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CHAPTER I 

INTRODUCTION  

1.1 Motivation 

  The most important aspect of the human central nervous system is the ‘Visual 

Perception’, which entitles an individual to assimilate and process visible light in order 

to construct and understand the surrounding world. The term ‘Computer Vision’ [1-2] 

was coined in the early 1950s in order to duplicate this highly complex ‘Visual 

Perception’ capability of humans by electronically capturing, processing [3-4] and 

eventually understanding an image. The first and the most significant step in order for 

any visual system to make high level interpretation of a scene is to fragment the scene 

into multiple meaningful regions of interest. This process of partitioning the image 

into more cognizable domains is termed as ‘Image Segmentation’ [5-9].  The core of 

this dissertation will concentrate on the ‘Image Segmentation’ stage of the computer 

vision system.  

Curve propagation is a popular technique under this segmentation category, 

which operates on the central idea of evolving an initial curve towards the lowest 

potential of a cost/energy functional. The cost function in the curve propagation 

algorithms are designed such that its minimization occurs when the curve is on the 

target object. Based on the application at hand, the energy functional might comprise 

of various image based and curve based features. There are a number of algorithms in 

the literature like Active Shape Models (ASM) [10], AAM [11], Parametric Active 

Contours (PAC)/Snakes [12], Geometric Active Contours (GAC)/Level Sets [13-14], 

Intelligent Scissors (IS) [15] and graph cuts [16-18] that employ this principle concept 

of designing and minimizing cost function. The challenge in applying these energy 

minimizing techniques lies in the selection of appropriate features and subsequently 

customizing them. The first two parts of this dissertation will focus on customizing 
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such energy minimization methods and subsequently developing fully automatic 

machine vision systems for two different applications. 

 

 For challenging applications, fully automatic segmentation techniques might 

not produce an accurate result for all the images in the database. In order to address 

this problem, interactive/user-driven segmentation techniques, like IS [15-16], have 

been developed which prove to be highly efficient for cases requiring high localization 

accuracy. Recently, one of the interactive segmentation technique, namely IT-SNAPS 

[19], is not only used for segmentation, but also to unobtrusively extract the significant 

features and the weight parameters necessary in order to develop an automatic 

segmentation procedure. However, all these interactive techniques are completely 

driven by low level image features and lack the advantages offered by hybrid 

techniques, that combine low-level and high-level features. This dissertation will also 

focus on incorporating two intrinsic properties, namely shape and bilateral symmetry, 

into the IS framework. 

1.2 Problem statement 

The central idea of this dissertation is to customize energy minimizing segmentation 

techniques for two applications and integrate intrinsic features into an interactive 

segmentation framework. Customized fully automatic schemes have been developed 

for segmenting stains and identifying the class of firearm. A novel interactive 

segmentation scheme has been proposed that offers the advantages of a hybrid 

segmentation method. 

1.3 Contributions 

The main contributions of the dissertation are as follows: 

1.3.1 Stain segmentation using adaptive parametric snakes 

1. Analyzing the importance of parameter selection by employing parametric 

active contours for stain segmentation application. 
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2. Developing a unique scheme for adaptively determining the snake parameter 

value corresponding to the pressure energy term of the snake algorithm. 

3. Applying the developed methodology for efficient stain segmentation. 

1.3.2 Firearm class identification from cartridge cases 

1. Developing a fully automated machine vision system for ‘Ballistics 

Fingerprinting’ using customized energy minimization methods. 

2. Validating the methodology on a sizeable data set of images. 

1.3.3 Embedding shape into an interactive segmentation framework 

1. Incorporating shape based feature into the IS framework. 

2. Validating the developed methodology on varying scenarios of occlusion, 

spurious edges and broken edges. 

3. Improving the existing state-of-the-art interactive segmentation technique, 

namely IT-SNAPS.  

4. Testing the algorithm in order to segment the occluded lung boundaries in 

digital chest x-ray images. 

1.3.4 Interactive segmentation of a projectively distorted symmetrical 

object 

1. Establishing a relationship between the symmetric halves of a projectively 

distorted symmetrical object. 

2. Incorporating symmetry into IS, so that segmenting one symmetric half will 

automatically predict/segment the other symmetric half. 

3. Develop a collinearity based parameterization scheme in order to register the 

distorted symmetrical object and its symmetrical counterpart. 

1.4 Organization of the dissertation 

The dissertation proposal is organized as follows. Chapter 2 discusses a machine 

vision system developed for stain segmentation in fabrics. A novel method is 
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developed in order for an important snake parameter to self-customize and evolve 

based on the image data. Chapter 3 discusses the various steps involved in developing 

a fully automated ‘Ballistics Fingerprinting’ system. Chapter 4 presents the 

incorporation of shape based feature up to a rigid transform in an interactive 

segmentation framework. The proof of concept is demonstrated on images with 

occluded targets, broken and spurious edges. In addition, the algorithm is also tested in 

order to annotate occluded lung boundaries in digitized chest x-ray images. Chapter 5 

discusses the procedure employed in adding bilateral symmetry feature into the IS 

framework. Finally, Chapter 6 discusses the conclusions and future directions of the 

proposed work. 
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Chapter II 

STAIN SEGMENTATION USING ADAPTIVE PARAMETRIC SNAKES 

 

2.1 Overview  

This chapter presents a machine vision system for simultaneous and objective 

evaluation of an important functional attribute of a fabric; namely, soil/stain release. 

Soil release corresponds to the efficacy of the fabric in releasing stains after 

laundering. Within the framework of the proposed machine vision scheme, the 

samples are prepared using a prescribed procedure and subsequently digitized using a 

commercially available off-the-shelf scanner. A customized adaptive statistical snake, 

which evolves based on region statistics, is employed in order to segment the stain. 

Once the stain is localized, appropriate measurements can be extracted from the stain 

and the background image that can help in objectively quantifying stain release.  

2.2 Motivation 

Currently, the assessment of stain release in textile laboratories all over the 

world are governed by the American Association of Textile Chemists and Colorists 

(AATCC) test method 130 [20]. According to the AATCC test method 130, stain 

release is evaluated by staining the fabric followed by a standard laundering procedure 

and finally comparing the appearance of the laundered fabric to a set of AATCC stain 

replicas as shown in Figure 2.1. After visual comparison, an appropriate stain release 

grade (ranging from 1 to 5) is assigned to the fabric by a trained technician. 

 The above discussions highlight the fact that the AATCC test method 130 

requires a high level of technician involvement which tends to make the stain release 

measurements subjective and non-repeatable. These shortcomings necessitate the need 

for objective methods in order to evaluate the stain release.  
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Figure 2.1. AATCC stain replicas showing a series of graduated stains from grades 1 through 5 

2.3 Existing work 

The recent emergence of fast and specialized computerized resources have 

popularized machine vision schemes that operate on digitized fabric images and 

produce objective measurements [21-27]. With regard to stain release, one of the first 

attempts to detect oily stains was performed by Shin [21], wherein a texture-based 

mask was used to detect the stain. Chen et al. [22], proposed the use of a back-

propagation neural network to inspect fabric defects such as lack of yarns and oily 

stains. Chung-Feng [23] used a neural network to dynamically detect fabric defects 

such as holes, oil stains, warp-lacking and weft-lacking. However, the afore-

mentioned approaches do not deal with or discuss the problem of stain release 

measurement. In [24], Xu et al., demonstrate preliminary results on obtaining stain 

release measurements through image analysis, and conclude by referring to computer 

grading as a promising alternative to visual evaluation of stain release. Recently, 

Gururajan et al. [25, 26] proposed a statistical modeling scheme coupled with multi-

scale analysis for accurate detection and segmentation of stains. However, a drawback 

of the method presented in [25, 26] was that the statistical nature of the approach 

imposed constraints on the size of the stain that could be detected successfully. If the 

stain size was either too small or too large with respect to the fabric image 

background, the system failed to report the presence of a stain. The latest work in the 

arena of stain release is that conducted by Kamalakannan et al. [27], wherein energy 
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minimizing curves, termed as statistical snakes [28], are employed to segment the 

stains in the fabric images. Using a sizeable dataset, it was demonstrated that there 

was an improvement with regard to the stain segmentation accuracy as compared to 

that in [25, 26]. In addition, this work also improved upon the computational 

efficiency of the process, by implementing the statistical snakes algorithm on a 

graphical processing unit (GPU). Despite its advantages, this approach suffers from 

one major shortcoming, namely parameter customization which relates to the issue of 

optimally setting the parameters within an energy term in the snake model. 

2.4 Proposed work 

The proposed work  presents a fully automated machine vision system that segments 

the stains in fabric images by employing parametric region based active contours. The 

contributions of the proposed work are as follows: 

1. A detailed analysis of the challenges faced in setting the parameter of 

statistical snakes is presented. 

2. A novel scheme is developed in order to adaptively compute the statistical 

snake parameter for each image and consequently evolve the parameter during 

snake evolution. 

3. The proposed scheme is employed in order to segment the stains in fabric 

images. 

4. The proposed algorithm is tested on a sizeable dataset of stains and a high 

segmentation accuracy of  87% demonstrates the efficacy of the proposed 

approach. 

The rest of the chapter is organized as follows. Section 2.5 forms the core of the 

chapter. Firstly, in Section 2.5.1 the formulation of the statistical snakes is presented. 

In Section 2.5.2, the necessity and challenges of parameter customization is discussed, 

by analyzing the shortcoming of the work presented in [27] for stain segmentation. 

The problem of parameter customization is tackled by incorporating a statistical 

procedure based on prior knowledge in [27], which elicits the parameter value based 

on the distributions of the stain and the fabric background and is presented in Section 
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2.5.3. Further, this scheme is incorporated into the snake evolution process, which 

results in the adaptive evolution of the snake parameters. Section 2.6 analyses and 

discusses the results produced by the proposed approach.  

2.5 Algorithm 

 The fabric images are obtained according to a prescribed procedure as 

discussed in [27], according to which the stains are placed at specific locations on the 

fabrics based on a template. This in turn aids to localize the stain centre, which further 

is used in order to initialize the snake contour, as shown in Figure 2.2. 

 

Figure 2.2. Example of a digitized stained fabric image with the initial contour (red) around the stain 

center 

2.5.1 Statistical snakes 

As presented in [27], stain segmentation is accomplished using statistical snakes 

algorithm proposed by Ivins et al., in [28]. In order to highlight the contributions of 

the current research, it would be appropriate to provide a short technical background 

describing the formulation of statistical snakes in [28]. As with all existing snake 

variations, the statistical snakes approach aims to evolve the deformable contour so as 

to minimize an energy function, given by 

  
snake internal external

E =E +E ,                (2.1) 

where, 
snake

E , 
internal

E and 
external

E  correspond to the total energy, internal energy and 

external energy of the snake, respectively. These energy terms are chosen as follows. 

The internal energy formulation of the statistical snake is given by, 
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221 2

internal 2

s=0

dV(s) d V(s)
E = α +β ds,

ds ds

 
 
 
 
∫                         (2.2) 

where, ( ) [ ( ), ( )]V s x s y s=  corresponds to the snake contour that has been 

parameterized with respect to the arc length 's' . The terms α  and β  are positive 

weighting constants, which are defined a priori. The first term in Eq. (2.2) is generally 

referred to as elastic energy, which is proportional to the length of the contour. The 

second term depends on the curvature of the contour, and is referred to as the bending 

energy. Minimization of the first two terms in the internal energy equation imposes the 

properties of smoothness and continuity on the snake contour.  Further details on these 

energy terms can be found in the seminal paper by Kass et al. [12]. Using calculus of 

variations [29], it can be shown that minimizing the internal energy term in Eq. (2.2) 

will give rise to internal forces that drive the contour, given by, 

                                                    
( ) ( )2 4

x,internal 2 4

x s x s
F = -α + β

s s

∂ ∂

∂ ∂
                               (2.3) 

                                                    
( ) ( )2 4

y,internal 2 4

y s y s
F = -α + β

s s

∂ ∂

∂ ∂
                               (2.4) 

where 
x,internalF and 

y,internalF are the internal forces in the horizontal and vertical 

directions,  respectively. 

The external energy term, which is typically dependent on the properties of the 

target image, is defined as follows. To begin with, the external energy formulation in 

statistical snakes assumes that at least a small part of a region within the target object 

(object to be segmented) is available to the algorithm a priori. Thus, one could 

possibly initialize a close contoured snake that lies within the area encompassed by the 

target object. This area enclosed by the initial snake contour is termed the seed region, 

which essentially serves as a representative region for the target object. Accordingly, 

the underlying idea is to use the statistics of the seed region to evolve the snake. If the 

target image is represented as I, the external energy of the snake is given by 
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                                          ( ) ( )( )( )( )
1

external

s=0

E = ρ R I x s ,y s A ds∫ ∮                            (2.5) 

                             In Eq. (2.5), the term ( ( ), ( ))I x s y s refers to the intensity 

value in the target image corresponding to the location ( )x(s), y(s) . The term A  refers 

to the area enclosed by an elemental length ds and the center of the contour. Also, the 

function R(I(x(s), y(s))  is given by, 

                                             
seed

seed

I(x(s),y(s))-µ
R(I(x(s),y(s)))=1-

cσ
                             (2.6) 

Here, seedµ and seedσ  refer to the mean and standard deviation of the image 

intensities within the chosen seed region, respectively and c  is a positive constant. 

The value of c  essentially indicates the number of standard deviations from seedµ

within which any intensity value is still statistically considered to be part of the seed 

region, and hence, part of the target object. If we represent the set of all points within 

and outside the target object as T  and T , respectively, then for any given point 

( )x(s), y(s)   in the image 

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

seed seed

seed seed

I x s ,y s < µ +cσ ,  if x s , y s T

I x s ,y s > µ +cσ ,  if x s ,y s T

∈

∈





                 (2.7) 

Using calculus of variations, the external force is computed to be 

                                                 
x,external

dy(s)
F =ρR(I(x(s),y(s)))

ds
                                  (2.8) 

                                                 
y,external

dx(s)
F =-ρR(I(x(s),y(s)))

ds
                                (2.9) 

where 
x,externalF and 

y, externalF are the external forces in the horizontal and vertical 

directions, respectively. 

