brief summaries of these algorithms are 

listed below. 

Thresholding method 

Segmentation of an image by thresholding is the simplest and fastest method. The threshold is 

applied using some histogram features, which is suitable for foreground object and 

background with relatively uniform brightness and distinct gray level. The local minima of 

the histogram are often used to define the threshold. The binary result can be expressed as 

Equation 2.24, where ri, j is the result of the threshold (T) of the voxel (V(i,j)) at (i,j) 

coordinate [8]. pi, j can be any type of image feature, for example intensity, gradient or 

orientation. 

        
          

         
    (2.24) 

This binary thresholding method has difficulty to segment different objects at different gray 

levels. Band thresholding as a multiple thresholding method is therefore a more practical 

approach. 

Threshoding is more often used as an initial step of a sequential image processing tasks to 

reduce the computational burden for the rest of the steps. Thresholding doesn’t consider the 

spatial feature of the image therefore its results will easily be influenced by noise and 

intensity inhomogenities. The method’s performance is reduced due to difficulties in detection 

of the local minima of the histogram. One possible solution to this problem is to use local 

thresholding method [8,10]. 

Region growing method 

Region growing method segments a connected region of an image based on specified 

measures such as intensity and edges. The simplest region growing type needs some manually 

seed points initialization to segment all the connected pixels based on the seed points 

intensities. That is, the algorithm compares the similarities between the seeds point and 

surrounding pixels to segment the region [10]. 
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Region growing is more often used within interactive image processing tasks. This method is 

also sensitive to noise, high noise level can result in holes or discontinuity segmentation in the 

image. In addition, the partial volume effect can result in mistakenly connecting two or 

several distinct regions (also known as “leaking” problem). Edge detector was reported to be 

helpful to overcome this problem [10]. 

Watershed method 

The watershed method segments the image into homogenous regions using morphological 

concepts [10]. The method uses the image magnitude of the gradient making a topographic 

view or a landscape [9]. A lake in this landscape has dark pixels and hills have bright pixels 

based on image gradient [11]. Assume rain falls and fill the lakes that specified by local 

minima, then the watershed is constructed to separate the neighboring lakes’ water. The 

different lakes or catchment basins show different regions in the image. Therefore, the 

number of regions is based on the number of local minima in the image which can result in 

over-segmentation of the image when the number of local minima increases by noise and 

local irregularities of the gradient [9, 11]. This artifact can be solved in a post-processing step 

to merge the similar structure regions together, which normally involves two or several user 

defined seed points [10]. 

Active contour method 

The active contour, also known as the snake method, has a contour that adapts to the object 

shape using energy minimization (Equation 2.25) [9]. The contour is defined as the curve v(s) 

where v(s) = [x(s), y(s)] as coordinate function and s   [0 1] as parametric domain [9]. 

The aim of the algorithm is to minimize an energy (E), consisting of an internal energy (Eint), 

external energy (Eext), and other energies (Econst): 

                                                 (2.25) 

The internal energy is based on the contour shape, which is usually related to the arc length 

and the curvature of the contour. The goal is to minimize both at the same time. 

             
  

  
 
 

         
   

    
 

 

 
   (2.26) 

The α and β parameters control weight of the arc length (elasticity) and the contour curvature 

(tension) respectively. 

The external energy is based on the image feature I(v(s)) contents (Equation 2.27) and is 

usually defined as a function of the image gradient [9] 

                          
 

 
    (2.27) 

Where               indicates that the Gaussian filter applied on the image since the 

gradient is sensitive to the noise. The standard deviation   estimates the edges that face with 

the contour [9]. 
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The external energy is often defined as a non-linear function of the image gradient: 

      
 

       
  (2.28) 

Other energies could come from user interaction or region minimizing but are not include in 

our experiments. 

Snake is mainly used for 2D segmentation tasks. The 3D type of snake method is referred as 

deformable model [9]. 

Snake method imposes some local prior knowledge about the target image, i.e. smoothness, 

during segmentation, therefore is less sensitive to noise. This shape prior can be easily 

manipulated to adapt to different level of noise. In addition, different types of external energy 

results in a flexible framework. 

Snake method requires the initialization of the contour to be relative close to the real target. 

Otherwise, it can get trapped in object local minima [9, 10]. Another drawback of this method 

is absence of topological adaptation. 

Level set method 

Level set method as a specific type of active contour, can effectively handle the holes, 

concavities and splitting and merging of the evolving contour [13,14]. It was first introduced 

by Osher and Sethian [37] in1988.  

Level set method is based on two principle concepts: the interface represented by the zero 

level set of a higher dimensional function Ф and the interface’s motion speed along artificial 

time t [14]. 

Ӷ(t) is defined as a moving closed hypersurface that propagates with the speed of    in the 

normal direction.    can depend on different features such as curvature and normal direction 

[14]. 

  Ӷ             (2.29) 

A front point can be represented as          which evolves its position over time. The curve 

is defined by the iso-contour of height zero at any time [17] 

              (2.30) 

The distance from point (x,y) to the closest point on the contour corresponds to the surface 

height: 

                (2.31) 

Where the positive distance denotes the specified point is outside the contour and the negative 

distance denotes inside it. The initial Ф function can be any arbitrary function for which the 

zero level of this level set function fits the initial contour. Therefore, by knowing Ф at t =0 

and calculating the motion expression, Ф can be estimated at any time [17] 
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     (2.32) 

 
  

     

     

  
 

  

 

 

 
   (2.33) 

           (2.34) 

Where the speed    is computed by a force F normal to the surface  

                      
  

    
 (2.35) 

The motion expression implementation results in function evaluation using finite difference 

method (Equation 2.36) in order to discretizing function for pixels of the images. 

