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  The efforts addressed in this thesis refer to assaying the extent of local features in 

2D-images for the purpose of recognition and classification. It is based on comparing a 

test- image against a template in binary format. It is a bioinformatics-inspired approach 

pursued and presented as deliverables of this thesis as summarized below: 

1. By applying the so-called ‘Smith-Waterman (SW) local alignment’ and 

‘Needleman-Wunsch (NW) global alignment’ approaches of bioinformatics, a test 

2D-image in binary format is compared against a reference image so as to 

recognize the differential features that reside locally in the images being compared 

2. SW and NW algorithms based binary comparison involves conversion of one-

dimensional sequence alignment procedure (indicated traditionally for molecular 

sequence comparison adopted  in bioinformatics) to 2D-image matrix 

3. Relevant algorithms specific to computations are implemented as MatLab
TM 

codes 
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4. Test-images considered are: Real-world bio-/medical-images, synthetic images, 

microarrays, biometric finger prints (thumb-impressions) and handwritten 

signatures. 

  Based on the results, conclusions are enumerated and inferences are made with 

directions for future studies. 
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CHAPTER I 

INTRODUCTION 

1.1 General 

  A state-of-the-art of scientific discipline is concerned with the technique of 

extracting information from images. In general, the gamut of image data may manifest in 

several forms such as printed images, handwritten scripts, photographs, video-captured 

images as well as multi-dimensional data extracted, for example from a medical scanner. 

In the modern context of image identification, classification and interpretation, the 

evaluation schemes involve models that elegantly construct the test-image details in a form 

conducive for meaningful computer-based analysis. Seen in the perspectives of modern 

computer vision and computer graphics, the image data can be analyzed in exhaustive 

formats and methods towards a variety of outcomes such as scene reconstruction, event-

detection, video-tracking, object recognition, image restoration, motion estimation, 

biometric evaluation etc. Concurrent to image identification, a related effort of interest 

refers to the classification of localized features in an image. Such pattern classification is 

based on a unique decision function that classifies the test entity in the local context. 

Generally, pattern classification offers a relative significance of one image (or a part of it) 

against another image. Typically, binary correlators form a class of such pattern classifiers. 

They compare and correlate image features via binary formatted data.    
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  Related methods and application though have been in vogue since the era of 

computer evolution, still the underlying considerations offer a room for more basic 

research with the advent of increased complexity that persists in the tasks of bio-/medical-

image analysis.  

  The scope of relevant research endeavor is driven by the following considerations: 

    Exercising optimal use of software with available computer technology 

   Extracting information from the images reliably and robustly consistent with the 

quality of the image expressed in terms of underlying pixel resolution specified in 

binary format 

   Attempting to recognize and classify intricate image details in the local instance of 

detecting abnormalities (such as tumor in medical images) situated in the complex 

ambient of anatomical features and physiological ambient 

   Finding ways of ease in computation and fastness of information extraction from 

the images on real-time basis especially in clinical applications and medical 

decisions 

   Exploring new mathematical/analytical schemes for image analysis in multi-

dimensional formats as tools for computer vision and graphic efforts 

   Importing computational methods available in other areas of scientific and 

engineering field and converting them for the purpose of image analysis in order to 

gather information on test images in a practical manner 

   Understanding the image informatics with the scope for intense research to 

understand the entropy features (in Shannon’s sense) of the images. Relevant 

concern leads to the so-called ‘pattern-formatted information’ constituting the 

basis for applying artificial intelligence (AI) with a confluence of the interest and 

cohesiveness of several disciplines including molecular biology and pathology of 

living systems [1.1] 

   Searching for an avenue of research in image recognition and pattern classification 

efforts that are concerned with fuzzy attributes prevailing in real-world images 

(such as in medical scans). In practice, indistinct overlap of artifacts (like tumor 
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location) in images needs to be identified and evaluated. For this purpose an 

exclusive approach is needed as indicated in [1.2]. Relevant fuzzy fusion and fuzzy 

clustering present a vast scope in image-processing.  

 

  In view of the above considerations, it is imperative that image-processing offers 

ample scope to formulate and analyze research efforts with the feasibility of several 

avenues of interests. Hence, it is attempted in this study to address a focused approach of a 

novel computational strategy based on principles of bioinformatics algorithms; and, it is 

applied for image-processing toward recognizing local features and classifying them as 

required. The scope of present study thereof is as follows: 

1.2   Scope of the Research 

  Commensurate with the subject-matter indicated above, the scope of the research 

undertaken in this study refers to formulating a new 2D-image analysis effort. It uses the 

method of comparison and alignment procedure pertinent to classical 1D (molecular) 

sequence of bioinformatics. Well-known as Smith-Waterman (SW) and Needleman-

Wunsch (NW) algorithms, they are comprehensively adopted in molecular sequence 

analysis in genomic context [1.3] [1.4]. However, translating relevant concepts to 2D-

image processing is sparse. In the present research, it is attempted to apply SW/NW 

algorithms to 2D-image analysis with the objectives as follows: 