Within this framework, one can proceed to explain the principle of curve evolution as 

follows. If the control points of the snake contour lie within the set T , then the term 
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seed

seed

I(x(s),y(s))-µ

cσ
 in Eq. (2.6) assumes a value less than unity. This makes the term 

R(I(x(s),y(s)))  in Eq. (2.6) to be positive, which in turn, causes the snake contour to 

expand when one tries to minimize the external energy term in Eq. (2.5).  The snake 

continues to expand until the boundary of the object is reached.  The moment the 

snake goes outside the boundary of the object, the term 
seed

seed

I(x(s),y(s))-µ

cσ
 becomes 

greater than unity, which causes the term R(I(x(s),y(s)))  to be negative. Consequently, 

minimization of Eq. (2.5) leads to a compression force that restores the snake back to 

the boundary of the object. Therefore, at the boundary of the object, the expansion and 

compression forces reach equilibrium, effectively, segmenting the object. 

2.5.2 Parameter selection 

In the context of the current application, the target object corresponds to the 

stain.  Figure 2.2 shows an example of a seed region(shown in red) initialized 

automatically within the stain. Previous studies in [27], which use the afore-described 

statistical snake on a set of fabric images indicate the vulnerability of the segmentation 

process with respect to the parameter c defined in Eq. (2.5). This is as illustrated in 

Figure 2.3, which shows the variation in segmentation results obtained for different 

values of c . 

 

Figure 2.3. Illustrating the segmentation results (shown in red) obtained for (a) c = 1, stain is under-

segmented (b) c = 2.5, reasonable segmentation (c) c = 3, the snake keeps expanding until it reaches the 

image boundaries 
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The value of c  required for optimal segmentation of the stains, as shown in 

Figures 2.3(b), is around 2.5. It can be noticed that depending on the type of stain and 

background, different values of c  would result in different segmentation regions as 

highlighted in Figure 2.3.  Hence, it is necessary to come up with an alternative 

method in order to compute c  such that the optimal segmentation is achieved 

irrespective of the stain and background type. 

2.5.3 Adaptive Statistical snakes 

 

Here, we propose a technique to adaptively vary the parameter c in order to 

achieve optimal segmentation of the target object (stain) in the image. We start with 

the assumption that the probability distributions of the image intensities corresponding 

to the stain and the fabric background can be approximated using two Gaussian 

distributions, respectively. Further, the means and standard deviations of the image 

intensities corresponding to the fabric background and the stain are given by 
bgµ , 

stain
µ , 

bgσ  and 
stain

σ  respectively. The rationale for the assumption of normality can be 

justified using the facts that the fabric background is homogenous, and that the stains 

diffuse isotropically after the process of laundering. Figure 2.4 shows a fabric image 

with a stain and its corresponding intensity distribution modeled as a mixture of two 

Gaussians. 

In Figure 2.4, note that the intersection point of the two Gaussians, which is 

represented as 
intersect

I , corresponds to the intensity threshold that separates the stain 

and fabric background distributions. If we represent the image intensity as a random 

variable z , and the fabric and stain distributions as ( / )f z fabric and ( / )f z stain , 

respectively, then the threshold point 
intersect

I  is determined by solving the following 

equation 

          
intersect intersect

( ). (( ) / ) ( ). (( ) / ),f fabric f z I fabric f stain f z I stain= = =         (2.10) 

where ( / ) ( , )bg bgf z fabric Normal µ σ∼ , ( / ) ( , )
stain stain

f z stain Normal µ σ∼
 
and 
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( )f fabric  and ( )f stain  correspond to the prior probabilities of the fabric and stain 

respectively. 

 

Figure 2.4. (a) Fabric image consisting of a stain (b) The distributions of the pixel intensities 

corresponding to the fabric background (in red) and stain (in blue) modeled as Gaussians 

 

Now, one can argue that the c  value for optimally segmenting the stain, denoted as 

optc , will correspond to the number of standard deviations that one has to digress from 

stain
µ  in order to reach the intensity threshold 

intersect
I . This can be written as follows. 

                                              intersect stain opt stainI cµ σ− =  

                                          
intersect stain

opt

stain

I
c

µ

σ

−
⇒ =                                         (2.11) 

As 
intersect

I depends on 
bgµ and 

bgσ , 
optc  depends upon the means and variances of both 

the fabric, as well as the stain distributions. The following examples will serve to 

clearly illustrate the above formulation. 

Case 1: 

Figure 2.5(a) shows an example of an image consisting of a stain, which is well-

separated from the fabric background. The corresponding stain and fabric distributions 

are as shown in Figure 2.5(e). As the intensity values in the regions corresponding to 

the stain and the fabric background are homogenous and well separated, one can see 
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that there is minimal amount of overlap between the two distributions. This essentially 

means that a relatively high value of 
optc  is necessary to digress from 

stain
µ  to 

intersect
I . 

Using Eq. (2.11), 
optc  was obtained to be 5.7. The segmented stain using this optimal 

c  value is shown in Figure 2.5(i). 

Case 2: 

Figure 2.5(b) shows an example of stain that is comparable to Case 1 in terms of the 

separation between the stain and the background intensities. However, in this image, 

note that the fabric background is not as homogenous as in Case 1. The relatively 

higher standard deviation of the fabric background leads to a slight overlap between 

the fabric and stain distributions, which implies that a smaller value of 
optc  (as 

compared to Case 1) would suffice to optimally segment the stain. Eq. (2.9) produces 

a 
optc  of 3.8, which corroborates our reasoning, and the corresponding segmented 

image is shown in Figure 2.5(j). 

Case 3: 

Figure 2.5(c) shows an uniform stain on a non-uniform background. Unlike cases 1 

and 2, the intensity values corresponding to the stain are close to that of the fabric 

background (Figure 2.5g)). Here, the optimal c value is computed to be 2.2, which as 

expected, is smaller compared to the 
optc  values obtained in Cases 1 and 2. The 

segmentation produced by the proposed approach is shown in Figure 2.5(k). 

Case 4: 

The image in Figure 2.5(d) is similar to the one in Case 3; the only addition being that 

in this case, the stain foreground is also noisy. As expected, the distributions of the 

stain and the fabric have a larger overlap (Figure 2.5(h)) than the above three cases. 

Hence, compared to the previous cases, a relatively low value of c  suffices to go from 

stain
µ  to 

intersect
I . Figure 2.5(l) shows the corresponding optimal c  value and the final 

segmentation result obtained using statistical snakes. 

 The four cases discussed so far suggest that if there is appropriate prior 

knowledge regarding the means and variances of the pixel intensities corresponding to 
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the stain and the background, then one could estimate an optimal c  value that is 

customized for every image. 

 

 

Figure 2.5. Illustrating the examples in cases 1 - 4 (see text for detailed description) (a) - (d) Fabric 

image consisting of a stain, (e) - (h) The distributions of the pixel intensities corresponding to the fabric 

background (in red) and stain (in blue) modeled as Gaussians, and (i) - (l) Segmentation results (in red) 

and the corresponding 
optc value. 
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Accordingly, we propose to incorporate prior knowledge of the means and variances 

and adaptively vary c as follows. The locations of the four image corners are used to 

determine four square regions of interest of size 20 by 20 pixels. As can be seen, these 

regions essentially correspond to the fabric background, and hence, the pixel 

intensities within these regions are used to compute the mean (
bgµ ) and the standard 

deviation (
bgσ ) of the fabric background. With regard to the stain statistics, it should 

be mentioned that the statistics of the stain, namely, 
stain

µ  and 
stain

σ  are initially 

computed from the seed region, which is of size 13 by 13 pixels (See Figure 2.2). 

However, in some cases, the seed region might not be completely representative of the 

area corresponding to the stain. In order to account for this, the statistics of the stain 

region are recomputed as the snake evolves on the image. In particular, the mean and 

variance of the stain are recalculated, and consequently, the value of 
optc  is 

recomputed using Eq. (2.9). 

 After the stains have been localized, suitable measurements for stain release 

can be extracted from the segmented image as explained in [25, 26]. 

2.6 Results 

For the validation study, a total of 96 fabric swatches were used. The test 

fabric set consisted of two types of fabrics, namely, khaki and white fabrics. Four 

types of soils were used (two per fabric swatch), namely, mustard, corn oil, grape juice 

and blueberry juice. After preparing the samples (placement of stains), the fabric 

swatches were subject to four types of laundering treatments - (i) warm wash with 

detergent, (ii) warm wash without detergent (iii) cold wash with detergent, and (iv) 

cold wash without detergent. In addition, three replications were performed for each 

type of fabric and stain. Thus, there were a total of 192 stain samples present in the 

dataset. In order to generate the ground truth for the stain release experiment, the 

boundaries of a randomly selected set of 128 stains in the digitized fabric images were 

manually segmented, using which, a binary ground truth mask was generated for every 

delineated stain image. 
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The segmentation results produced by the adaptive statistical snakes approach 

were compared to the manual delineations produced by the analysts. The results were 

quantified in the following manner. If the segmentation result produced by the 

algorithm for a particular image was represented as ' 'A  (say), and if the corresponding 

ground truth for that image was represented as ' 'G  (say), then the segmentation 

accuracy metric [30] was taken to be 

                                                  
A G

S
A G

  =
  

∩

∪
                                                 (2.12)

                   

 

where, �. � denotes the cardinality of the enclosed set. Also, it should be mentioned 

thatthe metric S has been normalized to vary between 0 and 1. For the chosen set of 

128 stains, the mean and variance of the segmentation accuracy metric were found to 

be 0.87 and 0.05, respectively, which are indeed acceptable results for this application 

[27]. Figure 2.6 shows sample segmentation results generated by the proposed 

approach. The ground truth and the segmentation results are shown using red and blue, 

respectively. The segmentation results in Figure 2.6 (c) and (d) correspond to dice 

metric values of .83 and .97 respectively. Figure 2.7 shows the dice metric value 

distribution for the stain images, with the average value indicated by the blue line. 

                     
                                           (a)                                                        (c) 

                   
                                         (b)                                                          (d) 

Figure 2.6. (a)-(b) Digitized fabric images containing residual stains (c)-(d) corresponding segmentation 

results generated by the proposed approach 
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Figure 2.7 Dice metric distribution, with the average value indicated by the blue line 
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Chapter III 

FIREARM CLASS IDENTIFICATION FROM CARTRIDGE CASES 

3.1 Overview 

This chapter presents a machine vision system for automatic identification of the class 

of firearms by extracting and analyzing two significant properties from spent cartridge 

cases, namely the Firing Pin Impression (FPI) and the Firing Pin Aperture Outline 

(FPAO). Within the framework of the proposed machine vision system, a white light 

interferometer is employed to image the head of the spent cartridge cases. As a first 

step of the algorithmic procedure, the Primer Surface Area (PSA) is detected using a 

circular Hough transform. Once the PSA is detected, a customized statistical region-

based parametric active contour model is initialized around the center of the PSA and 

evolved to segment the FPI. Subsequently, the scaled version of the segmented FPI is 

used to initialize a customized Mumford-Shah based level set model in order to 

segment the FPAO. Once the shapes of FPI and FPAO are extracted, a shape-based 

level set method is used in order to compare these extracted shapes to an annotated 

dataset of FPIs and FPAOs from varied firearm types. A total of 74 cartridge case 

images non-uniformly distributed over five different firearms are processed using the 

aforementioned scheme and
 
the promising nature of the results (95% classification 

accuracy) demonstrate the
 
efficacy of the proposed approach. 

3.2 Motivation 

Firearm identification, a discipline of forensic science, refers to the identification of 

ammunition components as being fired from a specific firearm. The firearm, being a 

harder material, leaves certain kinds of marks on the various ammunition components 

that come in contact with the firearm during the firing process. These marks are 

critical in identifying the firearm class and also the specific firearm. In particular, the 

marks left by the firearm on the cartridge case prove to be a reliable source for firearm 

class identification. Two significant properties that aid in the identification of the class 

of firearm from spent cartridge are the Firing Pin Impression (FPI) and the Firing Pin 
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Aperture Outline (FPAO). The FPI is the indentation formed when a firing pin of a 

firearm strikes the Primer Surface Area (PSA) of the cartridge case head. The shape of 

the firing pin is a design characteristic of a particular group of firearms and hence FPI 

is an important feature in identifying the class of a firearm. When the bullet is fired, 

the PSA is forced back into the Firing Pin Aperture (FPA) in the breech block, 

forming an outline of the FPA on the head of the cartridge case. The shape of the FPA 

is also a design characteristic of a family of firearms, hence segmenting and 

characterizing the FPAO formed on the head of the cartridge case is of significant 

value in identifying the class of the firearm. 

Currently, these significant marks are manually labeled by trained technicians 

following which they are compared against a huge database of images in order to 

identify the firearm [31]. The human labor and the search space involved for these 

algorithms are enormous. Hence, an automatic method for extracting these significant 

features (FPI and FPAO) will alleviate the burden of the technician and also reduce 

the search space by identifying the appropriate firearm class. 

3.3 Existing work 

A significant amount of research work focuses on acquiring, storage and management 

of the cartridge images, whereas less importance is given to automatic feature 

extraction from these cartridge images [32-35]. In these systems the users were usually 

asked to position some key marks, such as the ejector impression and the firing pin 

impression, by using graphical user interface; then, some simple matching methods 

were applied to compare these marks. The closest work to the proposed approach can 

be found in [36], in which only FPI and not FPAO is considered for firearm 

identification. 

3.4 Proposed Approach 

A detailed flow diagram of the proposed machine vision system is shown in Figure 

3.1. The major steps involved in the firearm class identification procedure are sample 

preparation, segmentation of FPI & FPAO and firearm classification, which is  
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performed by comparing the segmentation results to the models obtained from a 

hierarchical database. The main contributions of the proposed work are as follows: 

 

Figure 3.1. Flow diagram of the machine vision system for firearm class identification 
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1. Detection of PSA, in order to establish a region of interest, by employing a 

circular Hough transform based method. 

2. Segmentation of FPI using a customized region based statistical parametric 

active contour method. 

3. Segmentation of FPAO by employing a customized Mumford-Shah based 

region growing approach. 

4. Identification of the firearm class by a classification procedure in a level-set 

based registration framework. 

5. Validating the proposed approach on a sizeable data set of images. 

The rest of the chapter is organized as follows. Section 3.5 discusses the system used 

for sample preparation. The algorithmic section that comprises the ‘Segmentation 

component’ and the ‘Classification component’ is discussed in detail in Section 3.6. 