 
                    

  
                                     (2.36) 

In image segmentation, the surface is updated by the force raised from the image (Equation 

2.37 and Equation 2.38). The goal is expanding the curve inside an object that needs high 

force against low force on the edge of the object to preserve the curve on the edges. The force 

can be defined by the image gradient [17] 

        
 

            
 (2.37) 

          
 

          

    (2.38) 

Where λ and   control the edges. Another type of speed function uses image intensity instead 

of image gradient. In this case, the speed function propagates based on a range of intensity 

values of the segmentation target. The speed function is around zero at the upper and the 

lower boundaries of this range which locks the fast front wave at the boundaries [19, 23]. 

To reduce the computation cost, it can calculate neighboring nodes around the zero level of 

the Ф(x(t),t) instead of entire grid, that is called narrow-band level set method introduced by 

Adalsteinsson and Sethian [38] in 1995. A recent even faster solution of level set function was 

developed at the Center for Medical Image Science and Visualization (CMIV), Linköping 

University Hospital [22], was used in this thesis work. 

Clustering method 

K-mean clustering method is categorized as an unsupervised machine learning method where 

k refers to the extent of clusters defined by user. After the user provides an initialization 

condition, k random prototypes (represented by vector µk) are placed in the sample cloud in 

the feature space as the center of each cluster. In the iteration phase, each data sample 

(represented by vector xn) from the data set {x1,x2,...,xN} is assigned to the closest prototype 

using the Euclidean distance of image features. Then the mean of each cluster would be 

updated. For each point a corresponding binary indicators           are defined so that if 
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data xn is assigned to cluster k then rnk = 1 and rnj= 0 where   . This is called the 1-of-K 

coding scheme. Then the distortion measure (DM) can be defined as Equation 2.42 [12] 

                   
   

 
    (2.40) 

The goal is to find {rnk} and {µk} to minimize the DM function. To minimize the DM two 

steps of optimization are needed concerning r and µ in each iteration. Updating r and µ 

corresponds to E and M steps in the EM algorithms respectively [12]. 

The fuzzy c-means method derives from the K-means method using fuzzy set theory to 

produce soft clustering. In soft clustering versus hard clustering, each pixel can belong to 

more than one class, i.e. rnk is no longer a binary function but a probability function of sample 

n belonging to k cluster [10]. 

Since the clustering method does not take into account the spatial features directly, it is 

sensitive to noise and intensity irregular homogeneities [10]. 
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Chapter 3 

Methodology  

In this chapter, the proposed segmentation validation framework is introduced.   

The proposed framework is trying to meet named challenges, an estimation of the ground 

truth and evaluation of the automated segmentation using a set of metrics.  

3.1. Related Open-source Frameworks 

The proposed thesis work is implemented using several open source frameworks, namely Qt, 

ITK and VTK. 

Qt 

Qt(“cute”) is a C++ cross-platform and  GUI development library for desktop and embedded 

systems. It uses an internal render engine to render the graphic user controls that mimic the 

native platform controls. It allows the software based on this framework to be “written once, 

run everywhere”. Qt framework supports all popular operating systems, such as Windows, 

Mac OS and Linux. In the current application, Qt 4.8 is used to make our software available 

to users who run different operating system. 

ITK 

The Insight Segmentation and Registration Toolkit (ITK) is an open-source, object-oriented 

and cross-platform toolkit that is used for quick development of prototype image analysis 

applications. ITK implements state-of-art registration and segmentation algorithms for 

multidimensional data. ITK which is implemented in C++ uses CMake as a building system 

to manage cross-compilation process [23]. It uses highly efficient templates and most of the 

errors are detected at compile time rather than at run time [23]. The majority of the evaluation 

algorithms of the proposed software such as the STAPLE and distance transform function, are 

based on the ITK implementations. 

Visualization Toolkit (VTK) 

The visualization Toolkit is an open-source and cross-platform library used for image 

processing and visualization of 2D/3D data set. VTK supports a wide range of visualization 

and modeling techniques that can be integrated with different GUI environments such as Qt. It 

also provides easy conversion between ITK image formats and allows directly exchanging 

data between modules from these two frameworks. VTK is used to implement some parts of 

the evaluation algorithms, such as extracting the iso-contour for measuring distance metrics. 

3.2. Implementation of the segmentation validation framework 

The user interface of the proposed segmentation validation application is presented in Figure 

3.1. The input data is basically divided into two parts, the manual segmentation and the 
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automated segmentation input. The automated segmentation image is entered at the same time 

as the manual segmentations which are processed first to generate the ground truth. The 

calculation button triggers the evaluation process, where a number of evaluation algorithms 

are performed by comparing the input segmentation image with the ground truth. There is also 

a “Calculate Hausdorff” switch that by default is checked to calculate the distance metrics. 