1.3  Objectives of the Research 

  Matching the scope of the research conceived as above, the objectives of the 

research pursued can be enumerated as follows: 
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 To survey and compile literature on the state-of-the-art aspects of image-

processing 

 To develop a two-dimensional (2D) extension of SW/NW algorithms 

applicable to image analysis 

 To develop a binary correlator based on 2D-SW/NW algorithm to compare 

the image features in two images  

 To apply 2D-SW/NW algorithms to analyze standard bio-/medical-images as 

well as synthetic images 

 To elucidate gene expression details between two microarrays 

 To compare biometric samples of finger prints and handwritten signatures to 

determine their similarity/dissimilarity features 

 To extract meaningful coefficients of image characterization from the 

simulated results and interpret the values vis-à-vis image features 

 To identify the efficacy of the simulation methods pursued ascertaining the 

merits and demerits of the approach seeking possible efforts for future 

research 

1.4   Motivation 

  The problem of finding relatedness between two images (a test image and a 

reference image) is a classical notion in image-processing so as to determine the 

correlation between the data sets. Given a reference image and a test-image, the purpose of 

finding the variabilities between them is useful in diagnostic studies towards knowing any 

associated abnormalities and/or characteristic features prevalent in the test-image. The 

reference image is taken as a template and the test-image to be compared is presumably 

having abnormal features such as tumor, lesion etc. The diagnostic use of medical images 

in a clinical setting implicitly requires knowing point-by-point correspondence between 

the sites in the template versus those in the test-image. For example, two given images 
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may be of a single patient captured at different times, such as during a mammography 

examination involving repeated imaging after the injection of a contrast agent.  

  Also, the images may be of a single patient viewed by different imaging modalities 

like by magnetic resonance and computerized tomography. Such redundant imaging 

details provide complementary information for image comparison and evaluation of the 

extent of any pathology involved. Likewise, an image of a patient can be compared to an 

idealized atlas in order to identify or segment tissue classes based on a detailed 

segmentation of that class. The art of seeing a point in one image to its corresponding 

point in the other has a transformational relation often known as medical image 

registration [1.5]. Such minute details verification is also needed in comparing biometric 

samples of thumb-impressions and handwritten scripts.  

  In essence, the procedure of image registration calls for a template-to-test image 

matching. Essentially, it corresponds to 2D-matching of pixel characteristics. 

Microscopically, the granular features between the template and the test-image provide 

singular or (microscopically local) details. In a more diffused sense, such an image 

comparison is required to yield score values that offer cumulatively global (or 

macroscopically extended) features of the image that are macroscopically significant.  

            The present study is conceived and motivated by the consideration of finding 

locally- significant micro-, meso- or macroscopic artifacts in a test image vis-à-vis in a 

template. Consistent with this objective, the motivated effort addressed in this research is 

inspired by seeking certain avenues of unexplored strategies to do the image comparison. 

Recognition of variation between images (for classifying them) can be done in a number 

of ways as described in the classical literature [1.6]. 



 6 

  Notwithstanding the methods addressed in the archives of literature, exercised in 

this study is a unique technique based on the so-called Smith-Waterman (SW) and 

Needleman-Wunsch algorithms, which are traditionally used in bioinformatics sequence 

comparison and alignment of genomic sequences. The SW/NW algorithms essentially 

depict a 1D-sequence matching technique [1.6]. The origin of such linear sequence 

analysis began with the heuristic homology algorithm of Needleman and Wunsch [1.4], 

which first introduced an iterative matrix method to calculate and identify common 

molecular subsequences. While the technique of SW algorithm is largely confined to 1D 

local-alignment problem, it is indicated in [1.7] that SW approach can also be applied to 

the context of 2D spatial data so as to recognize any associated segmented spatial 

sequences. Relevant results show that SW-method offers higher accuracy than the discrete 

Hidden Markov model (HMM) maintaining high classification accuracy. [1.8] 

  Motivated by the above observations, it is attempted in this work to apply SW/NW 

algorithms for template-to-image comparison so as to ascertain microscopically prevailing 

local artifacts in macroscopically extended images. And, relevant examples pertinent to 

medical images are analyzed along with synthetic images. Also, considered for 

comparison are microarray patterns [1.9] and biometric fingerprints/thumb-impressions. 

Essentially, the images being compared are taken in binary format and the SW/NW 

algorithms are envisaged to ascertain a binary correlation measure between the images. 

1.5       Approach 

  As mentioned earlier, a new avenue of using traditional bioinformatics algorithms 

on linear sequences is to explore their applications to bio-/medical-imaging. 
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Corresponding Smith-Waterman (SW) algorithm prescribes a method for local sequence 

alignment of two linear sequences (like nucleotide bases) so as to determine similar 

segmental (local) regions between them and yields an optimized value of similarity-

measure. This SW algorithm as well as the NW algorithm (used in 1-D context) can be 

extended to 2-D bio-/medical-imaging. For example, various images having different 

locations and severity of tumor, when compared with a reference image via SW/NW 

approach yields scores of distinguishable levels that portray the significant and/or 

insignificant local features of the test image. The method of applying SW/NW algorithm 

in the context of 2D-image analysis can be summarized as follows:  

  First the test-image is converted to a gray-scale image and then to a binary image. 

Relevant binary matrix of the image is compared against the reference matrix of same size 

pertinent to a template (reference) image. The template image corresponds to a binary 

format having all its matrix elements being 1’s.  

  Comparison between binary formatted images is done as follows: Score is obtained 

via SW/NW algorithm for each row in the test image versus corresponding row in the 

reference image; and the cumulative score (if needed) for the test image is determined. The 

compiled row-based, and/or cumulative scores of different images are used for image 

classification. Further, the SW/NW algorithmic computation of scoring is repeated by 

comparing the test-image matrix and the reference template matrix column-wise. That is, a 

column-by-column comparison is done and corresponding column-based and/or 

cumulative scores are collected. By comparing the row-based computational scores with 

column-based values, the feature asymmetry, skewness and localized artifacts can be 
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assessed. The approach as above is an unexplored technique envisaged here as a new 

binary correlation technique applied to image analysis. 