The experimental results of the proposed approach are discussed in Section 3.7. 

3.5 Sample Preparation 

A white light interferometer [37], which measures the geometric properties of an 

object accurately, is used in order to obtain the depth image of the cartridge case head. 

A couple of sample depth images obtained from the white light interferometer and 

their corresponding manually marked outlines of PSA (red), FPI (green) and FPAO 

(blue) are shown in Figure 3.2. The region between the FPAO and PSA outline 

corresponds to the breech face marks area and is shown using a black arrow mark in 

Figure 3.2. The depth image thus obtained is passed on to the ‘Segmentation 

Component’ (See Figure 3.1) in order to determine the significant features that will aid 

in classifying the firearm accurately. 
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                                           (a)                                                                           (b) 

Figure 3.2. Sample Output depth images of (a) Beretta and (b) Glock17 are obtained using 

white light interferometer and their corresponding PSA (red), FPI (green), FPAO 

(blue) and breech face marks region (black arrow) are marked. 

3.6 Algorithm 

This section forms the core of the paper, describing the algorithmic details involved in 

identifying the class of the firearm. The section starts by explaining the approach 

employed in the detection of PSA, which subsequently aids in the segmentation of FPI 

and FPAO. These three steps, i.e., PSA detection, FPI and FPAO segmentation 

comprise the ‘Segmentation Component’ of the machine vision module as shown in 

Figure 3.1. The segmentation results obtained from the ‘Segmentation Component’ are 

passed on to the ‘Classification Component’ (See Figure 3.1) that encompasses the 

steps involved in modeling and comparing the shapes of FPI and FPAO. The two steps 

involved in the ‘Classification Component’, i.e., modeling and comparison, are 

explained towards the end of this section. 
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3.6.1 PSA Detection 

The first and foremost step in identifying the class of firearm is to capture a Region of 

Interest (ROI) comprising of the significant features like FPI and FPAO. Accordingly, 

the PSA, which encapsulates these features, is detected using a circular Hough 

transform based approach [38]. The input depth image is smoothed using a low pass 

Gaussian filter in order to reduce the erroneous edges present in the breech face marks 

area of the PSA. Subsequently, the edges of the filtered images are extracted and are 

subjected to Otsu’s thresholding method in order to detect the significant edges 

present in the image. The edge pixels thus obtained are used to detect the center of the 

circle using the circular Hough transform approach. The only prior input needed here 

is the range of radius values and this can be obtained from the caliber information of 

the cartridge case. The input depth image and the result obtained after filtering, edge 

extraction and thresholding procedures are shown in Figures 2.3(a) and 2.3(b) 

respectively. The final output, i.e., the detected PSA is shown (red) in Figure 2.3(d). 

PSA detection not only generates a region of interest, but also aids in segmenting the 

FPI and FPAO as explained in the subsequent sub-sections. 

 

                    (a)                                               (b)                                                      (c) 

Figure 3.3. (a) Original depth image, (b) Depth image after filtering, edge extraction and 

thresholding and (c) PSA (red) obtained using circular Hough transform 
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3.6.2 FPI Segmentation 

Once the appropriate center and radius of the PSA is detected, a region-based 

statistical parametric active contour method [28] is evolved in order to segment the 

FPI. FPI has subtle and broken boundaries, and hence a parametric region based 

approach is necessary in order to avoid leaking problems. As shown in Figure 3.1, the 

FPI segmentation comprises of three steps which will be discussed in detail in the 

preceding sub-sections. 

3.6.2.1 Generate Region of Interest (ROI) 

As mentioned earlier, the first and foremost benefit of detecting the PSA lies in 

creating a ROI that will facilitate the forthcoming steps of the algorithm. The details 

that exist outside the PSA like ammunition manufacturer name and caliber are deemed 

unnecessary in the context of this paper. Accordingly, all the details outside the 

detected PSA are eliminated, thus creating a ROI as shown in Figure 3.4. In order to 

facilitate the segmentation procedure, the bottom most surface inside the ROI is 

removed as explained in the next sub-section. 

 
                                                  (a)                                                           (b) 

Figure 3.4. (a) Original depth image and (b) Depth image after removing the details 

outside the detected PSA. 

 



Texas Tech University, Sridharan Kamalakannan, December 2012 
 

26 

3.6.2.2 Remove bottom surface 

The removal of the bottom most surface is a crucial step as it facilitates both the 

initialization and evolution of the active contour during FPI segmentation as shown in 

the next sub-section. Accordingly, a simple K-means clustering algorithm is employed 

to eliminate the bottom most surface of the cartridge case head. It can be noticed that 

the depth is significantly different for the bottom most surface and the surface outside 

the FPI. Hence, the intensities within the PSA are clustered into two classes, one 

corresponding to the bottom most surface and the other corresponding to the 

intensities outside the FPI. After applying K-means algorithm, the cluster having a 

higher depth, the one corresponding to the bottom surface, is removed as shown in 

Figure 3.5. 

 

                                           (a)                                                            (b) 

Figure 3.5. (a) ROI image (b) Depth image after removing the bottom most surface. 

 

3.6.2.3 Parametric statistical snakes 

FPI segmentation in the bottom most surface removed image (See Figure 3.3(b)) is 

accomplished using a customized region-based deformable contour approach, 
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proposed by Ivins et al., in [28]. The technical description of the region-based active 

contour is explained in Chapter 2. 

In the context of the current application, the target object corresponds to the 

FPI. Using the location of the detected PSA center, one can effectively estimate a seed 

region within the FPI, within which one can initialize the snake. Based on the 

information provided by the PSA center (shown in blue in Figure 3.6), one starts by 

placing a small seed region (red boundary in Figure 3.6(a)) within the FPI, following 

which the snake expands to segment the FPI (red boundary in Figure 3.6(b)). 

 
                                             (a)                                                                          (b) 

Figure 3.6. (a) Example of an initial snake contour (red) enclosing a seed region around 

the PSA center (blue) within the FPI, (b) Final segmented FPI result is shown in red 

3.6.3 FPAO Segmentation 

FPAO is visible on the cartridge case head due to a phenomenon called outflow, in 

which the high pressure gases force the PSA into the FPA in the breech block. FPAO 

is segmented using a customized Mumford-Shah based level set method [39]. A level 

set method is preferred due to its natural ability to change topology, which is very 

essential in order to escape the prominent breech face marks present in the PSA. The 
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significant steps involved in the FPAO segmentation are discussed in the subsequent 

sub-sections. 

3.6.3.1 Generate artificial edges 

The FPA in some cases, especially Glock type firearms, are so large in size that some 

parts of the FPAO edge superimpose on the PSA edge (See Figure 3.7(a)). In such 

cases, the FPAO is incomplete and hence is challenging to segment. In order to avoid 

such instances, artificial edges are introduced by filling the image outside the detected 

PSA as shown in Figure 3.7(b). The breech face intensity value is used to fill the 

image outside the detected PSA. It has to be noted that for a particular caliber, the 

intensity in the breech face marks area is going to be a constant and hence the same 

value can be used for processing all the images. This image filling procedure not only 

generates an artificial edge, but also helps in segmenting the FPAO as described in the 

next sub-section. 

 
                                            (a)                                                                       (b) 

Figure 3.7. (a) Example of an image with incomplete PSA edge (see arrow) (b) Output 

image after filling, thus generating an artificial PSA edge 
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3.6.3.2 Mumford-Shah based level set method 

A customized Mumford-Shah based level set method, as implemented in [39], is 

applied to segment the FPAO. Accordingly, FPAO segmentation is posed as a 

minimal partition problem, i.e., the entire image is partitioned into two different 

regions such that a particular energy function is minimized. In order to understand the 

segmentation procedure, it would be appropriate to provide a short technical 

background describing the formulation of region-based level sets in [39]. 

In a simple case, let the image ' 'I  be composed of two piecewise-constant intensities  

' '
out

I  and ' '
in

I , where ' '
in

I  and ' '
out

I  correspond to the intensities of the target object 

and background respectively. Let the boundary of the target object be represented as 

' '
O

B . Thus, in ideal conditions, ( )
in O

I I inside B≈  and ( )
out O

I I outside B≈ . Now, 

the Mumford-Shah based external energy is defined as follows, 

                             2 2

1 2

( , ) ( , )

( ) ( )

( , ) ( , )

external inside outside

x y insideB x y outside B

E E B E B

I x y c I x y c
∈ ∈

= +

= − + −∑ ∑              (3.1) 

here, ' 'B  is the evolving boundary, 
1

' 'c  and 
2

' 'c  are the average intensities of the 

image ' 'I  inside and outside the evolving boundary ' 'B . It can be observed that, 

• ( ) 0 & ( ) 0
inside outide

E B E B> ≈  if boundary ' 'B  is outside the target object. 

• ( ) 0 & ( ) 0
inside outide

E B E B≈ >  if boundary ' 'B  is inside the target object. 

• ( ) 0 & ( ) 0
inside outide

E B E B> >  if boundary ' 'B  is both inside and outside the 

target object. 

• ( ) 0 & ( ) 0
inside outide

E B E B≈ ≈  if boundary ' 'B  represents the target object, 

i.e., if 
O

B B= . 

Hence, minimizing the external energy term in Eq. (3.1) produces the boundary ' '
O

B  

that represents the target object. 

In order to exploit the natural topological changes of the evolving boundary, the 

external energy term is incorporated in a level set framework by representing the 

evolving boundary ' 'B  as the zero level set of a signed-distance function ' 'φ . Here, 
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the signed distance function ' 'φ  is less than zero outside ' 'B , greater than zero inside 

' 'B  and equal to zero along ' 'B . Now, the external energy in Eq. (3.1) can be 

represented in a level-set framework as, 

where, ' 'H is the Heaveside function defined as, 

                           ( )2 2

1 2

( , )

( ) ( )

( , ) ( ) ( , ) (1 ( ))

external inside outside

x y

E E B E B

I x y c H I x y c Hφ φ

= +

= − + − −∑            (3.2) 

where, 

                                                   
( ) 1, 0

( ) 0, 0

H z z

H z z

= ≥

= <
                                                    (3.3) 

Hence, it can be easily noticed that ( ) 1H φ =  inside the evolving boundary ' 'B  and 

( ) 0H φ = outside ' 'B . Minimizing the energy term in Eq. (3.2) with respect to φ , 

gives the following Euler-Lagrange evolution equation for φ . 

                                        2 2

2 1( ) ( ) ( )
d

I c I c
dt

φ
δ φ  = − − −                                          (3.4) 

where, ( )δ φ represents the derivative of the Heaveside function with respect to φ . The 

final target boundary ' '
O

B  is obtained from Eq. (3.4) by solving for φ  in an iterative 

fashion. 

In the context of the current application, the target object corresponds to the FPAO. 

An up-scaled version of the FPI is used as an initialization (See Figure 3.8(a)) for the 

above mentioned segmentation scheme. Since the region outside the PSA is filled with 

values that closely resemble the breech face marks area, the minimum partition of the 

image should comprise the region outside the FPAO and the region inside the FPAO, 

thus segmenting the FPAO. Apart from the above mentioned external forces, an 

internal curvature based force is also used in order to obtain a smooth contour. Figure 

3.8(b) shows the result obtained by using the above mentioned scheme. 

The segmentation results obtained for the FPI and FPAO are passed on to the 

‘Classification Component’ (See Figure 3.1) of the machine vision module in order to 

identify the appropriate class of the firearm, as discussed in the following sub-section. 
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                                             (a)                                                                        (b) 

Figure 3.8. (a) Segmented FPI is shown in red and the initialization is shown in green (b) 

Segmented FPAO is shown in green. 

3.6.4 Modeling the Firearm class 

It is important to model the FPI and FPAO for each firearm class, so that the test 

images can be compared and labeled accordingly. The input for the modeling stage 

comes from the hierarchical image database as shown in Figure 3.1. Three images are 

randomly picked from each firearm class and their corresponding FPI and FPAO are 

manually delineated.  

 Using these manually obtained shapes, a separate mean shape model for FPI 

and FPAO is derived for each firearm class using a level-set based shape registration 

technique [40]. A level-set registration scheme is deemed appropriate for this 

application, as it does not require any point to point correspondence between the 

delineated shapes. A short technical description of this will help in understanding both 

the modeling and the classification stages of the proposed approach. 
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The central aim is to register the level set representation, i.e. signed distance function, 

of a source shape ' 'B  to a target shape ' 'A . The registration is performed by seeking a 

global rigid transformation ' 'T , that minimizes the following energy functional, 

                                        2

( , )

( ( , ) ( , ))
registration B A x y

x y

E s x y T Tφ φ= −∑                               (3.5) 

where 
A

φ and 
B

φ  represent the signed distance functions of shapes ' 'A  and ' 'B  

respectively,  ' '
x

T  and ' 'yT  represent the transformed ' 'x  and ' 'y  coordinates using 

the rigid transformation matrix ' 'T  respectively as follows, 

                                              
cos( ) sin( )

sin( ) cos( )

x x

y y

T sx sy t

T sx sy t

θ θ

θ θ

= − +

= + +
                                       (3.6) 

where, s , θ , 
x

t and 
yt  represent the scale, rotation and the translation in the vertical 

and horizontal directions respectively. 

It can be easily noted that the registration energy term in Eq. (3.5) is minimized if the 

transformed source shape ' 'B  matches the target shape ' 'A , thus registering ' 'B  to 

' 'A . At every iteration, the global transformation parameters are updated by 

minimizing Eq. (3.5) with respect to the corresponding transformation parameter and 

the levels-sets are evolved in parallel by minimizing Eq. (3.5) with respect to the 

signed distance function of the target shape ' 'B . The equations for computing the 

steady state solutions of the transformation parameters and the signed distance 

function 
B

φ  are as shown below.  