The output result is organized into four parts, the STAPLE, the similarity metrics, the distance 

metrics from the generated ground truth to the automated segmentation and finally the 

distance metrics from the automated segmentation to the ground truth. Note that the input 

images should have the same size. The prototype dataflow is illustrated in Figure 3.2. 

The software is written in C++ and uses Qt for GUI. It uses some available functions 

implemented in ITK and VTK libraries for most of the validation procedures. An overview of 

the software components are illustrated in Figure 3.3. The diagram also indicates the 

relationships between components and their dependency on different libraries.  

The main software components in the system are: 

 Data Component 

The data component is an interface used for loading the 2D/3D segmented images 

from storage media and converting them to proper format for internal use. 

 Validation Component 

The images sent from the data component are processed using various validation 

methodologies in this part. 

 GUI Component 

GUI component includes Button controls for starting image capture and segmentation 

validation calculation. In addition, has a check box to choose the specific algorithm 

calculation. The results are represented in text format in the main window.  

In the proposed framework, the STAPLE function used to generate ground truth segmentation 

is the itkSTAPLEImageFilter module [19]. The performance of each segmented image and 

the average of them are represented as sensitivity and specificity parameters. 

The similarity metrics, such as the Dice and Jaccard coefficients are processed using the 

itkLabelOverlapMeasuresImageFilter module [19]. 

To calculate the distance metrics from section 2.1, two itkReinitializeLevelSetImageFilter and 

vtkContourFilters, ITK and VTK modules respectively, are used where the former calculates 

the fast marching distance transform of the ground truth segmentation and the latter calculates 

the iso-contour of the segmented object in the to-be evaluated image [19, 20]. 
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Figure 3.1: The proposed segmentation validation application 

 

 

 

 

 

 

 

 

 

Figure 3.2: Dataflow of the proposed framework 
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Figure 3.3: An overview of the segmentation validation application 

Use 

Use 

Use Use 

Validation 

component 

GUI component 

Data component 

Qt VTK ITK 

Use 



19 

 

Chapter 4 

Experimental Results 

Four experiments were designed to evaluate the presented validate framework. Firstly, a set of 

synthetic data is used to demonstrate the characteristics of STAPLE for the ground truth 

generation. Secondly, a series of tests were run to ensure the metrics measurements were 

correct and accurate. Thirdly, a series of segmentation algorithms were tested on a few 

synthetic datasets and the results were evaluated using the proposed framework to compare 

the performance of different algorithm. Finally, a real example of using the proposed 

framework to evaluate segmentation results of a new software for brain tumor segmentation 

was performed.  

4.1. STAPLE validation 

The main objective of this section is to run some set of synthetic based tests to demonstrate 

how the ground truth is generated by the STAPLE method and how the results vary when the 

input is modified in a controlled way. The proposed tests are applied on the same size and 

types of the synthetic data i.e. circle, rectangle and ellipsoid with different location based on 

the test. Only the circle data set are presented here, and the results from the other shapes are 

similar to the circle case. The number of the observers varies from 2 to 5 in different cases. 

Varying the performance of one rater 

This test is performed with three synthetic images to compare the STAPLE output with 

varying performance of raters. The up-left-10 and down-left-10 images are shifted 10 pixels 

in each mentioned direction from the center of the image i.e. the up-left-10 image is shifted 10 

pixels up and 10 pixels to left. These two circles were still kept while the middle circle moved 

from the exact center of image toward the right side at a step length of 10 pixels i.e. the 

center, right-10 and right-20 images. The resulting probability maps are shown in Figure 4.1. 

The table on the side of each STAPLE image lists the sensitivity and specificity of each 

observer and the mean of them, which is extracted from the proposed application. The values 

of the homogenous areas of the probability maps marked by labels are also listed in the far 

right tables and sorted from the highest probability to the lowest one. 

Increasing number of observers 

In this experiment, the number of observers is increased while the first two segmentation 

images are kept in the same place, i.e. the up-left-10 and down-left-10 images are the same for 

different tests, but different numbers of center images are added to the STAPLE algorithm (0, 

1). In the five observer case, one image 10 pixel shifted to the right and one image 20 pixel 

shifted to the right are added to the three observer experiment. The resulting probability maps 

are shown in Figure 4.2. The values of the homogenous areas of the probability maps are 
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marked by labels which also listed in the tables and sorted from the highest probability to the 

lowest one.  

   a 

   b 

   c 

Figure 4.1: The ground truth of three observers where the first two are shifted 10 pixels in each direction of 

the down-left and up-left and the third is without shifting (center), shifted 10 and 20 pixels to the right from 

up to down respectively. The tables next to each image represent the sensitivity and specificity from the 

STAPLE method and the alphabetic list in the most right refers to the intensity fraction based on labels in 

the images  

  

Circle  Sensitivity Specificity  A 1 

down-left-10 0.889134 0.952839  C 0.9794 

up-left-10 0.889134 0.952839  B 0.8479 

Center 0.961903 0.981963  E 0.2257 

Mean 0.91339 0.962547  D 0.0331 

Circle  Sensitivity Specificity  A 1 

down-left-10 0.893026 0.951264  B 0.9522 

up-left-10 0.893026 0.951264  C 0.9229 

right-10 0.863494 0.939597  D 0.1073 

Mean 0.883182 0.947375  E 0.0674 

Circle  Sensitivity Specificity  A 1 

down-left-10 0.896585 0.949856  B 0.9739 

up-left-10 0.896585 0.949856  C 0.8479 

right-20 0.751775 0.893317  D 0.1785 

Mean 0.848315 0.93101  E 0.0314 
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  a 

    b 

 c  

Figure 4.2: The ground truth of two, three and five observers. The two oberserver case have circles shifted 

10 pixels in each direction of down-left and up-left respectively. The three observer case adds a circle in the 

center and the five observer case adds two additional circles shifted 10 and 20 pixels to the right.  