1.6   Contributions 

 The gross efforts exercised in this research can be summarized as shown below to 

indicate the essential outcomes/contributions of the research carried out.  

 A new bioinformatics-inspired approach to convert 1D-SW/NW sequence 

algorithm to the contexts of 2D-image representation 

  Application of 2D-SW/NW algorithms to compare images in binary format 

  Binary image comparison with scored data obtained via 2D-SW/NW algorithms 

  Applying such comparative procedure to medical and/or biological images to 

determine the relatedness or dissimilarity between them in quantifiable terms 

  Extending the binary correlation technique formulated with 2D-SW/NW 

algorithms to compare microarrays and elucidate relative gene expression values 

  Finding the image features of latent images such as thumb impressions/finger 

prints via comparison with template images 

 

  The efforts as above are novel in the sense that the method of approach (2D 

NW/SW method) pursued is unique and new. To the best of author’s knowledge no such 

binary correlation technique using SW/NW algorithms has been exercised in the context of 

image feature evaluation.  

1.7   Thesis Organization 

  In order the cohesively address the research efforts and present the outcome, this 

thesis is written with an organized set of chapters as follows:  
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 Chapter I: Introduction - This (present) chapter provides an introduction to the 

topic of research pursued with an indication of relevant scope and objectives. The 

general format of thesis organization is outlined 

 Chapter II: Recognition of Spatial Characteristics of 2D-images: State-of-the-

Art - Elaborated in this chapter are details pertinent to classical and state-of-the-art 

aspects of recognizing spatial features in 2D-images. An archive of literature is 

reviewed thereof and salient information is presented consistent with the topic of 

interest 

 Chapter III: Smith-Waterman and Needleman-Wunsch Algorithms - This 

chapter outlines the general aspects of the algorithm used in molecular sequence 

recognition and alignment. Hence, the underlying global and local alignment issues 

in 1D-sequence analysis performed using NW and SW algorithms are explained 

with necessary computational steps involved. Further the way of changing 

traditional 1D-sequence analysis of SW/NW algorithms to a 2D-framework is 

indicated 

 Chapter IV: Sequence Alignment Approach of SW/NW Algorithms: 

Application to Synthetic and Medical Images - With the conceived objective of 

adopting SW/NW algorithms in extracting 2D- image features, Chapter 4 is written 

to elaborate the application of SW/NW algorithms in detail using relevant 

examples of synthetic data sets. Relevant computational procedures are indicated 

in developing a binary correlator using the aforesaid algorithm. The results 

obtained are organized and presented for deducing necessary conclusions 

 Chapter V: Sequence Alignment Approach of SW/NW Algorithms: 

Application to Microarrays and Finger-prints/ Thumb-impressions - This 

chapter is designed to present a number of experimental simulations using images 

of medical significance, microarrays and forensic finger-prints. The results 

obtained are organized and presented for deducing necessary conclusions 
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   Chapter VI: Discussions and Conclusions - The results obtained in Chapter 5 are 

gathered and critically reviewed in Chapter 6 in order to evaluate the efficacy of 

the method proposed. The results are supplemented with additional test study 

performed on handwritten signature comparison. From the results analyzed a set of 

concluding remarks are made. Further the scope for future study is identified with 

a gist of open-questions. An executive summary of the research is also presented 

1.8  Closing Remarks 

  This introduction chapter is written to outline the overall content of the thesis and 

provides details on the scope of the research, underlying objectives and driving 

motivation. Further, the thesis organization is indicated with a format outline on pursuing 

chapters. 
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CHAPTER II 

RECOGNITION OF SPATIAL CHARACTERISTICS OF 2D-IMAGES: 

STATE-OF-THE-ART 

2.1   Introduction 

  Image-analysis in a global sense refers to extracting meaningful information from 

images, mainly from digital images using digital image-processing techniques. In such 

efforts, computers are indispensable inasmuch as image analysis involves large amounts 

of data and warrants tasks that require complex computation, towards extracting 

quantitative information. Computer-based image-analysis thereof largely includes both 

software and hardware aspects of computer tailored as the arts of machine vision and 

medical imaging. It also makes use of pattern recognition as well as digital geometry and 

signal-processing techniques. The applications of digital image-analysis are continuously 

expanding through all areas of science and industry including the following: In 

medicine, for detecting cancer in an MRI scan; in microscopy, to count the germs in a 

swab; in remote sensing, for detecting intruders in a premises; in astronomy, for 

calculating the size of a planet; in materials science, to determine, for example, whether 

a metal (weld) has cracks; in machine vision, to count automatically items in a factory 

conveyor belt; in biometric security systems, for example, to detect a person's eye color 

or hair color and in robotics, to avoid an obstacle while steering etc. 
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  A section of image-analysis is concerned with feature selection in the image and 

to perform evaluation so as to classify the image in terms of its underlying features. 

Normally, the classification is done on relative basis with respect to a template or a 

reference image. Further, the classification is specified in terms of a target class 

conforming to a given set of features. A robust feature selection and classification 

procedure must be such that, the selection is consistently uniform in identifying similar 

image features taken from different sources.  

   

 

 

 

 

 

Figure 2.1: An example of synthetic image pattern with distinguishable quadrant-wise 

features 

  For example, considering a set of synthetic images of square grids with random 

black -white contents dispersed across the image, in the simplest form it may be required 

to identify, locate and classify particular regions that are predominantly black or 

predominantly white. Also, between the extrema of being totally-black or totally-white, a 

graded set of contents may prevail, which have to be ranked and classified according to, 

say the extent of black or white content. For example, shown in Figure 2.1 is an example 

of simple chess-board image where fourth quadrant is mostly black, and the first quadrant 

  

  

 

 

 

  

 

 

  

 

 

 

 

 

1 
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is mostly white. In between these classifications, relatively the second and third quadrants 

can be ranked. 