                
( , )

2 ( ( , ) ( , )) ( , )
yxA A

B A x y B

x y x y

TTds
s x y T T x y

dt T s T s

φ φ
φ φ φ

  ∂∂∂ ∂
= − − +   ∂ ∂ ∂ ∂   
∑         (3.7) 

                      
( , )

2 ( ( , ) ( , ))
yxA A

B A x y

x y x y

TTd
s x y T T

dt T T

φ φθ
φ φ

θ θ

 ∂∂∂ ∂
= − − +  ∂ ∂ ∂ ∂ 

∑                    (3.8) 

                                  
( , )

2 ( ( , ) ( , ))x A
B A x y

x y x

dt
s x y T T

dt T

φ
φ φ

 ∂
= − −  

∂ 
∑                               (3.9) 

                                  
( , )

2 ( ( , ) ( , ))
y A

B A x y

x y y

dt
s x y T T

dt T

φ
φ φ

 ∂
= − −   ∂ 

∑                             (3.10) 
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( , )

2 ( ( , ) ( , ))B
B A x y

x y

d
s s x y T T

dt

φ
φ φ= −∑                                  (3.11) 

The right hand sides of Eq. (3.7) to (3.11) indicates the derivative of the right hand 

side of Eq. (3.5) with respect to each of the transform parameters and the evolving 

level set. Here ' 'dt  corresponds to the incremental time step required to iterate each 

parameter in order to obtain a steady state solution. The partial derivatives of ' '
x

T  and 

' 'yT  in Eq. (3.7) and (3.8) can be easily computed from Eq. (3.6). Implementing Eq. 

(3.7)-(3.11) in an iterative framework will register the source shape ' 'B  to the target 

shape ' 'A . 

In the context of the current application, three training images were randomly picked 

from each of the firearm class and their corresponding FPI and FPAO are manually 

delineated. As an example, the corresponding FPAO shapes thus obtained from the 

three images of Glock19 type gun are shown in Figure 3.9(a). Among the three shapes, 

a target shape (shown in green in Figure 3.9(a)) is randomly picked and the remaining 

two shapes (red boundary in Figure 3.9(a)) are registered to this randomly picked 

target shape using the above explained procedure. The results obtained after 

registration is shown in Figure 3.9(b). Once the shapes are registered, a representative 

mean shape (blue boundary in Figure 3.9(b)) model is computed separately for FPI 

and FPAO for each firearm class. It has to be noted that this procedure is repeated for 

all the firearm classes existing in the database, thus producing a separate mean shape 

model for the FPI and FPAO for each firearm class. This representative mean shape 

model computed for each firearm class provides the basis for comparing the test 

samples and subsequently identifying the firearm class as discussed in the following 

sub-section. 
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                                               (a)                                                                   (b) 

Figure 3.9. (a) Unregistered manually segmented FPAO (b) Registered shapes are shown 

in red and the mean shape is shown in blue. 

 

3.6.5 Identifying the Firearm class 

The final step of the proposed machine vision system is to identify the appropriate 

firearm class of the test sample and it is performed by comparing the shapes of the 

segmented FPI and FPAO to that of the models computed for each firearm class as 

shown in Section 3.6.4. A level-set shape based registration, as explained in Section 

3.6.4, is employed in order to compare the test shapes to the shape models. Figure 

3.10(a)-(e) show the mean shape models of FPI for various kinds of firearms in red 

and the corresponding registered result of a Glock 17 FPI in blue. It can be visually 

easily noticed that the best match occurs for the Glock 17 as expected. Dice metric 

value, that gives a best fit measure based on area superimposition, is used as a metric 

in order to compute the best matching firearm. Accordingly, the corresponding firearm 

class of the registered pair with the maximum dice metric value is the output of the 

proposed machine vision system. 

3.7 Results 

A total of 74 cartridge case images (See Table 3.1) non-uniformly distributed over five 

different firearms, namely Beretta 92F, Glock 17, Glock 19, Ruger SR9 and 

Springfield XD9, are processed using the proposed approach. 
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                                  (a)                                            (b)                                           (c) 

 

                                                            (d)                                           (e) 

Figure 3.10. Registration results of a Glock17 mean shape model (blue) to the 

corresponding FPI results (red) of (a) Bereatta92F, (b) Glock17, (c) Glock19, (d) 

RugerSR9 and (e) SpringfieldXD9 

 

Gun type Number of cases 

Beretta 92F 16 

Glock 17 15 

Glock 19 14 

Ruger SR9 11 

Springfield XD9 18 

Table 3.1.  Database details 

The FPI and FPAO for all the 74 images were manually delineated, thus 

generating the ground truth for FPI and FPAO. The segmentation accuracy of FPI and 

FPAO were quantified in the following manner – if the segmentation result produced 

by the algorithm for a particular image was represented as ' 'A  (say), and if the 

corresponding ground truth for that image was represented as ' 'G  (say), then the 

segmentation accuracy metric was taken to be 
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A G

S
A G

  =
  

∩

∪
                                             (3.12) 

where, �. � denotes the cardinality of the enclosed set. For the set of 74 images, the 

mean of the segmentation accuracy metric for FPI and FPAO were found to be 0.92 

and .93, respectively, which are indeed acceptable results for this application. 

 The classification results for the 74 images using FPI, FPAO and combining 

FPI and FPAO (obtained by averaging the dice metric values obtained after 

registration of FPI and FPAO) are displayed as a confusion matrix in Tables 3.2, 3.3 

and 3.4 respectively. The classification accuracies using FPI and FPAO separately are 

85% and 91% respectively. By combining both FPA and FPAO, the classification 

accuracy improved to 95%. 

Gun type Beretta 92F Glock 17 Glock 19 Ruger 

SR9 

Springfield 

XD9 

Beretta 92F 16 0 0 0 0 

Glock 17 0  15  0  0  0  

Glock 19 0  6  8  0  0  

Ruger SR9 1  0  0  9  1  

Springfield XD9 1  0  0  0  17  

Table 3.2.  Classification results using FPI 

 

Gun type Beretta 92F Glock 17 Glock 19 Ruger 

SR9 

Springfield 

XD9 

Beretta 92F 16  0  0  0  0  

Glock 17 0  15  0  0  0  

Glock 19 0  2  12  0  0  

Ruger SR9 0  0  0  9  2  

Springfield XD9 0  0  0  2  16  

Table 3.3.  Classification results using FPAO 
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Gun type Beretta 92F Glock 17 Glock 19 Ruger 

SR9 

Springfield 

XD9 

Beretta 92F 16  0  0  0  0  

Glock 17 0  15  0  0  0  

Glock 19 0  2  12  0  0  

Ruger SR9 0  0  0  9  2  

Springfield XD9 0  0  0  0  18  

Table 3.4.  Classification results using both FPI and FPAO 

 

 

 

  



Texas Tech University, Sridharan Kamalakannan, December 2012 

 

38 

CHAPTER IV 

EMBEDDING SHAPE INTO AN INTERACTIVE SEGMENTATION SCHEME 

4.1 Overview 

This chapter discusses some modifications made to the currently existing IT-SNAPS 

framework and also presents an interactive segmentation scheme that embeds a higher 

level feature, namely shape, into the IS framework. Currently, all the interactive 

segmentation methods are driven by the lower level image features, whereas the 

higher level knowledge of the application is imparted by the user. The burden on the 

user increases significantly in applications that require higher level features like shape 

for efficient segmentation. In order to provide all the advantages of a hybrid 

segmentation scheme, the proposed work embeds shape information into the IS 

framework. As a first step, the shape model, which comprises of the mean and 

variance of the registered training shapes, is computed by employing a level-set based 

registration framework. The user starts the segmentation procedure by generating a 

training boundary. Once the training segment is generated, a curvature based partial 

shape matching algorithm is employed in order to find the appropriate partial segment 

in the mean shape model corresponding to the training boundary. After extracting the 

partial shape match, the affine transform that relates these two partial shapes are 

computed. The computed affine transform parameters are then applied on the full 

mean shape model. This transformed mean shape model in combination with the 

variance is employed in order to come up with a ‘zone of confidence’, which 

essentially reduces the burden on the user. The proposed work has been validated on 

varying scenarios of occlusion, spurious and broken edges. 

4.2 Motivation 

Automatic segmentation techniques remain an unsolved problem, especially in 

applications where there is high variability. On the other hand, completely manual 

segmentation tools put enormous burden on the user and are subjective in nature. 

Interactive segmentation schemes provide a right balance between automatic and 
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manual segmentation methods, thus making them highly efficient especially for 

applications requiring high localization accuracy.  

Currently, all the interactive segmentation schemes have a base algorithm 

which drives the contour based on low-level image features, whereas the contextual 

knowledge of the application domain is imparted by the user through his/her clicks. 

Accordingly, for applications in which higher level features like shape takes 

precedence, the burden on the user increases as they are forced to click many points in 

order to achieve accurate segmentation. Hence, there is a necessity to develop a hybrid 

interactive segmentation technique, which combines both low-level and high-level 

features into the problem formulation. 

4.3 Existing work 

The seminal work in the area of interactive segmentation is IS [15]. IS allows the user 

to interactively segment a target boundary by using mouse clicks. In order to highlight 

the contributions of the current research, it would be appropriate to provide a short 

technical background describing the formulation of IS in [15].  

IS is formulated as a discrete graph-based optimization scheme, wherein each pixel is 

considered as a node in the graph and the cost function is defined in terms of the 

image gradient. The cost function employed in the IS algorithm is defined in such a 

way that the least cost occurs at areas of high image gradients. The cost of travelling 

from pixel x  to a neighboring pixel y is given by, 

                                         ( , ) . ( ) . ( ) . ( , )
z z G G D D

C x y w f y w f y w f x y= + +                     (4.1) 

where, 
z

f , 
G

f  and 
D

f  represent the cost matrices corresponding to the Laplacian zero-

crossing, gradient magnitude and the gradient direction respectively. The scalar terms 

z
w , 

G
w  and 

D
w  are the weights associated with the corresponding image features. 

Given two pixels on the image, the IS algorithm calculates the least cost path between 

these two points based on Dijkstra’s [41] algorithm. The user starts the segmentation 

procedure by placing an initial point on the target boundary, often referred to as the 

seed pixel. As the user moves the cursor on the target boundary, the current position of 
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the mouse becomes the second pixel, often referred to as the free pixel. The shortest 

path between the free pixel and the seed pixel, termed as live-wire,  is continuously 

computed as the user moves the cursor on the target boundary. 

Recently, IT-SNAPS [19] generalizes IS by providing the user the flexibility to 

segment a textured region of interest. This is achieved by loading the cost function 

(Eq. 4.1) with additional texture features and extracting the significant features by 

employing a multi-objective optimization scheme.  

4.4 Shortcomings of IT-SNAPS 

This section discusses some of the shortcomings of IT-SNAPS. The section starts by 

discussing issues regarding the stability of multi-objective optimization scheme. 

Secondly, the disadvantage of normalization procedure employed in IT-SNAPS is 

illustrated with an example. Finally, the limitation of IT-SNAPS being a data driven 

technique is illustrated by analyzing its performance under the influence of spurious 

edges and occlusion.  

4.4.1 Multi-objective optimization scheme 

The multi-objective optimization scheme employed in IT-SNAPS needs to be 

modified as it highly biases the weight towards the feature that has the lowest path 

cost. For example, consider the image and the corresponding user generated training 

boundary (green) as shown in Figure 4.1 (a) and (b) respectively. In order to illustrate 

the shortcomings of the multi-objective optimization scheme, only the red, green and 

blue planes are selected as the feature planes to be considered in the optimization 

procedure. Figures 4.1 (c)-(e) show the gradient of the red, green and blue planes 

respectively and the corresponding user generated segment position is indicated by a 

green arrow. It can be observed that the blue and green planes correspond to the lower 

cost features, whereas the red plane corresponds to higher cost feature. It is logical to 

assume that the red plane is assigned the lowest weight and at the same time the green 

and blue planes are assigned higher weights that are close enough. However, the 

weights obtained from the multi-objective optimization scheme for the red, green and 
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blue planes are .01, .02 and .97 respectively. This illustration elicits the fact that the 

optimization scheme highly biases the lowest cost feature and throws away the rest of 

the features, thus requiring a modification. In order to avoid this high bias, inequality 

constraints are added to the optimization framework which will be discussed later in 

Section 4.5.1. 

4.4.2 Local Normalization 

This section discusses the impact of the normalization procedure employed in IT-

SNAPS on the weights computation. The gradient images of each feature, prior to the 

computation of feature cost values, are individually(locally) normalized. The 

following illustration will highlight the effect of this normalization procedure on the 

computation of weight values. 

Consider the image and the corresponding red, green and blue planes shown in Figures 

4.2(a)-(d) respectively. The gradient and the normalized (local) gradient images of the 

feature (red, green and blue) planes are displayed in Figures 4.3 (a)-(c) and Figures 4.3 

(d)-(f) respectively. It can be observed from Figures 4.3 (a)-(c) that the red feature 

plane has the highest gradient strength followed by the green and blue planes. After 

normalization, the features loose the relative gradient strength information as 

illustrated in Figures 4.3 (d)-(f). However, the relative gradient strength among these 

features is exactly what determines the distribution of weight values. Hence, in this 

case, the local normalization will distribute the weights equally among the three 

features. In order to avoid this scenario, a global normalization method is proposed 

and will be discussed later in Section 4.5.2. 

 



 

                                            

                                          (c)                                                              

Figure 4.1. (a) Sample image, (b) User given traini

green and blue feature planes with the green arrow indicating the location of the training segment
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        (a)                                                                            (b) 

(c)                                                                             (d) 

 

(e) 

Figure 4.1. (a) Sample image, (b) User given training segment shown in green, (c)-

green and blue feature planes with the green arrow indicating the location of the training segment

Sridharan Kamalakannan, December 2012 

 

 

-(e) Gradient of red, 

green and blue feature planes with the green arrow indicating the location of the training segment 



 

                             (b)                                        

Figure 4.2. (a) Sample image and (b)

4.4.3 Data-driven technique

The most significant shortcoming, which serves as a motivation to the 

proposed work, is the lack of higher 

the higher level knowledge of the application domain is generated by the user through 

his/her clicks. The burden on the user increases significantly in cases where the target 

object requires higher level knowledg

level knowledge also introduces human subjectivity in regions of occlusion and 

broken edges, which will compromise the accurate localization of the target object. 