4.2. Metrics validation 

This experiment is designed to validate the implemented metrics in the proposed framework 

by using three sets of synthetic data, rectangle, circle and ellipsoid. 

Rectangle 

The first set of synthetic data is rectangle objects in 2D/3D. In the first experiment the size of 

the ground truth is 120 pixels length in each direction. The automated synthetic data is one 

and two pixels smaller and bigger than the ground truth in each side. The similarity and 

distance metrics of this series of synthetic data are summarized in the Table 4.1 and Table 4.2. 

A 0.9934 

B 0.4816 

C 0.0057 

A 1 

C 0.9794 

B 0.8479 

E 0.2257 

D 0.0331 

A 1 

C 0.6754 

D 0.0228 

B 0.0201 
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Another experiment is to set the automated test image as the same size as the ground truth but 

translated one pixel in different directions. Since the results in different directions were the 

same, the translation row shows the results of a single direction. (See Table 4.1 and Table 4.2) 

Table 4.1: The metric results from automated rectangle images to ground truth of size 120 pixels in each 

direction in 2D  

2D HD MD STD MAD STD(abs) Jaccard Dice 

118 1.54533 1.00001 0.0000006 1.00001 0.0000006 0.966944 0.983194 

119 1.54533 0.498775 0.499127 0.498775 0.499127 0.983403 0.991632 

121 1.54533 -0.50517 0.502593 0.505175 0.502588 0.983539 0.991701 

122 1.54533 -1.00893 0.0692479 1.00893 0.0692479 0.967482 0.983472 

Translation 1.00001 -0.00416 0.707094 0.501728 0.498265 0.983471 0.991667 

  

Table 4.2: The metric results from automated rectangle images to ground truth of size 120 pixels in each 

direction in 3D 

3D HD MD STD MAD STD(abs) Jaccard Dice 

118 2.02247 1.00001 0.0000008 1.00001 0.0000008 0.950829 0.974795 

119 2.02247 0.49755 0.498256 0.49755 0.498256 0.975208 0.987448 

121 2.02247 -0.510339 0.505159 0.510344 0.505154 0.975411 0.987552 

122 2.02247 -1.01786 0.0977367 1.01786 0.0977367 0.951622 0.975211 

Translation 1.00001 -0.00554292 0.577337 0.335645 0.469777 0.983471 0.991667 

  

Circle  

The second set of the synthetic data are circles in 2D and sphere in 3D. The circle of radius 60 

is chosen as the ground truth of the first set of experiments. The same set of tests as for the 

rectangle is applied i.e. the radius varies from 58 to 62. Due to numerical errors, the metrics 

measured in different translation case are slightly different from each other, the results of each 

direction are listed under the corresponding name i.e. up, down, left, right, zleft, zright where 

zleft and zright represents the third direction in 3D. (See Table 4.3- Table 4.4) 

Table 4.3: The metric results from automated circle images to ground truth of radius 60 pixels in 2D 

2D HD MD STD MAD STD(abs) Jaccard Dice 

58 2.44137 2.04564 0.2274 2.04564 0.2274 0.932945 0.96531 

59 1.54533 0.995264 0.236876 0.99526 0.236876 0.966994 0.98322 

61 1.54533 -0.872 0.189432 0.872 0.189432 0.969026 0.984269 

62 2.41635 -1.88231 0.24283 1.88231 0.24283 0.937464 0.967723 

Right/Down 1.00001 0.0386094 0.704075 0.602993 0.36553 0.979199 0.98949 

Left/Up 1.00001 0.0386095 0.704076 0.602993 0.36553 0.979199 0.98949 
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Table 4.4: The metric results from automated circle images to ground truth of radius 60 pixels in 3D 

3D HD MD STD MAD STD(abs) Jaccard Dice 

58 2.44132 1.99118 0.224842 1.99118 0.224842 0.903905 0.949527 

59 1.54533 1.01577 0.23683 1.01577 0.23683 0.950761 0.974759 

61 1.54532 -0.861654 0.225322 0.861654 0.225322 0.95216 0.975494 

62 2.43068 -1.84916 0.242947 1.84916 0.242947 0.906984 0.951223 

Right/Down/Zright 1.00001 0.0587036 0.570943 0.452341 0.353284 0.975496 0.987596 

Left/Up/Zleft 1.00001 0.0587033 0.57094 0.452339 0.353282 0.975496 0.987596 

 

Ellipsoid 

The third set is ellipsoid with radius around 60 in 2D/3D. The same set of experiment as 

mentioned above is applied here. The major axis is chosen as 90 in x direction for both 2D 

and 3D and the other axis are set to 60. (See Table 4.5- Table 4.6) 

Table 4.5: The metric results from automated ellipsoid images to ground truth in 2D 