  The real-world images are more complex than the synthetic Figure 2.1 and are not 

distinctly discretized. Invariably, the gradation of black-to-white is diffused and can be 

specified only in terms of gray level attributes. For example, shown in Figure 2.2 is a 

typical brain-scan image wherein the dark and white spaces are randomly diffused across 

the image. In order to analyze the feature attributes of such images, it is often required to 

“digitize” the image based on gray level gradation.  Relevant to Figure 2.2 the digitized 

partial matrix (obtained using the MatLab
TM

 command im2bw) is presented in Figure 2.3. 

 

Figure 2.2: A typical medical image in analog format 
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Figure 2.3: Partial matrix depicting the digitized binary map of third quadrant of Figure 

2.2 

  In the context of aforesaid considerations, the theme of the present study is 

developed and the associated archive of literature details is presented in the next section. 

2.2   Literature Survey on Image-Processing Techniques 

  Computer vision and image-processing are statistical methods that extract 

descriptions of images or images formatted as sequences by using models constructed 

using geometrical and relevant theoretical considerations. The following sections present 

an outline on image-processing techniques: 

(A) Image filtering and enhancements: It is a process when applied to images removes 

noise and improves the image quality. The underlying techniques include the 

following: 
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  Contrast stretching attempts to improve an image by stretching the range 

of intensity values in the image so as to make full use of all possible 

values (of intensity levels) 

  Histogram equalization adjusts contrast using histogram based statistics 

of an image 

  Low pass (weighted average) filter smoothens the high-frequency noise 

contained in the image 

  Median filtering is used to reduce the so-called "salt and pepper" noise 

(B)  Edge detection: This is an image recognition technique that converts a 2D-image 

into a set of curves extracting salient features of the scene across the boundaries. Different 

models indicated thereof are: Laplacian of Gaussian (LOG), Canny’s edge detector, Sobel 

operator [2.1].  

(C)  Morphological operations: These are applied on different images, taking into 

account of the morphological properties like size, shape, thickness, etc. The purpose of 

such operations is concerned with removing small, unconnected regions, filling holes in a 

region, thinning as wells as thickening the images etc. The basic idea behind 

morphological alterations is to treat the images/ objects as a set of pixels and use a set of 

operations like complement, union, intersection and difference on binary images so that 

the combinations of them would lead to changes on the image like dilation, erosion, hit 

and miss, opening, closing, thinning, thickening etc.  

(D)  Image segmentation: This is a major area where several efforts have been 

exercised in developing different algorithms so as to simplify and/or change the 

representation of an image for meaningful analysis. In computer vision, segmentation 

refers to the process of partitioning a digital image into multiple segments (sets of pixels, 

also known as super pixels). This technique is based on various properties like low-level 
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image properties (such as intensity, color, texture and motion); intrinsic properties like 

depth, orientation, scene motion; mid-level properties specified in terms of symmetry, size, 

area, perimeter, circularity, etc.; and high-level properties that include object models. 

There are also algorithms introduced exclusively for image segmentation applications. 

They include Fourier descriptor, K-means, mean-shift segmentation and fuzzy c-means 

algorithms [2.2 - 2.5].  

(E)  Face recognition techniques: These are adopted exclusively in image-processing 

methods to identify or verify a person using a digital image or a video clip. This 

technology relies on various techniques like: Principal component analysis, linear 

discriminant analysis; independent component analysis, neural networks, dynamic link 

architectures, geometrical matching, template matching, Hidden Markov models (HMM); 

and Gabor wavelets. 

In general, the essence of digital image-processing can be comprehended via image 

representation, transformed methods, edge detection, and image enhancement/restoration 

consideration. These processes involve image-data specification associating relevant 

statistical computation and formulating algorithms that accommodate and describe the 

image features in terms of computable entities like the binary set {1, 0}. In the context of 

bio-medical imaging, additional imaging modalities are also considered for the purpose of 

reconstruction, segmentation, and registration aspects of the image [2.6]. 

2.3   Image Informatics 

  This refers to the art of analyzing macro and/or micro details of features associated 

with an image and the data gathered thereof is viewed in terms of the associated 
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information content, that is, the entropy of the image in Shannon’s sense. In general 

considering bio-/medical-images, relevant informatics involves data, which is extremely 

intensive, (for example, in tera bytes). Bio-image informatics includes system biology, 

bio-informatics, molecular biology, data mining, machine-learning, database 

considerations, image-processing and pattern recognition efforts. Correspondingly a large-

scale simulation and visualization task is envisaged supported by necessary algorithms, 

high-performance computation and real-time display strategies. In the post genomic era, a 

variety of bio-images have been studied with respect to: (i) Molecular level cells, proteins 

and gene network; and, (ii) higher level structures like tissues, whole animal etc. 

Correspondingly, image visualization involves high-content screen building with, for 

example, displaying microarrays etc.  

  Bio-image informatics also leads to building an atlas for the model organism such 

as the brain atlas. In each of the efforts indicated above, various image-processing 

techniques described earlier are invariably invoked [2.7]. Within the broad scope of bio-

image informatics, a particular effort refers to determining the relationship among object 

in an aggregate. For example, if an image displays a tumor region, its disposition with 

respect to other anatomical object in the vicinity is required in medical diagnostics. In 

image processing, the context of the arrangement is specified in terms of size, shape and 

relative disposition of the objects. Typically, the arrangement is presented in terms of 

statistical considerations wherein the orientations of the objects within the aggregate are 

random. In many instances, such arrangement of features and aggregate is studied via 

Hough transform and or its variation [2.8]. In general, image description involves 
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statistical attributes and image processing can be comprehended in terms of the associated 

statistical parameters. 