This section will discuss two cases which wil

incorporating higher level feature like shape into the IT
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(a) 

(b)                                                (c)                                                 

Figure 4.2. (a) Sample image and (b)-(d) Red, green and blue feature planes

 

driven technique 

The most significant shortcoming, which serves as a motivation to the 

proposed work, is the lack of higher level knowledge in the IT-SNAPS scheme. All 

the higher level knowledge of the application domain is generated by the user through 

his/her clicks. The burden on the user increases significantly in cases where the target 

object requires higher level knowledge for accurate segmentation. The lack of higher 

level knowledge also introduces human subjectivity in regions of occlusion and 

broken edges, which will compromise the accurate localization of the target object. 

This section will discuss two cases which will highlight the significance of 

incorporating higher level feature like shape into the IT-SNAPS framework.

Sridharan Kamalakannan, December 2012 

 

        (d) 

(d) Red, green and blue feature planes 

The most significant shortcoming, which serves as a motivation to the 

SNAPS scheme. All 

the higher level knowledge of the application domain is generated by the user through 

his/her clicks. The burden on the user increases significantly in cases where the target 

e for accurate segmentation. The lack of higher 

level knowledge also introduces human subjectivity in regions of occlusion and 

broken edges, which will compromise the accurate localization of the target object. 

l highlight the significance of 

SNAPS framework. 
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                                       (a)                                                                               (d) 

 

                                        (b)                                                                           (e) 

 

                                       (c)                                                                          (f) 

Figure 4.3. (a)-(c) Gradient images of red, blue and green planes and (d)-(f)  Normalized gradient 

images of the red, green and blue planes 
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Case 1: Spurious Edges 

The edges that are not part of the regional boundaries corresponding to the 

target object are termed as spurious edges. In order to illustrate the challenges faced 

due to the presence of spurious edges, consider the target object of the Texas map 

outline as shown in Figure 4.4 (a). The spurious edges in this case correspond to the 

internal divisions of the Texas map outline. The following illustration using IT-

SNAPS will highlight the influence of these spurious edges. 

 The user starts to segment using IT-SNAPS by specifying the training 

segment, as shown by the green boundary in Figure 4.4(b). Figures 4.4(c)-(e) show 

four instances of free boundary navigation (without clicking) by the user along the 

Texas map outline. It can be readily noticed that due to the similar nature of the target 

edge boundary and spurious edges, IT-SNAPS cannot distinguish between a target 

edge and a spurious edge. As a result, the user is forced to place more points along the 

target boundary, thus increasing the burden of the segmentation procedure. Figure 

4.4(f) shows the final segmentation result and the points that the user is forced to click 

due to the spurious edges. A total of six points are required in order to accurately 

localize the Texas map outline in the presence of  spurious edges.  

The number of points the user has to click could be significantly reduced if the 

shape information of the Texas map is known apriori. Therefore, incorporation of 

shape information is critical in order to mitigate the influence of these spurious edges 

as illustrated in Section 4.8.1. 
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                                                   (a)                                                            (b) 

 
                                                  (c)                                                               (d) 

 
                                                       (e)                                                        (f) 

 
Figure 4.4. (a) Texas map outline(target boundary) with internal divisions(spurious edges), (b) Training 

boundary specified by the user, (c)-(e) Free hand navigation along the map outline and (f) Final 

segmentation result with the user clicks indicated by blue stars 
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Case 2: Occlusion and broken edges 

The other shortcoming of IT-SNAPS, which not only increases the burden on 

the user but also introduces human subjectivity, occurs in the presence of occlusion 

and/or broken edges. In regions of occlusion and/or broken edges along the target 

boundary, the user employs a combination of his/her higher level knowledge about the 

problem domain and drawing skills in order to achieve accurate localization of the 

target boundary. The following illustration using IT-SNAPS will demonstrate this 

shortcoming. 

 

                                            (a)                                                                              (b) 

Figure 4.5. (a) Apple logo(target boundary) with occlusion (green arrow mark), (b) Final segmentation 

result with the user clicks indicated by blue stars 

 

 Consider the occluded apple logo as shown in Figure 4.5(a) with the occluded 

part indicated by the green arrow. The user starts by specifying the training boundary 

and based on his/her prior knowledge about the shape of the apple logo completes the 

segmentation procedure. The final segmentation result and the points clicked by the 

user are shown in Figure 4.5(b).  

 The above illustration highlights the necessity for dealing with occlusion 

and/or broken edges. Instead of increasing the burden and introducing subjectivity in 
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these areas, higher level knowledge like shape could be employed in order to fill up 

these ambiguous regions as illustrated in Section 4.8.2. 

4.5 Improvements made to IT-SNAPS 

This section will discuss the improvements made to IT-SNAPS in order to address the 

issues discussed in Sections 4.4.1 and 4.4.2. The first sub-section will highlight the 

modifications made to the multi-objective optimization scheme by adding additional 

constraints. The second sub-section will discuss a global normalization scheme, 

employed in order to address the issues discussed in Section 4.4.2. 

4.5.1 Inequality constraints 

As discussed in Section 4.4.1, the multi-objective optimization scheme requires 

refinement in order to compute the feature weights appropriately. This can be achieved 

by including additional constraints into the optimization framework and is explained 

as follows. In the current IT-SNAPS framework, the weight values are loosely tied to 

the feature cost values which is evident from the high bias issue discussed in Section 

4.4.1. Ideally, the weight values must be distributed based on the feature cost values, 

i.e., lower the feature cost values, higher the weight values and vice versa. In other 

words the weights and feature costs must be inversely proportional. Also, in order to 

control the high bias issue, the ratio of weights between any two features must be tied 

to the ratio of the feature costs. This can be formulated as, 

                                                      31 2

1 2 3

............ N

av av av Nav

W WW W

F F F F
≈ ≈ ≈ ≈                                     (4.2)                                       

where, N  represents the number of features, 
iav

F corresponds to the average of the 

inverted cost values across the user generated training segment for the thi  feature and 

i
W  corresponds to the weight value of the thi

 
feature. Eq. (4.2) can be rewritten as a set 

of ( 1) / 2N N −  inequalities by taking two features at a time as follows, 
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 where, ε  is a small positive constant.  

These inequality equations are introduced as constraints into the multi-

objective optimization problem in order to eliminate the high bias issue. Consider the 

example in Figure 4.1 in order to illustrate the effectiveness of the inequality 

constraints. The weight values for the red, green and blue planes, obtained after 

including the constraints, are .01, .41 and .58 respectively. It can be observed that 

these weight values are distributed in accordance to the edge strength of the three 

feature planes displayed in Figures 4.1 (c)-(e). 

4.5.2 Global Normalization 

As illustrated in Section 4.4.2, the normalization method requires modification. 

This sub-section discusses how normalization across the feature planes will be more 

beneficial instead of local normalization. For illustrative purposes, the same example 

as displayed in Figure 4.2 and discussed in Section 4.4.2 is considered here. 

Consider the training boundary generated by the user as shown in Figure 4.6 

(a). The weights for the three feature planes must solely depend on the training 

boundary. Accordingly, the normalization procedure is carried out on a window 

encapsulating this training boundary. Figures 4.6 (b)-(d) show the three windows 

corresponding to the gradient of the three feature planes. In order to not lose the 
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relative gradient strength information, the normalization is performed across these 

windowed features. The corresponding normalization results are displayed in Figures 

4.6 (e)-(g). It can be easily noted that the weights computed after this pre-processing 

procedure will accurately reflect the gradient strength information. 

 

(a) 

 

                                (b)                                              (c)                                             (d) 

 

                            (e)                                                 (f)                                                 (g) 

Figure 4.6. (a) Training boundary in green, (b)-(d) Gradient in the window around the training segment 

for the red, green and blue feature planes and (e)-(g) Gradient after global normalization for the red, 

green and blue planes 

4.6 Proposed Hybrid method 

As discussed in Section 4.4.3, embedding higher level knowledge like shape 

into the IT-SNAPS framework will immensely mitigate the burden on the user and 
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help the segmentation procedure. This section forms the core of this chapter and will 

discuss all the necessary steps in order to implement shape feature into IT-SNAPS. 

As a first step, a meaningful representation of shape is extracted by computing 

the shape model from a set of training boundaries as discussed in Section 4.6.1. The 

user starts the interactive segmentation procedure by providing a training segment, 

which is a part of the target boundary. Based on this training segment, the location of 

the unsegmented target boundary has to be coarsely predicted. This forms the central 

idea of incorporating shape information into IT-SNAPS. This step can be thought of as 

superimposing the mean shape model on the target boundary by using appropriate 

transform parameters. In order to do this, the partial matching segment in the mean 

shape, corresponding to the training segment provided by the user, has to be extracted. 

Section 4.6.2 discusses the partial shape matching algorithm employed in order to 

extract this partial mean shape segment. Once the partial shape is extracted, the 

appropriate transform parameters that relate the training segment and the extracted 

partial shape are computed. The computed transform parameters are then applied to 

the full mean shape. This transformed mean shape in combination with the variance is 

employed to generate a ‘zone of confidence’ as explained in Section 4.6.3. The zoning 

procedure mitigates the influence of spurious edges and therefore reduces the burden 

on the user.  

4.6.1 Building the shape model 

The first step is to come up with a shape model for the target boundary. The 

mean shape model is generated by the exact same procedure as explained in Section 

3.6.4 of Chapter 3. A level set based registration framework [40] is employed in order 

to align the training shapes. As an illustration, the registered training shapes are 

overlaid on the mean signed distance shape model as shown in Figures 4.7 (a) and (b).  

In addition to the mean shape, variance of the shape model is also computed by 

employing the procedure discussed in [40]. The importance of capturing the variance 

of the training shapes will be discussed in Section 4.6.3. Let 
m

φ  represent the mean 
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distance function obtained from registering the shapes using the procedure in [41]. The 

variance of the training shapes 2

m
σ  is computed as follows, 

                                              2 2

1

1
( )

N

m i m

iN
σ φ φ

=

= −∑                                        (4.4) 

where, 
i

φ  represents the signed distance function of the thi  training shape. As an 

illustration, the variance of these training shapes is displayed in Figures 4.8 (a) and 

(b), with the boundary indicating the mean shape. 

 
                                                     (a)                                                           (b) 

Figure 4.7. (a)-(b) Training shapes(in blue) displayed on the mean signed distance model after 

registration 

 

 

                                                 (a)                                                                   (b) 

Figure 4.8. (a)-(b) Variance of the training shapes, with the boundary indicating the mean shape 

 

 Having extracted a meaningful representation out of the training shapes, the 

next two sections will discuss the incorporation of the computed mean shape and the 

variance into the interactive segmentation scheme. 
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4.6.2 Partial shape matching 

The user starts the segmentation procedure by providing a training segment. 

Now, the corresponding partial segment in the mean shape has to be extracted. A scale 

invariant signature based partial shape matching method [42] is employed in order to 

achieve this step. 

Let the training segment and the mean shape be represented by the set of points 

t
X  and 

m
X  respectively. The partial mean shape segment 

p
X is defined as follows, 

                                                ( )
p t

X S X=                                                    (4.5) 

where, S  is any similarity transform function and 
p m

X X⊆ .  

The first step in the partial shape matching approach is to de-noise the input curves 
t

X  

and 
m

X . This is achieved by employing a curvature based active contour method 

running for a set number of iterations. The curvature snakes, whose energy term 

comprises only of the bending energy, smooth the input curves 
t

X  and 
m

X . Refer to 

Section 2.5.1 for a detailed description of the bending energy term. An example of a 

mean shape and the corresponding smoothed output is displayed in Figures 4.9 (a) and 

(b), respectively. From this point onwards, 
t

X  and 
m

X  will refer to the smoothed 

versions. 

After smoothing, the input curves 
t

X  and 
m

X  are sampled at equal arc lengths 

s and the corresponding curvatures, 
t

κ and 
m

κ , along these sampled points are 

computed as follows: 

                                            
( ) ( )

( ) ( )

t t

m m

s X s

s X s

κ

κ

=

=

��

��
                                                 (4.6) 

where, ‘
..

’ correspond to the second derivative. Accordingly, ( )
t

X s��  and ( )
m

X s��  

correspond to the second derivatives of the arc-length parameterized curves 
t

X  and 

m
X . It can be shown as detailed in [44], that the integral of the absolute values of the 
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curvatures is invariant up to a similarity transform. The integral of the curvatures from 

point 
1

s to point 
2

s  is defined as, 

                                                    
2

1

1 2
( : ) ( )

s

s

K s s s dsκ= ∫                                              (4.7) 

 

                                        (a)                                                                                (b) 

Figure 4.9. (a) Mean shape and (b) Smoothed output 

  

This integral of the absolute curvature value is the signature that is used for extracting 

the partial shape. The input curves 
t

X  and 
m

X  are now re-sampled at equal intervals 

of the signature K , thus making the curvatures extracted at these re-sampled points 

invariant up to a similarity transform. Let the new re-sampled points be represented by 

( )
t

X K and ( )
m

X K , and their corresponding curvatures at these re-sampled points be 

represented by ( )
t

Kκ  and ( )
m

Kκ , respectively. As an illustration, Figure 4.10 (a) 

shows the mean shape parameterized with respect to the arc length s and Figure 4.10 

(b) displays the new re-sampled points of the mean shape. 



Texas Tech University, Sridharan Kamalakannan, December 2012 

 

55 

 

                                   (a)                                                                                (b) 

Figure 4.10. (a) Mean shape sampled at equal arc lengths and (b) Mean shape sampled at the curvature 

based signature K  
 

Having extracted ( )
t

Kκ  and ( )
m

Kκ , it now becomes a template matching problem in 

order to extract the partial segment 
p

X . Normalized cross-correlation [43] is 

employed to perform the template matching procedure and subsequently output the 

partial segment 
p

X  based on the peak value. As an illustration, consider Figures 4.11 

(a) and (c) which display 
m

X  and 
t

X  respectively. Figures 4.11 (b) and (d) display the 

corresponding signatures  ( )
m

Kκ  and ( )
t

Kκ . The normalized cross-correlation output 

plot and the partial segment corresponding to the peak are displayed in Figures 4.11 

(e) and (f) respectively. 
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                                                (a)                                                               (b) 

 

                                               (c)                                                          (d) 

 

                                                   (e)                                                              (f) 

Figure 4.11. (a) Mean shape 
m

X , (b) Curvature based signature ( )
m

Kκ (c) Training segment 
t

X , (d) 

Curvature based signature ( )
t

Kκ , (e) Normalized cross correlation output between ( )
m

Kκ and 

( )
t

Kκ  and (f) Output partial segment 
p

X corresponding to the peak of the normalized cross-

correlation values. 
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Once the partial shape 
p

X is extracted, the corresponding affine transform that relates 

p
X  and 

t
X  is computed. The computed affine transform is then applied on the mean 

shape 
m

X , which is utilized in order to create a ‘zone of confidence’ for the 

segmentation procedure as discussed in the next sub-section.  