2D HD MD STD MAD STD(abs) Jaccard Dice 

58 3.29897 2.34774 0.405226 2.34774 0.405226 0.935185 0.966507 

59 1.99739 1.16768 0.311965 1.16768 0.311965 0.967766 0.983619 

61 2.00001 -1.08674 0.332829 1.08674 0.332829 0.967577 0.983521 

62 3.37085 -2.29851 0.415637 2.29851 0.415637 0.936479 0.967197 

Right 2.00001 0.0338723 0.916042 0.729519 0.555052 0.979182 0.989482 

Left 2.00001 0.0338724 0.916043 0.729519 0.555052 0.979182 0.989482 

Down 1.00001 0.0349247 0.781443 0.70986 0.328591 0.979231 0.989507 

UP 1.00001 0.0349239 0.781435 0.709853 0.328587 0.979231 0.989507 

 

Table 4.6: The metric results from automated ellipsoid images to ground truth in 3D 

3D HD MD STD MAD STD(abs) Jaccard Dice 

58 4.20807 2.17591 0.321177 2.17591 0.321177 0.915636 0.95596 

59 2.18384 1.09805 0.256038 1.09805 0.256038 0.957308 0.978188 

61 2.12132 -0.928821 0.238276 0.928821 0.238276 0.958827 0.978981 

62 3.99935 -1.98526 0.283942 1.98526 0.283942 0.920063 0.958367 

Right 2.12132 0.0981775 0.575497 0.415702 0.409911 0.982438 0.991141 

Left 1.99739 0.0850269 0.573888 0.414019 0.406405 0.982462 0.991154 

Up/Zleft  1.00001 0.059652 0.641679 0.542412 0.347994 0.976574 0.988148 

Down/Zright 1.00001 0.059654 0.641683 0.542415 0.347996 0.976574 0.988148 

4.3. Segmentation evaluation 

This experiment tries to roughly compare several commonly used segmentation methods. 

These methods are explained briefly in section 2.4. The evaluation is done on two synthetic 
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images in 2D, one with a rectangle object (120 pixel length) and the other with a circle object 

(60 radius). The objects have an intensity of 255, and the background is set to 0. Different 

noise levels were added to these images. The *-20, *-10 and *-5 refers to 20, 10 and 5 db 

signal to noise ratio (SNR) respectively, and the * sign refers to Rec as a rectangle and Cir as 

a circle images. The performances of the aforementioned segmentation algorithms at different 

noise level are summarized in Table 4.7 - Table 4.8 and Figure 4.3 - Figure 4.4. The 

implementation of each segmentation method and some key parameters are summarized 

below. Moreover, the trend map of Dice coefficient, the Hausdorff distance (HD), mean and 

standard deviation of the absolute distance (MAD and STD (abs)), corresponding to each 

algorithm are plotted versus different noise level in Figure 4.5- Figure 4.8. 

Thresholding method: A simple binary threshold method with a threshold of 128 is used. 

The Threshold module of MeVisLab [21] is used.  

Region growing method: MeVisLab [21] Region growing segmentation module is applied 

while the threshold interval is set to 0.5. A single seed point is manually set in the center of 

each object in all cases. 

Watershed method: The itkWatershedImageFilter [19] is applied for watershed 

segmentation. Threshold and Level are two parameters that set the filter output. 

Active contour method: The snake method is implemented in Matlab follows the principle 

described in section 2.4. The initial contour consists of 100 points, are marked manually by 

the user. The α parameter which minimizes the arc length is set to 1. The η parameter for the 

external energy which affects the total force value in each point is set to 1. 300 iterations are 

used to evolve the contour. 

Level set method: MiaLite [22] is used for Level set segmentation. A circle area is used as 

the initial seed region. The constant lower threshold and upper threshold are set to 127 and 

355 respectively and a smoothing factor of 0.6 is applied for all the images. 

Fuzzy clustering method: The FuzzyCluster module in MeVisLab [21] which uses c-mean 

clustering is used. This method classifies the image based on the image gray values. The 

number of clusters is set to two in this case, background (index 0) and the target object (index 

1) [21]. 
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Table 4.7:  The metric results of different segmentation algorithms on the circle image with noise levels 20, 

10 and 5 db are presented from top to down respectively 

Cir_20 HD MD STD MAD STD(abs) Jaccard Dice 

Thresholding 0.00001 -0.0000083 0.0000014 0.0000083 0.0000014 1 1 

Region growing 0.00001 -0.0000083 0.0000014 0.0000083 0.0000014 1 1 

Watershed 6.99999 2.04336 1.22912 2.05507 1.20944 0.940773 0.969483 

Active contour 8.44823 1.1631 1.96364 1.29598 1.8786 1.8786 0.984598 

Level set 0.00001 -0.0000083 0.0000014 0.0000083 0.0000014 1 1 

Fuzzy clustering 0.0000082 0.0000026 0.0000047 0.0000048 0.0000024 1 1 

 

Cir_10 HD MD STD MAD STD(abs) Jaccard Dice 

Thresholding 62.8294 -0.992612 7.40476 1.24555 7.36644 0.999566 0.999783 

Region growing 0.00001 -0.0000083 0.0000014 0.0000083 0.0000014 1 1 

Watershed 72.4468 -11.9221 19.3945 13.7272 18.1616 0.930527 0.964014 

Active contour 4.24265 -1.06978 1.13627 1.14076 1.06499 0.961941 0.980601 

Level set 0.7071 0.0029136 0.0453606 0.0029302 0.0453595 0.999913 0.999957 

Fuzzy clustering 62.8294 -1.65347 8.33696 1.65348 8.33696 0.999479 0.999739 

 