2.4   Image Feature Statistics 

  Essentially, a reference-image is considered as ‘ideal’ and a test-image is 

compared against it to extract the underlying similarities/dissimilarity features. In other 

words, the test-image is regarded as a corrupted variant (with changes in image features 

and alterations in the details) so that, it can be dubbed as “corrupted” version of the 

reference. The associated extent of corrupted details is reflected in the binary format as 

distinguishable random binary set of elements in the matrix. That is, given the ideal binary 

matrix of the test-image is compared against it, the element-by-element comparison will 

yield a score, which is a measure of similarity/dissimilarity between the matrices. 

Since the extent of corruption in the test-image is a statistical entity, the matrix 

comparison indicated above would yield score(s) that are implicit measures of the 

associated stochastic. Hence, considered and presented here is an approximate statistical 

analysis of the comparison exercise in question. 



 19 

2.4.1   Probability of image distortion at a subspace of pixel cluster 

                                         

Figure 2.4: A hypothetical image-space with a distorted subspace 

 

  Shown in Figure 2.4 is a hypothetical image-space with a distorted region 

constituted by a cluster of pixels having a centroid at (xo, yo). The corrupted subspace in 

the image of Figure 2.4 can be regarded as being “noisy” whereas uncorrupted sections are 

genuine information-bearing “signal” counterparts. Hence, the extent of corruption or 

distortion in an image can be implicitly specified by a parameter akin to signal-to-noise 

ratio (SNR) in communication theory. In other words, the corrupted image can be 

considered as a “noise-limited entity”. Relevant to any “noisy” subsections in an image, 

the associated extent of “corruption” or “image-distortion” (relative to a reference/ideal 

image) at a given cluster of pixel sites centered at (xo, yo) is constrained by the probability 

of error associated with the set of pixel values (1 or 0) estimated around (xo, yo). 

  Considering a noise-free (uncorrupted) site in the reference-image at (xo, yo) and 

the corresponding corrupted region in the test image at (xo, yo), relevant image-information 

Distorted image 

subspace 

k
th
 column 

jth 

row 

(xo, yo) 

Pixel row 

Pixel  

column 
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Io specified for the reference image would be seen as (Io  I) in the test image, where  I 

denotes the entropy resulting from the spatial jitter due to distortions in the test-image. 

Hence, a measure/metric of (relative) statistical divergence of I versus (Io  I) (or vice 

versa) would prevail at (xo, yo) with respect to the image space. In essence, I is a jitter 

variable when superimposed on uncorrupted “signal”, S (xo, yo) corresponding to the 

location (xo, yo) denotes the measure of distorted feature variable in the test image. The 

expected root-mean-squared (rms) jitter can then be expressed by the “noise power”, Jr(xo, 

yo) imposed by the corruptions prevailing in the test-image versus the original/reference 

image. In traditional communication theory, the term signal-to-noise ratio (SNR) is 

defined to specify the extent of an uncorrupted “signal (power) level” to the corrupting 

“noise power”. Translating this concept to the image comparison suites, corresponding to 

the average pixel area of the image subspace at (xo, yo), relevant “spatial SNR” (SSNR) 

can be defined as: SSNR = 2 2( ) / rS J . In this context, within the specified blurring limits of 

the jitter in the image-space, the SSNR implicitly specifies the probability of erroneous 

pixel data that implicates the image integrity at (xo, yo). 

  In the binary matrix representation of an image, the matrix is constituted by a set of 

(m  n) rows and columns with the binary set {1, 0} being the elements of the matrix. An 

i
th

 pixel location then corresponds to the intersection of a row (or  a horizontal sequence) 

of randomly disposed  0’s and 1’s and a column (or a vertical sequence) of randomly 

disposed  0’s and 1’s for each location indexed by i = 0, 1, 2, …, m. From the data on 

SSNR ascertained at (xo, yo)i corresponding to the reference image and a test image, one 

can extract I as follows: = ( ) R T
i i iI I I where R

iI  and T
iI  depict the information values 



 21 

in the image subspaces of the reference and test images at (x
i
o, y

i
o) respectively for all 

values of i = 0, 1, 2, …, m. Relevant to an averaged subspace, the information value in the 

test-image with distortion-induced jitter can be expressed as follows: 

,

Noisy , ,

,   0

( ) = ( , ) + δ ( , )


 
 
  

J K

i j k o o j k o o

j k i

I c x y x y , where cj is an integer with co being zero; (J, K) 

includes, all the horizontal pixels (j = 0 to J), all the vertical pixels (k = 0 to K) within the 

averaged subspace and, i = 0, 1, 2, …, m denotes the subspaces in question; further, d is a 

dimensionless random variable, which in a simple case, has zero-mean Gaussian 

distribution with variance s
2
 = (1/SSNR). This variance is presumed to be invariant along 

the horizontal sequence as well as the vertical sequence of the pixels in the averaged 

subspace; that is, the sequence statistics is assumed to be stationary and ergodic. 