4.6.3 Estimating a ‘Zone of confidence’ 

After  transforming the mean shape, a ‘zone of confidence’ is built around the mean 

shape. The ‘zone of confidence’ is essentially the area of the image in which the cost 

computation is performed. In other words, it is a masking operation which assigns a 

higher cost path to all the pixels outside the zone. The zoning procedure is 

incorporated in order to eliminate the influence of spurious edges and therefore 

mitigate the burden of the segmentation procedure. As an illustration, consider Figure 

4.12 (a), with the training segment 
t

X  displayed in green and the transformed mean 

shape displayed in red. It can be readily noticed that generating a segmentation zone 

around this transformed mean shape would essentially eliminate most of the spurious 

edges inside the Texas map. Figure 4.12 (b) displays the result after masking the 

unsegmented part of the image with a fixed-width mask around the transformed mean 

shape.  

   

                                        (a)                                                                     (b) 

Figure 4.12. (a) Training segment is displayed in green and the transformed mean shape is displayed in 

red and (b) Result after the zoning procedure with a fixed width mask around the transformed mean 

shape. 
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In the above case, the unsegmented target boundary is almost perfectly captured 

within the confidence zone. However for shapes with high variance, a fixed width 

zoning might not capture all the segments of the target boundary. Hence, there is a 

necessity to incorporate the zoning width as a function of the shape variance in order 

to capture the target boundary completely. Accordingly, the width of the zone for each 

point in the transformed mean shape is computed as a linear function of the variance at 

that particular point. As an illustration Figure 4.13 shows the variance images with the 

zoning boundaries in red and the mean shape in black. In Figure 4.13 (a) fixed width is 

used for zoning and in Figure 4.13 (b) width as a function of the variance is used for 

zoning. It can be observed that the areas of higher variance have a larger zoning width, 

thus making this method work for even shapes with high variance. 

 

                                            (a)                                                                           (b) 

Figure 4.13. Variance images with the mean shape in black and the ‘zone of confidence’ in red (a) 

Fixed width for zoning and (b) Zoning width as a linear function of the shape variance 

 

Having established the ‘zone of confidence’, the following section discusses the 

implementation of the proposed scheme into the interactive segmentation toolbox. 

4.7 Interactive segmentation toolbox with shape feature 

 

This section demonstrates the integration of the proposed work into the interactive 

segmentation tool box. Previously, the toolbox comprised of the IT-SNAPS module, 

wherein the user starts the segmentation procedure by providing a training boundary 

based on which the appropriate features are weighted for the subsequent segmentation 
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procedure. Currently, in addition to the image based features, the user could also select 

shape as a feature, provided the target boundary adheres to a shape upto a rigid 

transform. Once the user selects shape as a feature, he/she has to provide a pre-

computed shape model or could compute and provide the shape model as discussed in 

Section 4.6.1.  

The user starts the segmentation procedure by providing a training segment, which is 

indicated by a right click. Based on the training segment provided by the user, an 

appropriate partial mean shape segment and the corresponding transform parameters 

are determined as explained in Section 4.6.2. Subsequently, a zone of confidence is 

established as discussed in Section 4.6.3 which helps in mitigating the influence of 

spurious edges. It has to be noted that the above discussed procedure of partial shape 

matching and zone of confidence generation is performed at every right click the user 

provides. In addition, a couple of push buttons have been added to the tool box as 

illustrated in Figure 4.14, which shows a snapshot of the tool box.  

The ‘Complete annotation’ button is used to fill up the occluded/broken/noisy 

segments of the target object. The user could segment the visible parts of the target 

object and press the ‘Complete annotation’ button in order to fill up the unsegmented 

parts of the target object. This is done by determining the parts of the mean shape 

object that do not correspond to the partial shape match. The utility of this function is 

demonstrated with real examples in Sections 4.8.2 and 4.10. The ‘Remove zoning’ 

button removes the zone of confidence established during the right click operation. 

This button is provided in case the user has provided an incorrect training segment or 

has clicked the right button by mistake. Section 4.9 discusses the limitations of 

selecting a training boundary. 
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Figure 4.14. Snap shot of the IT-SNAPS tool with the new additions corresponding to the shape feature 

highlighted in black 

4.8 Validation of the proposed approach 

 

This section discusses the validity and the advantages of the proposed work. As 

discussed in Section 4.4.3, the influence of spurious edges and occlusion limit the 

practical application of IT-SNAPS. The same examples as discussed in Section 4.4.3 

are used in order to illustrate the efficacy of the proposed work. 

4.8.1 Spurious edges 

Consider Figures 4.15 (a)-(d) which display the training segment in green and four 

instances of free boundary navigation (without clicking) by the user along the Texas 
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map outline. It can be noticed that the influence of spurious edges is almost negligible. 

However, one of the spurious edges is captured within the ‘zone of confidence’ and is 

indicated by the arrow mark in Figure 4.15 (c). In order to avoid this, the user places 

an extra point close to the spurious edge as shown in Figure 4.15(e). To summarize, 

three user clicks were required to accurately segment the map outline using shape 

information, whereas six user clicks were required without any shape information (See 

Figure 4.4(f)). 

4.8.2 Occlusion/Broken edges 

As illustrated in Section 4.4.3, occlusion not only increases the burden on the user, but 

also introduces subjectivity. In order to remove the subjectivity in the segmentation 

procedure, it is best if the user leaves the occluded path for the algorithm to fill up. 

The segmentation of the occluded region can be completed using the unsegmented 

part of the transformed mean shape. Consider, Figure 4.16(a) which shows the training 

segment in green and the user clicks as blue stars. The user segments the visible parts 

of the target boundary and leaves the occluded part for the algorithm to fill up, as 

displayed in Figure 4.16(b). The user clicks three times to segment the target, whereas 

eight clicks were required to segment the apple logo when no shape information is 

used (See Figure 4.5 (b)).  
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                                                      (a)                                                            (b) 

 
                                                   (c)                                                                (d) 

 
(e) 

 

Figure 4.15. (a)-(d) Training segment is shown in green and four instances of free boundary navigation 

(without clicking) by the user along the Texas map outline and (e) Final segmentation result with the 

user clicks displayed as blue stars 
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                                          (a)                                                                              (b) 

Figure 4.16 (a) User segments the visible target boundary and (b) The algorithm fills up the occluded 

part(yellow) thus completing the segmentation procedure 

4.9 Limitations of the proposed scheme 

The partial shape matching part forms the core of the proposed method. An incorrect 

partial shape match will result in an incorrect computation of the transform parameters 

which would subsequently give rise to a cost zoning that does not correspond to the 

target boundary. The failure scope of the partial shape matching segment is high when 

the user selects a training segment that is not critical to the matching procedure. 

Consider Figure 4.17 (a), which shows a mean shape model with the curvature based 

parameterized points displayed as blue circles. Figures 4.17 (b) and (c) show two 

different training segments (red line) picked by the user. It can be observed that even 

though the length of the training segment in Figure 4.17 (c) is greater than that in 

Figure 4.17 (b), it is just represented by one point and hence might not produce an 

accurate partial match. On the other hand, the training segment in Figure 4.17 (b) has 

more points and also has a high curvature which is critical in order to produce an 

accurate partial shape match. Hence, the training segment picked by the user is critical 

for the performance of the algorithm.  
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                          (a)                                                 (b)                                                (c) 

Figure 4.17 (a) Mean shape model with the curvature based parameterized points shown as blue circles 

(b) High curvature Training segment shown in red and (c) Low curvature training segment shown in red 

 

In order to reduce the dependency of the algorithm on the training segment, pre-

segmentation clues for potential initial segments are provided to the user as explained 

in the next subsection. In addition, the algorithm employs a combination of the 

normalized cross correlation output and an image based matching metric to determine 

if the ‘zone of confidence’ has to be established.  

4.9.1 Pre-segmentation user clues 

The two important constraints in picking the training segments are: (a) low variance 

and (b) high curvature. The training segment provided by the user should come from a 

low variance region of the shape model so that the transform parameters could be 

computed accurately. In addition, as explained above, the training segment should also 

comprise of high curvatures in order for it to have significant number of points for the 

partial shape matching procedure. Consider Figure 4.18 (a) that shows the mean shape 

on top of a pseudo colored variance map. As a first step, a two class k-means 

clustering method is applied for the variance values along the mean shape in order to 

distinguish between high and low variance regions. Figure 4.18 (b) shows the result of 

the clustering by indicating the low variance regions in green and the high variance 

regions in red. Secondly, the segments corresponding to the low variance regions are 

split into concave(red) and convex (blue) regions as shown in Figure 4.18 (c). This is 

performed in order to determine the local maxima of the curvature along the low 
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variance segments. Subsequently, the high curvature segments are highlighted in green 

(see Figure 4.18 (d)), indicating the potential training segments that the user could 

specify in order to accurately compute the transform parameters. 

 
                                           (a)                                                                            (b) 

 
                                             (c)                                                                            (d) 

Figure 4.18 (a) Mean shape model on top of the pseudo colored variance map (b) Low variance 

segments indicated in green (c) Low variance segments split into concave and convex regions and (d) 

High curvature regions indicating potential training segments highlighted in green 

4.9.2 Non-linear variations and other transformations 

In cases of the target object deviating from the rigid transform constraint or having too 

many non-linear variations, the partial matching algorithm will fail. The partial 

matching algorithm might also fail if the user does not pick the appropriate training 

segment. The normalized cross correlation output value from the partial shape 

matching algorithm serves as a good indicator of the success of the match. Hence, 

shape will not be incorporated as a feature if the normalized cross correlation output 

value falls below a certain threshold.  
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In addition to this, failure can also happen in computing the appropriate transform 

parameters when the point to point correspondence cannot be established due to other 

transformations of the target object. In order to avoid this scenario, the projected mean 

shape is superimposed on a binarized low resolution edge map of the input image, and 

a metric is computed by counting the average number of pixels on the mean shape that 

corresponds to an edge. Again, shape feature is not incorporated into the algorithm if 

the computed metric falls below a certain threshold value. 

4.10 Interactive lung annotation 

A chest x-ray screening system for pulmonary pathologies such as tuberculosis (TB) is 

of paramount importance due to the increasing mortality rate of patients with 

undiagnosed TB, especially in densely-populated developing countries. As a first step 

towards developing such a screening system, it is necessary to segment the lungs. The 

segmentation task is non-trivial, especially due to occlusion of the lung region by the 

heart.  

Figure 4.19 (a) shows a chest radiograph with the arrow marks indicating the lung 

boundaries that are occluded by the heart and Figure 4.19 (b) shows the lung 

boundaries segmented by an user using IT-SNAPS. The IT-SNAPS tool essentially 

acts as a manual segmentation tool while annotating the occluded lung segments. A 

test dataset of 35 chest x-ray images (70 lungs) were picked and annotated using IT-

SNAPS. An average of 10 clicks were required to segment the occluded part of each 

of the 70 lungs using IT-SNAPS. 

The proposed tool box is employed in order to fill up the occluded boundaries without 

any user click. As a first step, a shape model is generated by selecting 30 chest x-ray 

images that are different from the previously used 35 chest x-ray images. The lung 

boundaries were annotated by the user for each of these 30 training images. 

Subsequently, a shape model was computed separately for the right and the left lungs 

as explained in Section 4.6.1. The user starts the segmentation procedure by 

annotating all the visible parts (in green) of the lung as shown in Figure 4.20.  
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                                              (a)                                                                        (b)                             

Figure 4.19 (a) Occluded lung boundaries by the heart are indicated with the arrow marks; (b) 

Segmented lung boundaries using IT-SNAPS (green) 

 

Two experiments were conducted in order to illustrate the utility of the tool. Firstly, 

the ‘Complete annotation’ button, as discussed in Section 4.7, is pushed in order to fill 

up the occluded boundary (in pink) as shown in Figure 4.20. This experiment was 

performed on the same 35 test chest x-ray images  and the segmentation error is 

computed as a curve to curve distance between the occluded boundary segmented 

using IT-SNAPS and the predicted boundary by the proposed algorithm. The average 

error in terms of number of pixels for the 70 lungs is computed to be 5.2 pixels.  

In the second experiment, the predicted segment is employed to create a zone of 

confidence. After the user segments the visible parts of the lung, which is treated as a 

training boundary, a zone of confidence is generated by employing the proposed work. 

The user completes the segmentation procedure by clicking on the first point and the 

segmentation result of the occluded boundary (in red) is shown in Figure 4.21 (a). 

Figure 4.21 (b) shows an example of segmenting the occluded segment (in red) 

without user clicks after pushing the ‘Remove zoning’ button, essentially displaying 

the result without shape feature. It can be noticed that the boundary latches on to the 

heart, which in this case acts as a spurious edge. The average segmentation error by 

employing a zone of confidence and by asking the user to finish the segmentation 
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procedure by clicking on the first point for the 70 lungs is computed to be 4.5 pixels. 

An example of a segmentation error of 4.7 pixels is shown in Figure 4.22.  

 
Figure 4.20 Algorithm fills in the occluded lung segment (pink) once the user annotates the visible 

boundary (green). 

  
                                                        (a)                                                   (b) 

Figure 4.21 Training boundary is shown in green and the predicted segments are shown in pink. 

Segmentation result of the occluded boundary without clicks is shown in red (a) with shape information 

and (b) without shape information 
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Figure 4.22 Segmentation error = 4.7 pixels  between the occluded part of the segmented boundary 

(red), obtained using a zone of confidence from the predicted boundary (pink), and the occluded part of 

the segmented boundary using IT-SNAPS (green).  
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Chapter V 

INTERACTIVELY SEGMENTING SYMMETRICAL OBJECTS UP TO A 

HOMOGRAPHY 

5.1 Overview 

This chapter presents an interactive segmentation scheme that embeds an intrinsic 

property, namely bilateral symmetry, into the IS framework. The main target of this 

chapter is to predict one symmetric half of a bilaterally symmetric object distorted by 

a projective transform, given the corresponding other symmetric half. Accordingly, the 

proposed work utilizes the fundamental relationship between a distorted symmetrical 

object and its symmetrical counterpart in order to establish a mathematical relationship 

between the two symmetric halves. The user starts the segmentation procedure by 

providing training segments from the symmetric halves of the target object. Based on 

the provided training segments, a relationship is established between the two 

symmetric halves by incorporating a collinearity based parameterization method. 