Cir_5 HD MD STD MAD STD(abs) Jaccard Dice 

Thresholding 78.658 -4.55537 28.5641 22.5672 18.0936 0.924237 0.960661 

Region growing 44.6557 -0.281851 3.87449 1.09229 3.72801 0.982417 0.991131 

Watershed 67.9613 -6.75048 18.124 9.66887 16.75 0.936236 0.967068 

Active contour 5.54385 -1.74426 1.38694 1.84889 1.24403 0.938372 0.968207 

Level set 0.707115 0.0043746 0.0717363 0.00731301 0.0714965 0.999739 0.99987 

Fuzzy clustering 78.658 -14.2534 27.7605 24.9453 18.7493 0.919335 0.957972 

 

Table 4.8: The metric results of different segmentation algorithms of the rectangle image with noise levels 

20, 10 and 5 db are presented from top to down respectively 

Rec_20 HD MD STD MAD STD(abs) Jaccard Dice 

Thresholding 0.00001 -0.00001 0 0.00001 0 1 1 

Region growing 0.00001 -0.00001 0 0.00001 0 1 1 

Watershed 54.2901 -6.64039 8.96714 7.74001 8.0372 0.818096 0.899948 

Active contour 7.66229 0.601587 1.52719 0.609446 1.52407 0.98646 0.993184 

Level set 0.00001 -0.00001 0 0.00001 0 1 1 

Fuzzy clustering 0.0000053 0.0000052 0.0000006 0.0000052 0.0000006 1 1 

 

Rec_10 HD MD STD MAD STD(abs) Jaccard Dice 

Thresholding 51.4023 1.09192 10.2262 3.48355 9.67642 0.998542 0.999271 

Region growing 27 0.350192 2.85067 0.362358 2.84915 0.999653 0.999826 

Watershed 23.3607 -5.62097 7.53034 6.94266 6.33251 0.814809 0.897956 

Active contour 6.00001 -1.12244 1.38068 1.20657 1.3078 0.96304 0.981172 

Level set 0.00001 -0.00001 0 0.00001 0 1 1 

Fuzzy clustering 51.4023 0.440584 9.48231 2.95688 9.02026 0.998751 0.999375 

 

Rec_5 HD MD STD MAD STD(abs) Jaccard Dice 

Thresholding 57.6623 -2.10937 23.1234 18.8018 13.6246 0.919992 0.958329 

Region growing 47 4.28839 9.41504 4.61888 9.25738 0.988895 0.994417 

Watershed 68.5995 -6.19772 8.49628 7.35786 7.51401 0.818287 0.900064 

Active contour 6.00001 -1.71624 1.36486 1.74221 1.33155 0.943629 0.970997 

Level set 1.00001 0.00412223 0.0908151 0.00827434 0.0905313 0.999861 0.999931 

Fuzzy clustering 57.6623 -7.08607 22.4503 19.3194 13.4532 0.916738 0.95656 
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 Level set 

 Fuzzy clustering 

Figure 4.3: The results of mentioned segmentation algorithms of circle images with 20, 10 and 5 db noise 

level from left to right respectively 

 

 Original images 
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 Region growing 
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 Watershed 

 Active contour 

 Level set 

 Fuzzy Clustering 

Figure 4.4: The results of mentioned segmentation algorithms of rectangle images with 20, 10 and 5 db 

noise level from left to right respectively 
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Figure 4.5: Dice measurements of different algorithms for different noise level of circle and rectangle from 

left to right respectively  

 
Figure 4.6: Hausdorff distance measurements of different algorithms in different noise level of circle and 

rectangle from left to right respectively  

 
Figure 4.7: Mean absolute distance measurements of different algorithms for different noise level of circle 

and rectangle from left to right respectively  
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Figure 4.8: Standard deviation measurements of different algorithms for different noise level of circle and 

rectangle from left to right respectively  

4.4. Brain tumor evaluation 

The last experiment is a real case example of using the proposed segmentation framework to 

evaluate new software for tumor segmentation using brain MRI datasets. The ground truth of 

each case is generated using three manual segmentations produced by medical experts. The 

MiaLite software, which implements a new level set algorithm [22] is used to segment the 

tumors semi-automatically by a non-medical professional. The sensitivity and specificity of 

the three observers, the mean of them and the comparison with the generated ground truth are 

computed by the proposed segmentation validation software. One example is shown in Figure 