  Now defining a normalized variable, ,[ ] = / I T
j k i iI , (where I  depicts the spatial 

average of I  across the i
th

 subspace in the test image), it can be estimated as: 

, , ,[ ] = [ + (δ  δ ) ] R T
j k i j k j k ic with R and T denoting the reference and test image contexts and 

again i = 0, 1, 2, …, m; hence, one can specify the probability of image-distortion of the 

i
th

-subspace in the test-image, Pd|(i = 0, 1, 2, …, m) as the probability that 1 , ,κ 0.5. j k j k i
c  

Inasmuch as, , , ,[ ] = [ + (δ  δ ) ] R T
j k i j k j k ic , the aforesaid probability can be restated as 

follows: 

     d 1 o m m 1 R,TP   [1 Pr ob{|δ  δ | 0.5, ..., |δ  δ | 0.5}]  (2.1) 

With the assumed Gaussian statistics for d, the cumulative probability of distorted image 

information in the test image, namely Pd can be deduced as follows [2.9]: 
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where Irow and Icolumn specified with respect to an i
th

 junction subspace are given by: 

(Irow)i =  [(δ  δ ) ] th
R T

ij row
, (Icolumn)i =  [(δ  δ ) ] th

R T
ik column
; and, erf(u) = 2

0

2




u

exp( u )du . 

Further, the image subspace in question enclaves the universe m depicting an m-

dimensional hypercube across the unit interval, I  [ 0.5, + 0.5] with sx
2
 = (1/SSNR)x and 

sy
2
 = (1/SSNR)y being the variances of the random entities, Irow and Icolumn . 

  Equation (2) implies that the probability of distorted information value (and hence 

corresponding undistorted information probability) of the test image subspace is implicitly 

dependent on SSNR parameters. The plot of equation (2) is shown in Figure 2.5 where Pd 

is shown as a function of I(xo  x)/xo or I(yo  y)/yo with respect to (xo, yo) where the distortion-

prone region is of width x and height, y. Note the asymmetry of probability values in 

Figure 2.5 along (xo  x)/xo or (yo  y)/yo and corresponding (xo + x)/xo or (yo + y)/yo 

directions. The reason is that the statistics of distortion variables may not be symmetric 

around (xo, yo). 

  This distortion-prone region depicts a subspace of image corruptions that smear the 

location of (xo, yo) and therefore, imposes an imprecision on image integrity information. 

Relevantly, the generic description of Pd in this subspace takes an attribute of vagueness 

vis-à-vis the pixel-position variables, (xo, yo). That is, the distorted image can be 
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concurrently described as being fuzzy. Relevant membership would specify its 

belongingness to ideal (reference) image subspace or distorted test-image subspace. 

 

Figure 2.5: Probability (Pd) of the extent of distortion versus I(xo  x)/xo or I(yo  y)/yo. 

2.5   Concluding Remarks 

  Presented in this chapter is a heuristic description on the stochastically aspects of 

image-distortions. Generally dubbed as a corrupted subspace in an image, the probabilistic 

attributes of the associated information are deduced. 
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CHAPTER III 

SMITH-WATERMAN AND NEEDLEMAN-WUNSCH ALGORITHMS 

3.1   Introduction 

  As indicated in the earlier chapters, the present study is a bioinformatics-inspired 

approach and is essentially makes use of the concept of linear sequence alignment 

exercised through dynamic programming algorithm for the purpose of 2D-image 

comparison. In order to understand the underlying considerations, it is first necessary to 

explain the principle of bioinformatics 1D-sequence alignment algorithms. Hence, the 

present chapter is written to offer an overview on the concepts of sequence alignment 

methodology in general. Relevant terminologies are first defined and the analytical 

framework of sequence alignment strategies is identified. Further, the effort of sequence 

alignment has the computational implication of dynamic programming in finding 

similarities (or dissimilarities) between sequences being compared. The dynamic 

programming essentially provides a framework to understand sequence comparison 

considerations and it offers optimal, (if not sub-optimal), scores on the 

similarity/dissimilarity features between the sequences compared [3.1]. 

3.1.1   Definitions  

  In order to understand the sequence comparison methodology, in general, it is 

necessary to define the associated terminologies. Following are salient definitions 

indicated thereof: 
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Sequence: In the context of bioinformatics is a 1D-arrangement of entities like nucleotide 

bases or amino acids in an array. In a general sense, a sequence can be regarded as an 

arrangement of identifiable entities such as alphabets, numerals, pixels etc.  

 

Alignment: It is a process of making two sequences compatible for comparison and 

evaluating the result of such comparison. Alignment of the strings v (of n characters) and 

w (of m characters, with m not necessarily the same as n) is a two-row matrix such that the 

first row contains the characters of v in order, while the second row contains the characters 

of w in order, where spaces can be interspersed throughout the strings in different 

locations. As a result, the characters in each string appear in order, though not necessarily 

adjacently. Further, no column of the alignment matrix contains spaces in both rows, so 

that the alignment may have at most (n + M) columns. 

 

Sequence similarity: It defines the extent of distinguishable closeness between sequences 

being compared. In short, it is the ‘distance’ between the sequences in question. 

 

Matches and mismatches: In an aligned pair of sequences columns that contain the same 

character in both rows, are known as matches, while the column containing different 

characters are called as mismatches.  

 

Indels: In the context of bioinformatics, considering aligned pair of sequences, the 

columns of the alignment containing one space are called indels, with the columns 

containing a space in the top row representing the insertions and columns with a space in 

the bottom row constitute deletions. 