Subsequently, based on this established relationship and the user generated segment, 

the other symmetric half is predicted. This predicted segment is used to generate a 

‘zone of confidence’ which mitigates the influence of spurious edges during the 

segmentation procedure, thus reducing the burden on the user. In addition, the 

predicted segment is also used to fill up the occluded parts of the target object, thus 

mitigating the burden and the subjectivity involved. 

5.2 Motivation 

Symmetry is a useful visual feature for image understanding [44]. When the target 

object is perfectly symmetric without any distortion, it becomes a simple task to 

determine one symmetric half from the other. However, the same task becomes non-

trivial when the symmetric target object is distorted projectively. Currently existing 

interactive segmentation techniques do not employ symmetry as a feature and hence 

adding symmetry as a feature will be immensely useful as many naturally occurring 

objects exhibit this property. 
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5.3 Existing work 

There has been extensive research on symmetry related to human and computer vision. 

As far as segmentation is concerned, symmetry has been used as a feature in a wide 

variety of applications and formulations as described in [45-48]. Currently, all these 

segmentation procedures are automatic in nature and there is no literature on 

interactive symmetry based segmentation. The proposed work is a novel attempt to 

integrate symmetry into an interactive segmentation scheme. The proposed work is 

motivated mainly based on some fundamental properties of a projectively distorted 

symmetrical objected as illustrated in [49] and [50]. The following section will discuss 

these fundamental properties and derive specific relationships between the symmetric 

halves of the target object. 

5.4 Fundamental property of a projectively distorted symmetrical object 

This section explains the relationship between a symmetrical object distorted by a 

projection matrix, denoted by S , and its symmetrical counterpart 'S . A symmetrical 

counterpart of a symmetrical object is obtained by flipping the symmetrical object 

either vertically or horizontally. Figure 5.1 (a) shows an example of a symmetrical 

object under projective distortion ( S ) and Figure 5.1 (b) shows its symmetrical 

counterpart ( 'S ), obtained by flipping S along the vertical axis. 

 
                                                   (a)                                                                 (b) 

Figure 5.1 (a) Projectively distorted symmetrical object S and (b) Symmetrical counterpart of S , 

denoted by 
'S  
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                                           (a)                                                                                (b) 

Figure 5.2 (a) Right and left halves of S are indicated by 
R

S and 
L

S respectively and (b) Right and left 

halves of 
'S are indicated by 

'

R
S and 

'

L
S respectively 

 

It can be proved that S  and 'S are related by a projective transformation matrix H

[49] and can be defined as follows, 

                                                           
'S HS=                                                           (5.1) 

where S and 'S correspond to the homogenous coordinates [ ]1
T

S S
X Y and 

' ' 1
T

S S
X Y   . H corresponds to the 3 by 3 projection matrix represented by, 

                                                    

11 12 13

21 22 23

31 32 33

h h h

H h h h

h h h

 
 

=  
  

                                                    (5.2) 

Let the right and left side points of S with respect to the symmetric axis (red line in 

Figure 5.1) be denoted by 
R

S and 
L

S respectively. Similarly, '

R
S  and '

L
S  represent the 

right and left side points of 'S respectively. Figure 5.2 clearly identifies the right and 

left segments of S  and 'S  as defined above. Using the property defined in Eq. 5.1, it 

can be easily noted that the projective transformation matrix H registers the pair of 

segments (
R

S , '

R
S ) and (

L
S , '

L
S ). Hence, these pairs can be related as, 

'

R
S  

'

L
S

 

R
S  

L
S  

R
S  

R
S  

R
S  
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'

'

R R

L L

S HS

S HS

=

=
                                                         (5.3) 

Also, it should be noted that the pairs (
R

S , '

L
S ) and (

L
S , '

R
S ) are related to each other 

by a vertical flip matrix, denoted by V . Hence, 

                                                           

'

'

R L

L R

S VS

S VS

=

=
                                                         (5.4) 

                                                    

' 1

' 1

L R

R L

S V S

S V S

−

−

 =
⇒ 

=
                                                      (5.5) 

where  V is a 3 by 3 matrix represented by, 

                                                     

1 0 0

0 1 0

0 0 1

V

− 
 =  
  

                                                       (5.6) 

Substituting the value of '

R
S  and '

L
S from Eq. (5.5) in Eq. (5.3) results in, 

                                                     

1

1

( )

( )

R L

L R

S H V S

S H V S

−

−

=

=
                                                     (5.7) 

It can be inferred from Eq. (5.7) that given the projective matrix H and one of the 

sides of the distorted symmetric object (
R

S or 
L

S ), the other symmetric side (
L

S or 
R

S

) can be easily computed. This idea of identifying one side from the other forms the 

core of the proposed interactive segmentation algorithm as discussed in the next 

section. 

5.5 Proposed work 

The proposed work focuses on calculating the projective transformation matrix H as 

defined in the previous section and incorporating the symmetry feature as part of the 

IS framework. The user starts the segmentation procedure by providing training 

segments from 
R

S and 
L

S (See Figure 5.2 (a)) as shown by the green boundaries in 

Figure 5.3 (a). It has to be noted that these training boundaries when combined 

together should correspond to a partial symmetrical object, denoted by P , that has 
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undergone the same distortion as that of the complete symmetrical object S . Figure 

5.3 (b) shows the partial symmetrical counterpart of P , denoted by 'P . The projective 

transform matrix H  can be computed by establishing the point to point 

correspondences between P  and 'P . Once H  is computed, either side of the 

symmetric object can be predicted from the other user segmented side by employing 

Eq. (5.7). However, the accurate prediction of H depends upon establishing an 

accurate point to point correspondence between P  and 'P . Hence, the method 

employed to parameterize of P  and 'P  becomes a critical step for the performance of 

the algorithm. The next subsection discusses how a simple arc-length based 

parameterization method is not sufficient to accurately predict the unsegmented half. 

Section 5.5.2 discusses a collinearity based parameterization method that improves the 

accuracy significantly. Finally, Section 5.5.3 discusses the incorporation of these ideas 

in order to predict the other symmetric half. 

 
                                               (a)                                                                      (b) 

Figure 5.3 (a) Green boundary indicates the training segment provided by the user denoted by P  (b) 

Symmetrical counterpart of P , denoted by 
'P  

5.5.1 Arc-length based parameterization  

A simple method to determine the projective transformation matrix H is to 

parameterize P  and 'P  based on arc-length and employ these points to compute H . 

Figures 5.4 (a)-(d) show four different lengths of the training segments P (shown in  
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                                  (a)                                            (e)                                             (i)                     

     
                                  (b)                                            (f)                                             (j)                     

     
                                  (c)                                             (g)                                           (k)                    

     
                                 (d)                                            (h)                                             (l)          

Figure 5.4 (a)-(d) Green boundary indicates the training segment provided by the user, denoted by P , 

(e)-(h) Symmetrical counterpart of P , denoted by 
'P  and (i) –(l) Registration results of P  and 

'P  

based on arc-length parameterization and the corresponding mean registration error in pixels 
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green) and Figures 5.4 (e)-(h) show the corresponding four symmetric counterparts 'P

(shown in blue). Figures 5.4 (i)-(l) show the registration results and the corresponding  

mean error in pixels between P (green) and the projected 'P  (blue) for the four 

different training segments. It can be easily noted that the registration is not accurate, 

especially when the length of the training segments are significantly different in 
R

S  

and 
L

S . Hence, arc-length parameterization is not sufficient to produce an accurate 

estimation of the projective transformation matrix H . The next sub-section exploits 

an important property of homography and parameterizes the training segments 

accordingly in order to get an accurate estimate of H . 

5.5.2 Collinearity based parameterization  

Collinearity is defined as a property of a set of points to lie on a single line. Points that 

are collinear, remain collinear after undergoing a projective distortion. In other words, 

collinearity is preserved under a projective transformation. This property can be 

exploited in order to parameterize P  and 'P  so that they have a closer point to point 

correspondence than compared to arc-length parameterization. As a first step, the right 

and left training segments are split into segments of approximately straight lines by 

identifying the points of high curvature, termed as critical points. Figures 5.5 (a)-(d) 

show these critical points (red circles) on the training segments (green). Figures 5.5 

(e)-(h) show these critical points (red circles) on the symmetrical counterparts (blue). 

Once a correspondence is established between the straight segments of the left and 

right side of the training segment, arc-length parameterization is employed to 

individually parameterize the corresponding straight lines with the same number of 

points. Figures 5.5 (i)-(l) show the registration results and the corresponding mean 

error in pixels between P (green) and the projected 'P  (blue) for the four different 

training segments parameterized based on the collinearity property. It can be noticed 

that the registration errors are significantly reduced and does not fluctuate with the 

length of the training segment. The next sub-section discusses the prediction results 

obtained by employing the computed transformation matrix H . 
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5.5.3 Predicting the other symmetric-half  

After providing the training segment, the user proceeds to segment the right or left part 

of the symmetric object. Depending upon which half the user chooses to segment, the 

other symmetric half is predicted by employing Eq. (5.7). Figures 5.6 shows the 

difference in the predicted segments by using arc-length parameterization ((a)-(d)) and 

collinearity based parameterization ((e)-(h)). The training segments, user segmented 

boundaries, predicted other symmetric half and the ground truth for the predicted half 

are shown in green, yellow, red and blue respectively. Figure 5.6 also shows the point 

to point mean prediction error in terms of number of pixels. 

After predicting the segment corresponding to the other half, a fixed zone of 

confidence is established as discussed in Section 4.6.3. This zoning, as discussed in 

the previous chapter, mitigates the influence of spurious edges by computing the cost 

matrix values only within the zone, thus reducing the burden on the user. Also, 

occluded segments of the target object could be filled up by the algorithm simply by 

using the predicted segment. The next section demonstrates the utility of the tool by 

employing the proposed work on synthetic examples. 
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                           (a)                                             (e)                                             (i)                     

     
                                  (b)                                            (f)                                             (j)                     

     
                           (c)                                              (g)                                            (k)                    

     
                                  (d)                                            (h)                                              (l)          

Figure 5.5 (a)-(d) Green boundary indicates the training segment provided by the user, denoted by P  

and the critical points are shown in red circles, (e)-(h) Symmetrical counterpart of P , denoted by 
'P  

and (i) –(l) Registration results of P  and 
'P  parameterized based on the collinearity property and the 

corresponding mean registration error in pixels 
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                                                          (a)                                           (e)                                        

     
                                                        (b)                                            (f)                                        

     
                                                          (c)                                           (g)                                        

     
                                                         (d)                                            (h)                                        

Figure 5.6 The training segments, user segmented boundaries, predicted other symmetric half and the 

ground truth for the predicted half are shown in green, yellow, red and blue respectively for (a)-(d) Arc-

length based parameterization method and, (e)-(h) Collinearity based parameterization method. The 

prediction error is shown in terms of number of pixels. 
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5.6 Interactive segmentation with symmetry as a feature 

As discussed in Section 4.7 for the shape feature, the user also has the option of 

selecting symmetry as a feature prior to the segmentation procedure. The user, after 

selecting symmetry as a feature, starts the segmentation procedure by providing 

corresponding training segments from the right and left halves of the distorted 

symmetrical object, which is performed by mouse double clicks. Figure 5.7 (a) 

displays these training segments red and yellow. Once the user provides these training 

segments, the appropriate projection matrix H  is computed as explained in the 

previous sections. Subsequently, the user selects and segments (in green) part of any 

one half of the symmetrical object as shown in Figure 5.7 (b). Based on this user 

provided segment and the computed H  matrix, the other corresponding half of the 

symmetrical segment is predicted (in pink) as displayed in Figure 5.7 (c). A zone of 

confidence is built around this predicted segment which reduces the influence of the 

spurious edges. The segmentation result (in green) without any user clicks in displayed 

in Figure 5.7 (d). Figure 5.7 (e) displays the segmentation result (in green) without 

clicks after pushing the ‘Remove zoning’ button, essentially showing the result 

without the symmetry feature. It can be noted that the spurious edge has an influence 

on the segmentation procedure and hence the user will be forced to click multiple 

times if symmetry is not used as a feature. 

In addition, the ‘Complete annotation’ button can be used for filling up 

occluded/broken segments by using the predicted segment. Figure 5.8 shows an 

example of this feature of the tool box by employing an occluded and distorted 

symmetrical object. The training segments (in red and yellow) are displayed in Figure 

5.8 (a), user segmented boundary (in green) is displayed in Figure 5.8 (b) and the 

predicted segment (in pink) is displayed in Figure 5.8 (c). The user pushes the 

‘Complete annotation’ button in order to accept the predicted segment as the final 

segmentation result. 
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                                       (a)                                                                     (b) 

 
                                                  (c)                                                                 (d) 

 
(e) 

 

Figure 5.7 Spurious edge scenario: (a) Training segments for the two halves are displayed in red and 

yellow, (b) User segmented boundary is shown in green, (c)  Predicted segment is shown in pink, and 

Segmentation results (d) with and (e) without symmetry feature is shown in green 
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                                            (a)                                                                             (b) 

 
 (c) 

 

Figure 5.8 Occlusion Scenario: (a) Training segments for the two halves are displayed in red and 

yellow, (b) User segmented boundary is shown in green, (c)  Predicted segment is shown in pink 
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CHAPTER VI 

CONCLUSIONS  

6.1 Overview  

This chapter presents concluding remarks on the research conducted in this work. This 

chapter also suggests some possible extensions that could be made to the current work.  

6.2 Conclusions 

The dissertation focuses on energy minimizing techniques applied as hybrid 

segmentation schemes. The second and third chapters present the classic automatic 

segmentation methodology of designing the energy functional, customizing the 

parameters of the energy terms and applying it to real world applications. The third 

and fourth parts of the dissertation deals with incorporating higher level knowledge 

into an interactive segmentation framework. The following paragraphs discuss the 

conclusions with respect to each chapter. 