4.9. Table 4.9 and Table 4.10 summarize the measured metrics. 

Table 4.9:  The automated segmentation evaluation results, with ground truth of three manual observers, by 

the Application. 10 different results are presented 

 HD MD STD MAD STD(abs) Jaccard Dice 

Brain1 2.37033 0.0944739 0.319825 0.134319 0.305241 0.957735 0.978411 

Brain2 3.60418 0.636122 0.669319 0.65114 0.654718 0.853154 0.920759 

Brain3 1.78814 0.382005 0.383302 0.382005 0.383302 0.883076 0.937908 

Brain4 1 0.302672 0.330895 0.305863 0.327949 0.956795 0.97792 

Brain5 3.06792 -0.129979 0.351315 0.129983 0.351314 0.955639 0.977316 

Brain6 17.1742 -1.23788 2.70383 2.04299 2.16084 0.721466 0.838199 

Brain7 29.0248 -6.9761 7.38457 7.04991 7.31413 0.445482 0.616378 

Brain8 44.6047 -12.1965 12.0248 12.3057 11.913 0.388555 0.559653 

Brain9 14.7998 3.60065 3.6716 3.71811 3.55259 0.648796 0.786993 

Brain10 2.90783 0.641307 0.505272 0.641946 0.504459 0.906709 0.951072 

Mean 12.0342 -1.488323 2.834473 2.736197 2.746754 0.771741 0.854461 

STD 14.6760 4.604899 3.954773 4.019016 3.921646 0.213650 0.154490 
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Table 4.10: The produced ground truth of three manual observers results by the application. 10 different 

results are presented 

 Sensitivityof  

observer1 

Sensitivityof 

observer2 

Sensitivityof 

observer3 

Meanof 

sensitivity 

Specificityof 

observer1 

Specificityof 

observer2 

Specificity 

of observer3 

Meanof 

specificity 

Brain1 0.993794 0.983335 0.97692 0.984683 0.999731 0.999746 0.999992 0.999823 

Brain2 0.989093 0.953669 0.969408 0.970723 0.9989 0.999932 0.999952 0.999595 

Brain3 1 0.911642 0.993029 0.968224 0.999641 1 0.999962 0.999868 

Brain4 0.993115 0.99339 0.894319 0.960275 0.998767 0.999975 1 0.99958 

Brain5 0.929347 0.998386 1 0.975911 1 0.997479 0.999811 0.999097 

Brain6 0.9968 0.85386 0.987179 0.945946 0.99733 0.992561 0.995614 0.995168 

Brain7 0.990038 0.986541 0.901556 0.959378 0.995136 0.999 0.998361 0.997499 

Brain8 0.958514 0.989784 0.883128 0.943809 0.992449 0.999017 0.999147 0.996871 

Brain9 0.994782 0.964063 0.94325 0.967365 0.971196 0.999894 0.998652 0.989914 

Brain10 0.966143 0.99841 0.86896 0.944505 0.999801 0.999308 0.999997 0.999702 

Mean 0.981162 0.96331 0.941775 0.962082 0.995295 0.998691 0.999149 0.997712 

STD 0.022736 0.046846 0.050211 0.013969 0.008813 0.002287 0.001385 0.003163 

 

 

 

Figure 4.9: The first three images represent the manual segmentation of Brain1 image from observer1 to 

observer3 respectively. The second row, from left to right, shows the ground truth image produced by 

STAPLE and the automated image produced by the MiaLite application 
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Chapter 5 

Discussion 

Countless numbers of segmentation algorithms have been published in literature. At the same 

time more and more new segmentation algorithms are being developed all over the world. So 

far the evaluation of these algorithms is mostly performed by the authors themselves in 

various ad hoc ways. To evaluate them in a standardized manner is therefore a crucial task 

that will help researchers to compare different algorithms and choose the right one for specific 

tasks. In this thesis, a relatively complete segmentation validate framework is presented, 

which generates ground truth from a number of manually segmentations and performs a series 

of evaluation measurements. This framework is specially designed for medical image 

segmentation validation where there is usually lack of “ground truth,” It provides relatively 

complete evaluation that covers the most common similarity metrics and distance metrics. It 

is also designed to be easy-to-use and covers most common image formats and popular 

operating systems. Some detailed reflections on the implemented method and experiment 

results are listed in the following sub-sections.  

5.1. STAPLE validation 

The trivial technique of computing the mean shape among several manual segmentations will 

cause one observer’s error to be spread in the final result. STAPLE estimates the ground truth 

by taking into account the performance of each observer and reduces the influence of a badly 

performing observer versus the others. Figure 4.1 demonstrates the output changes as one of 

the rater’s performance worsen (mimic by moving the third segmentation towards the right). 

In the first case when the third observer out performance the other two, the area marked by 

solely him has relatively high probability of belonging to the object. While its performance 

become worse and worse, the probability of such area decreases. On the other side the areas 

marked by solely the other two observer increases.  

The STAPLE algorithm works better when more manual segmentation results are provided. 

This can be partly demonstrated in the experiment summarized in Figure 4.2. As the number 

of raters increases, the wrongly marked areas by the first two observers (mimic by the first 

two shifted circles) tend to have lower probability. 

Even though the main purpose of involving STAPLE in this framework is to generate the 

ground truth. STAPLE can be used to evaluate the segmentation performance using the 

sensitivity and specificity readout directly, i.e. to include the automatic segmentation among 

the other manual segmentation results as input to STAPLE. This may be more reasonable in 

some scenario as no assumption of human observer is better than computer software is made.  

The drawback of the current implementation of STAPLE is that it takes no spatial information 

of voxels into account when computes the probability map, which is often incorrect if we 

know the object to be segmented has smooth boundary. One solution is to consider the local 
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homogeneity as a prior knowledge when computing the posteri-probability of the ground 

truth, which has been discussed in the original STAPLE paper [7]. Due to limited time, this 

improvement has not been tested during this thesis work. 