 

Subsequence: Subsequence of a string v is simply an ordered sequence of characters not 

necessarily consecutive from v. For example, if v = ATTGCTA, then AGCA and ATTA 

are subsequences of v whereas TGTT and TCG are not. (The difference between the 

subsequence and substring is that a substring consists only of consecutive characters from 

v, while a subsequence may pick and choose characters from v as long as their ordering is 
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preserved). A common subsequence of two strings is a subsequence of both of them. For 

example, TCTA is common to both ATCTGAT and TGCATA. 

3.1.2   Sequence Similarity Analysis 

  The simplest form of sequence similarity analysis is known as longest common 

subsequence (LCS) algorithm. It allows only insertions and deletions and eliminates the 

operation of substitution.  

Global sequence alignment: Given strings v and w, formatted in a scoring matrix an 

alignment of v and w, whose score is defined by the matrix is maximal among all 

possible alignments of v and w. 

 

Scoring matrix: In sequence comparison (such as in DNA sequence comparison), is 

usually defined in terms of a set of parameters such as mismatch penalty and indel penalty. 

 

Local sequence alignment: The global alignment problem seeks similarity between two 

entire strings whereas in certain circumstances, only certain parts of sequence fragments 

can be significantly similar over all substrings of v and w. The local alignment thereof 

attempts to maximize the alignment score between the significantly similar fragments.  

 

Multiple alignments: This refers to aligning multiple sequences for the purpose of finding 

the similarity between them. 

3.2   Sequence Comparison 

  In bioinformatics context, the sequences being compared refer to primary 

structures of molecules placed in linear ordering. Suppose there are two linear chains of 

length () depicting a pair of nucleotide chains for example, when aligned can be found to 

have a common contiguous subsequence of r units. In the process of comparing two 

sequences, it may be of interest to find a match between them at a given location with a 
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certain probability. In general matching involves algorithmically producing the best 

alignment and assesses the alignment for significance. The extent of such significance will 

fall off in biological context due to inherent mutation and evolutionary consideration. It 

means that, the matches found need not be perfect to reflect the similarity between the 

sequences. In other words, there could be mismatches, which depict implicitly the 

underlying imperfections. Therefore in comparing sequences, the scoring indicated implies 

penalties introduced to specify the mismatch conditions. Then, the mismatch and indel 

penalties introduced would eventually specify by the net score of the comparison [3.2]. 

  There are two models considered to view the alignments in question: (i) Global 

alignment done to view the similarity across the entire (full) extent of the sequences; and, 

(ii) local alignment focuses on region of similarity in parts of the sequences only. This 

local similarity is significant when the sequences bear local similarity only.  

  To perform the alignment between two sequences, first a 2D-matrix is constructed, 

for example as illustrated in Figure 3.1. 

 

Figure 3.1: An example of 2D-matrix initiation relevant to a pair of sequences being 

compared. The matrix elements are populated with details as indicated in the following 

subsection (3.2.1) 
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3.2.1   SW algorithm  

  As indicated above, Smith-Waterman algorithm is a local alignment approach, 

which emphasizes on common regions of similarity between two nucleotide or protein 

sequences. It is a matrix-based approach; and backtracking is used to reconstruct the 

gapped alignments between the sequences being compared.  

 

Figure 3.2: An example of initiating the computation of SW algorithm with a 2D-matrix of 

sequences being compared. (Having initialized the edge elements to 0.0, the symbol ‘x’ is 

used as a placeholder because the first row and first column cannot be the end point of any 

alignment in SW approach) 

 

  First step of SW algorithm includes initializing the edge elements to 0.0 and a 

symbol ‘x’ is used as a placeholder as illustrated in Figure 3.2. The second step is to 

populate the remaining cells in the matrix based on certain rules (described in the pseudo-

code below).  

  A similarity score of 1 for a match or − 0.333 for a mismatch is added to diagonal 

predecessor of the cell under consideration. If a negative score results, 0.0 is substituted. 

Similar approach is also exercised along the current row and column of the cell under 
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consideration. When the matrix is complete, the highest score is located and the other 

elements leading to this cell are determined using a back-tracing procedure. The two 

sequences are aligned and scored by adding ‘2’ for every match and a ‘−1’ for every 

mismatch. (The choice of ‘+ 2’ and “− 1” as above is subjective. Any similar distinctive 

numerical values can be used instead). An illustrative example is presented in Section 

3.2.3. The subroutine of SW algorithm described above is outlined below via pseudo-code. 

Relevant computation can be comprehended by understanding the underlying algorithmic 

description given below: 

S/W Algorithm => Diagonal similarity or mismatch scoring 

S(i,j) = S(i-1, j-1) +1: Award if there is a match 

         = S(i-1, j-1) - 0.3: Penalty for mismatch 

 

  With reference to the algorithm indicated above, the new value of the matrix cell is 

updated iteratively starting from the uppermost corner of the matrix. The complete 
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MatLab
TM

 code to compute SW algorithm is give in Appendix G.// Subroutine SW 

algorithm: Pseudo-code  

Input 

 

← Test sequences for comparison 

 

Fetch 

→ Seq1 = First test input sequence 

→ Seq2 = Second test input sequence 

 

Create  

 

→ Creating a matrix with zeroes of size (n × m) such 

that N = (size of seq2 + 1) and m = (size of seq1 + 1) 

      → Changing the matrix by substituting 1 for every  

   match in the sequences 

 

Apply SW Rules for Filling up the Matrix 

 

→ Start looping from 1
st
 row and 1

st
 column values and 

look for the value 1 in the matrix 

→ Similarity score (1 for a match, -0.333 for a 

mismatch) is added to the score of the diagonal 

predecessor of the cell under consideration 

→  If negative value results in, the cell is 

  filled with 0 

→ Start looping from 1
st
 row and 1

st
 column values and 

  look for the value 1 in the matrix 

→  For every non-zero diagonal element 

→ The matrix is filled horizontally and 

 vertically by applying the rule: 