As discusses in Chapter 2, a machine vision system has been successfully developed 

to automatically segment stains in fabrics. The system, which is easy to set up in a 

laboratory, essentially comprises of an off-the-shelf scanner as the image acquisition 

system. An energy minimizing contour, which adaptively evolves its parameter based 

on the region statistics is employed in order to segment the stain, thus facilitating soil 

release measurements. Experiments and results on a sizeable set of images 

demonstrate the efficacy of the proposed approach in accurately outputting the desired 

measurements. Recently, this work has been published in the Journal of Electronic 

Imaging [51]. 

The next chapter of the dissertation explains a machine vision system that has been 

successfully developed for automatic firearm class identification from spent cartridge 

cases. The system comprises of a white light interferometer for image acquisition. The 

algorithmic part of the system comprises of the segmentation and classification 

components in order to detect and label the signification features like FPI and FPAO 

on the cartridge case head. A customized statistical region-based parametric active 
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contour model was used in order to segment the FPI, whereas a Mumford-Shah based 

level set model was employed in order to segment the FPAO. A shape-based level set 

method was used in order to compare these segmented shapes to an annotated dataset 

of FPIs and FPAOs from varied firearm types. A total of 74 cartridge case images 

non-uniformly distributed over five different firearms were processed using the 

aforementioned scheme and
 
the promising nature of the results (95% classification 

accuracy) demonstrate the
 
efficacy of the proposed approach. This work has been 

published in the SPIE conference [52]. 

The last two chapters of the dissertation focus on integrating two intrinsic properties 

into an interactive segmentation framework. Accordingly, Chapter 4 and Chapter 5 

discuss the incorporation of shape and symmetry feature into the IS framework 

respectively.  Chapter 4 also discusses certain improvements made to the IT-SNAPS 

framework, the significant one being the modification of the multi-objective 

optimization scheme employed in IT-SNAPS for accurate weights computation. A 

novel hybrid interactive segmentation scheme has been developed. A higher level 

feature, namely shape, is incorporated into the IS framework. Based on the training 

segment generated by the user, the algorithm tries to predict the location of the 

unsegmented target boundary. This is achieved by employing a partial shape matching 

scheme and subsequently generating a ‘zone of confidence’. The efficacy of the 

proposed approach has been validated by comparing it to IT-SNAPS under the 

influence of spurious edges and occlusion. The proposed algorithm is also employed 

to annotate lung boundaries in chest x-ray images under the presence of occlusion. 

Recently, this work has been accepted in the SPIE medical imaging conference [53]. 

Finally, bilateral symmetry feature up to a homography is incorporated into the IS 

framework. The proposed work utilizes the fundamental relationship between a 

distorted symmetrical object and its symmetrical counterpart in order to establish a 

mathematical relationship between the two symmetric halves. A collinearity based 

parameterization technique is employed in order to establish this relationship. 

Subsequently, based on this established relationship and the user generated segment, 
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the other symmetric half is predicted. This predicted segment is utilized to reduce the 

burden of the segmentation procedure. 

6.3 Future Directions 

This section discusses few improvements that could be made to the current work. One 

of the major constraints on the target object while incorporating shape as a feature is 

that it could vary only up to a rigid transform. A better partial shape matching method 

which utilizes other curve based signatures is required in order to accommodate more 

complex transformations. This addition would improve the utility of the tool 

immensely. 

The proposed work accounts for only bilaterally symmetric objects. Rotationally 

symmetric features could be one valuable addition to the toolbox. In addition, a better 

registration technique is required in order to accurately determine the projective 

transformation matrix that relates the symmetric object and its counterpart. 

Accordingly, a faster implementation of a level set based projective registration 

technique will aid in accurately detecting the projection matrix as it does not require 

point to point correspondence. In addition, the utility of the tool as far as symmetry 

feature is concerned needs to be established by demonstrating the proposed work on a 

real application. 

  



Texas Tech University, Sridharan Kamalakannan, December 2012 

 

86 

Bibliography 

 

 

1. R. Szeliski, “Computer Vision: Algorithms and Applications”, Springer, 2010. 

2. S.J.D. Prince, “Computer Vision: Models, learning and inference”, Cambridge 

University Press, 2011. 

3. R.C. Gonzalez and R.E. Woods, “Digital Image Processing”, Prentice Hall, 

2007. 

4. M. Nixon and A.S. Aquado, “Feature Extraction and Image Processing for 

Computer Vision”, Academic Press, 2012. 

5. N. Sharma and L.M. Aggarwal, “Automated medical image segmentation 

techniques”, Journal of medical physics, Vol. 35(1), pp. 3-14, 2010. 

6. P. K. Sahoo, S. Soltani, and Y. C. Chen, “A survey of thresholding 

techniques,” Computer Vision, Graphics, and Image Processing vol. 41, pp. 

233–260, February 2008. 

7. J. Freixenet, X. Muñoz, D. Raba, J. Martí and X. Cufí, “Yet Another Survey on 

Image Segmentation: Region and Boundary Information Integration”, ECCV, 

Vol. 2352, 2002. 

8. K.S. Fu and J.K. Mui, “A survey on image segmentation”, Pattern 

Recognition, vol. 13, pp. 3-16, 1981. 

9. N.R.Pal and S.K. Pal, “A review on image segmentation techniques”, Pattern 

Recognition, Vol. 26(9), pp. 1277-1294, 1993. 

10. T.F. Cootes and C.J. Taylor and D.H. Cooper and J. Graham, “Active shape 

models - their training and application", Computer Vision and Image 

Understanding, vol. 61, pp. 38–59, 1995. 

11. T. F. Cootes, G. J. Edwards, and C. J. Taylor, “Active appearance models”. 

IEEE TPAMI, Vol. 23(6), pp. 681–685, 2001. 

12. M. Kass, A. Witkin and D. Terzopoulos, “Active Contour Models”, Int. 

Journal of computer vision, vol.1(4), pp.321-331, 1987. 

13. S. Osher, J.A. Sethian "Fronts propagating with curvature-dependent speed: 

Algorithms based on Hamilton-Jacobi formulations", J. Comput. Phys. vol.79, 

pp.12–49, 1988. 

14. S. Osher and N.Paragios. “Gemometric level set methods in imaging vision 

and graphics”, Springer-verlag, New York, 2003.  

15. E. N. Mortensen and W. A. Barrett, “Intelligent Scissors for Image 

Composition”, Computer Graphics SIGGRAPH, pp. 191–198, Los Angeles, 

1995. 

16. Y. Boykov and V. Kolmogorov “An Experimental Comparison of Min-

Cut/Max-Flow Algorithms for Energy Minimization in Vision”, IEEE Trans. 

Pattern Anal. Mach. Intell. vol.26(9), pp. 1124-1137, 2004 

17. Y. Li, J. Sun, C. Tang, and H. Shum, "Lazy Snapping", ACM Transactions on 

Graphics, pp. 303-308, 2004 



Texas Tech University, Sridharan Kamalakannan, December 2012 

 

87 

18. C. Rother, V. Kolmogorov, A. Blake. “GrabCut: Interactive Foreground 

Extraction using Iterated Graph Cuts”,  ACM Transactions on Graphics 

SIGGRAPH'04, 2004. 

19. A. Gururajan, H. Sari-Sarraf, and E. Hequet, “Interactive Texture 

Segmentation Via IT-SNAPS”, IEEE Proc. SSIAI, IEEE Computer Society, 

2010. 

20. AATCC: Test method 130-1995, AATCC Technical Manual, pp. 217-219, 

1995. 

21. S. J. Shin, I. S. Tsai, and P. D. Lee, “Applying the theorem of Texture TUNED 

Masks on Automatic Fault Detection and Recognition for Static Plain Fabrics”, 

Textile Res. J., vol. 63(2), pp. 1-10,1993. 

22. P.W.Chen, T.C.Liang, and H.F.Yau, “Classifying Textile Faults with a Back-

Propagation Neural Network Using Power Spectra”, Textile Res. J., vol. 68(2), 

pp. 121-126, 1998. 

23. J.K.Chung-Feng, L.Ching-Jeng, and T.Cheng-Chih, “Wood Inspection with 

Nonsupervised Clustering” Textile Res. J., vol. 73(3), pp. 238-244, 2003. 

24. B.Xu and J.A.Reed, “Instrumental Evaluations of Stain Release in Fabrics”, J. 

Textile Institute, vol. 87(1), pp. 203-211, 1996. 

25. A.Gururajan, H.Sari-Sarraf, and E.Hequet, “A Statistical Approach to Defect 

Detection and Multi-Scale Segmentation in Two-Texture Images”, Optical 

Eng., vol. 47(2), 2008. 

26. A.Gururajan, E.Hequet, and H.Sari-Sarraf, “Objective Evaluation of Soil 

Release in Fabrics”, Textile Res. J., vol. 78(9), pp. 782-795, 2008. 

27. S.Kamalakannan, A.Gururajan, M.Shahriar, M.Hill, J.Anderson, H.Sari-Sarraf, 

and E.Hequet, “Assessing Fabric Stain Release Using a GPU-based 

Implementation of Statistical Snakes” Proc. SPIE Electronic Imag., San Jose, 

CA, 2009. 
28. J.Ivins, J.Porrill, “Active Region Models for Segmenting Textures and Colors”, Image and Vision Computing, 1995.  

29. C. Fox. “An introduction to calculus of variations”. Oxford University press, 

London, 1950. 

30. Dice, Lee R. (1945). "Measures of the Amount of Ecologic Association 

Between Species". Ecology 26 (3): 297–302. 

31. D.L. Cork, J. E. Rolph, E. S. Meieran and C.V. Petrie, “Ballistic Imaging”, The 

National Academies Press, 2008. 

32. Z.Geradts, J.Bijhold, R.Hermsen and F.Murtagh, “ Image matching algorithms 

for breech face marks and firing pins in a database of spent cartridge cases of 

firearms”, Forensic science International, vol. 119(1), pp. 97-106, 2001. 
33. D.G.Li and C.Watson, “Ballistics firearms identification based on images of cartridge case and projectile,” Proc. SPIE, vol. 3575, pp. 249-263, 

1998. 

34. R.M. Thompson, “Automated firearms evidence comparison using the 

integrated ballistic identification system (IBIS)”, Proc. SPIE, Vol. 3576, pp. 

94-103, 1998. 

35. Z.Geradts, J.Bijhold and R.Hermsen, “Pattern recognition in a database of 

cartridge cases,” Proc. SPIE, vol. 3576, pp. 104-115, 1998. 



Texas Tech University, Sridharan Kamalakannan, December 2012 

 

88 

36. J.Zhou, L. Xin and G.Rong, “Algorithm of automatic cartridge identification”, 

Opt. Eng., vol. 40(12), pp. 2860-2865, 2001.  

37. W. Bauer, “Special Properties of Coherence Scanning Interferometers for large 

Measurement Volumes” Journal of Physics: Conference Series, Vol. 311(1) , 

2011. 

38. L. G. Minor and J. Sklansky, “Detection and segmentation of blobs in infrared 

images”, IEEE Trans. SMC, pp. 194–2011, 1981. 

39. T.F. Chan, and L.A. Vese, “Active Contours Without Edges”, IEEE Trans. On 

Image Processing, vol. 10(2), pp. 266-277, 2001. 

40. M.Rousson and N.Paragios, “Prior Knowledge, Level Set Representations & 

Visual Grouping”, Int. Journal of Computer Vision, vol. 76(3), pp. 231-243, 

2007. 

41. E. W. Dijkstra, “A Note on Two Problems in Connexion with Graphs,” 

Numerische Mathematik, vol. 1, pp. 269–270, 1959. 

42. M. Cui, J. Femiani, J. Hu, P. Wonka and A. Razdan, “Curve matching for open 

2D curves”, Pattern Recgnition Letters, vol. 30, pp.1-10, 2009. 

43. J.P.Lewis,  “Fast normalized cross-correlation” In: Vision Interface. Canadian 

Image Processing and Pattern Recognition Society, pp. 120–123, 1995. 

44. C.W. Tyler. “Human Symmetry Perception and Its Computational Analysis”, 

Lawrence Erlbaum Associates, 2002. 

45. J.M. Gauch and S.M. Pizer. “The intensity axis of symmetry and its application 

to image segmentation.” IEEE Transactions on Pattern Analysis and Machine 

Intelligence, 15(8), pp. 753–770, 1993. 

46. A. Gupta, V.S.N. Prasad, and L.S. Davis. “Extracting regions of symmetry”. In 

ICIP, pages III: 133–136, 2005. 

47. A. Laird and J. Miller. “Hierarchical symmetry segmentation”. In Proc. SPIE, 

Intelligent Robots and Computer Vision IX: Algorithms and Techniques, 

volume 1381, pp. 536–544, Feb. 199 

48. T.L. Liu, D. Geiger, and A.L. Yuille. “Segmenting by seeking the symmetry 

axis”. In Proceedings of the International Conference on Pattern Recognition, 

pp. 994–998, 1998. 

49. T. Riklin Raviv, N. Sochen and N. Kiryati, “On Symmetry, Perspectivity and 

Level-set based Segmentation”, IEEE Transactions on Pattern Analysis and 

Machine Intelligence, 31(8), pp 1458--1471, August 2009  

50. Y.A. Yang, K. Huang, S. Rao, W. Hong, and Y. Ma. “Symmetry-based 3-d 

reconstruction from perspective images”. Computer Vision and Image 

Understanding, vol 99, pp. 210–240, August 2005. 

51. S.Kamalakannan, A. Gururajan, H. Sari-Sarraf and E.Hequet, “GPU-Based 

Machine Vision System for Simultaneous Measurement of Shrinkage and Soil 

Release in Fabrics”, Journal of Electronic Imaging, 19(2), June, 2010. 

52. S.Kamalakannan, C. Mann, P.Bingham, T. Karnowski and S. Gleason, 

"Automatic Firearm Class Identification from Cartridge Cases", Proc. SPIE 

(Electronic Imaging), 2011. 



Texas Tech University, Sridharan Kamalakannan, December 2012 

 

89 

53. S.Kamalakannan, B. Bryant, H. Sari-Sarraf, R. Long, S. Antani and G.Thoma, 

"Integrating shape into an interactive segmentation framework", SPIE 

(Medical Imaging), 2013. 
 

 

 

 

 

 

 

 