5.2. Metrics validation 

To ensure the measured metrics in our application are accurate, a series of validation tests 

were designed. (See Table 4.1- Table 4.6)  

Firstly, the similarity metrics, Dice and Jaccard coefficients were verified using both the 

synthetic data and separate implementation in MATLAB. All the results fit well with the 

expected ground truth values.  

Secondly, the distance metrics were validated in the same manner. For the rectangle cases, the 

HD was measured 1.54533 instead of the theoretical value of 1.414 (square root of 2) and in 

the 3D case the result is 2.02247 instead of 1.732 (square root of 3) which shows relatively 

high error value. Similar error also presents in the circle and ellipsoid cases. These errors 

come from two aspects of the implementation. One is due to the discretization of the distance 

field, second is due to the discretization of the iso-contour of input image. These numerical 

errors can not be easily resolved with the current implementation. Fortunately, these errors 

tend to disappear when come to measurement that involves more points, such MD and MAD. 

In all cases the MD and MAD are very close to the expected true value and the related 

standard deviation is very small when low deviation is expected in these regular-shaped test 

cases. In general, when the automated image is completely inside or outside the ground truth 

both of the MD and MAD show the same results as expected. However, there is some 

numerical error causing the MAD to be slightly larger than the absolute of MD in some 

translation cases. 

5.3. Segmentation evaluation 

In this thesis work, we try to give a couple of examples how this validation framework can be 

used in practice. In the first example, a series of common image segmentation techniques 

were applied on a set of synthetic images. To make a fair comparison, no pre-processing step 

or post-processing operation were allowed during the test, because a simple Gaussian 

smoothing step will significantly improve the results for most of the algorithms. It should also 

be pointed out, in reality, more factors other than the accuracy of the results should be 

considered when come to segmentation algorithm evaluation, for example the computational 

complexity, requirement of user intervention etc.  

As different metrics show different aspect of the segmentation algorithm’s character, the 

following discussion is organized for different metrics. 

Similarity metrics 

In general, all algorithms show very high Dice coefficient in our experiments. Watershed and 

the active contour methods have relatively lower values, this might be due to that fact that 
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these two methods rely on the gradient on the object to define the border. As no smoothing is 

allowed, the measured gradient in these noise images is not reliable. (See Figure 4.5)  

Among the other algorithms, the level set method achieved the best score for different noise 

level while the thresholding, region growing and fuzzy clustering methods performed very 

well at low level of noise, but results become less accurate as noise level increases. (See 

Figure 4.5- Figure 4.7) 

 Hausdorff distance (HD) 

Hausdorff distance is a measurement that mainly reflects the regularity of the segmentation 

results, i.e. whether the segmentation contains holes or sharp spikes that doesn’t really present 

in the results. The best algorithm in this category is again the level set with the lowest values 

compare to the others where the highest HD is around 1 for the 5 db. The second best 

algorithm is the active contour. This is expected because these two methods penalized the 

irregularity in the contour while thresholding, fuzzy clustering methods do not take into 

account any spatial information and watershed and region growing only pay attention to the 

connectivity measurement (Figure 4.6). 

Mean absolute distance and standard deviation 

The mean absolute distance, MAD, and its corresponding standard deviation, STD(abs), can 

reflect both the fitness of the segmented results and its irregularity (Figure 4.7 and Figure 

4.8). In general, the plot of MAD is very close to the plot of Dice coefficient (but inverted), 

and the plot of its STD is roughly the same as the plot of HD. Yet, it reflects different aspects 

of the accuracy compared to the other two measurements, which can be observed by noticing 

the changing position of the active contour method in different plots. 

To summarize, the level set method has the best results in both similarity and distance 

metrics. The region growing has the second place in the similarity case and roughly good 

distance results after level set and the snake. Thresholding and fuzzy clustering mehods are 

quite promising when the noise level are rather low. These methods have relatively high 

similarity score, but the distance metrics get worsen quickly when increasing the noise level. 

The worst method in these series of tests is the Watershed method where the increasing noise 

affects its performance significantly. 

5.4. Limitation of the current implementation 

This framework lacks visual support that helps the user to compare the difference of the 

segmentation result locally. Another limitation of this work is that the measurement accuracy 

of both the similarity metrics and distance metrics depend on the image resolution. Finally the 

current implementation is not able to evaluate non-binary segmentation output or multi-label 

datasets.  
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Chapter 6 

Conclusion and Future work 

In this thesis a segmentation validation framework is presented. The proposed segmentation 

validation framework uses STAPLE algorithm to generate the ground truth from a number of 

raters and evaluate the automated segmentation image using a series of similarity and distance 

metrics. A set of tests using synthetic images have been carried out to verify the accuracy of 

the framework. Using the proposed framework, a preliminary comparison of several 

commonly used segmentation algorithm on a series of synthetic images was carried out. The 

results indicate the level set method gives the most accurate results at various noise levels. 

The region growing method is the second best method which works reasonable well at low 

level of noise. The proposed framework was also used to evaluate interactive tumor 

segmentation software compared with manual segmentation from three observers. However 

due to the small sample size, no conclusion can be drawn. 

Some future work of the proposed framework includes building better visualization function 

to visualize the generated ground truth and its difference from the automated segmentation 

result. Another work is to develop the metrics methodologies to calculate the results based on 

the fractional labeling instead of binary labeling and to improve the numerical implementation 

to achieve more precise results. 
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