 Matrix( n, m + k) = Matrix(n, m) – (1 + 0.3 × k), 

 where k is length from cell under consideration  

→ If negative value results, the cell is filled 

 with 0  

 

Back Trace Initialization 

 

→ Creating a “back_trace” array, which stores the row, 

column and the value of the element traced during the 

back trace process 

→ Creating two arrays for seq1 and seq2 to get the 

aligned sequences 

 

Back Tracing 

 

Start looping from the highest value in the filled 

matrix 
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→ Choosing the cell with the highest value among the 

cells adjacent to cell under consideration in the 

horizontal, vertical and diagonal direction and add 

value of the cell, its row and column to the 

“back_trace” matrix 

→ If the cell chosen is in diagonal direction, then add 

the corresponding sequence values of seq1 and of seq2 

to the respective aligned sequences 

→ If the cell chosen is in horizontal direction, then 

add a gap to the aligned seq2 array and add 

corresponding value of seq1 to its aligned sequence 

array 

→ If the cell chosen is in vertical direction, then add 

a gap to the aligned seq1 array and add corresponding 

value of seq2 to its aligned sequence array 

 

Ouputs 

 

→ Displaying and return the final back trace matrix 

showing only the path with values and others as zeroes 

 → Displaying and return the aligned sequence arrays 

 

3.2.2   NW algorithm 

  The SW algorithm described above finds common regions of similarity. The NW 

algorithm on the other hand, is a global alignment approach, which shows the similarity of 

two sequences across their entire length. It is also a matrix-based approach where cells 

representing identities are scored 1, and cells representing mismatches are scored 0 as 

illustrated in Figure 3.3. A successive summation of cells by examining each cell in the 

matrix commences by adding the maximum score along any path leading to the cell under 

consideration to its present contents. When the process completes, the maximum pathway 

is constructed. A score is thus obtained, similar to SW algorithm, by aligning two 

sequences and adding ‘+ 2’ for every match and ‘− 1’ for every mismatch. (As indicated 

before, choice of ‘+ 2’ and ‘− 1’ for every mismatch. The NW subroutine is described 

below via a pseudo-code and an example is presented in Section 3.2.3. 
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N/W Algorithm: Summary 

 

New value of s(i, j) = old s(i, j) + {Maximum of [ M(i-1, j-1) or M(i-1, j-k) or                       

      

M(i-r,  j-1)]} 

 

         

                  

Figure 3.3: An example of identity matrix used to initiate the NW alignment procedure for 

the sequences shown 

 

  With reference to the algorithm illustrated above, the new value of the matrix is 

updated iteratively starting from the leading cell depicting the corner most bottom cell. 

The complete MatLab
TM

 code to compute NW algorithm is give in Appendix F. 

M(i-1,j-1) 

M( i-r, j-1 ) 

i 

j 

M(i-1,j-k) 

S(i,j) 
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// Subroutine NW Algorithm: Pseudo-code 

Input 

← Test sequences for comparison 

 

Fetch 

→ Seq1 = First test input sequence 

→ Seq2 = Second test input sequence 

Create  

→ Creating a matrix with zeroes of size (n × m) such 

that N = (size of seq2 + 1) and m = (size of seq1 + 1) 

      → Changing the matrix by substituting 1 for every  

   match in the sequences 

 

Apply NW Rules for Filling up the Matrix 

→ Loop through all elements in matrix starting from the 

bottom right corner element until we reach the top left 

start element, not including the dummy row and column 

→ Examine each cell in the matrix and add the maximum 

score which falls along the path leading to the cell 

→ Continue summation till one reaches the start element 

→ Remove the dummy rows and columns and store the 

“matrix” values into “Final_matrix” matrix 

 

Back Trace Initialization 

→ Creating a “back_trace” array, which stores the row, 

column and the value of the element traced during the 

back trace process 

→ Creating two arrays for seq1 and seq2 to get the 

aligned sequences 

 

Back Tracing 

Start looping from the highest value in the filled 

matrix 

→ Choosing the cell with the highest value among the 

cells adjacent to cell under consideration in the 

horizontal, vertical and diagonal direction and add 

value of the cell, its row and column to the 

“back_trace” matrix 

→ If the cell chosen is in diagonal direction, then add 

the corresponding sequence values of seq1 and of seq2 

to the respective aligned sequences 

→ If the cell chosen is in horizontal direction, then 

add a gap to the aligned seq2 array and add 

corresponding value of seq1 to its aligned sequence 

array 

→ If the cell chosen is in vertical direction, then add 

a gap to the aligned seq1 array and add corresponding 

value of seq2 to its aligned sequence array 
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Ouputs 

→ Displaying and return the final back trace matrix 

showing only the path with values and others as zeroes 

 → Displaying and return the aligned sequence arrays 

 

3.2.3  Sample Problems 

(i) Smith-Waterman Problem 

Given sequences: VSTVVLENPGLGRALS 

                 MSTVVTPNPGLGKAS  

Step 1: Construct an n × m matrix and add the row of dummy '0's towards initialization 

 

 

 X V S T V V L E N P G L G R A L S 

X 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

M 0                 

S 0  1              1 

T 0   1              

V 0 1   1 1            

V 0 1   1 1            

T 0   1              

P 0         1        

N 0        1         

P 0         1        

G 0          1  1     

L 0      1     1    1  

G 0          1  1     

K 0                 

A 0              1   

S 0  1              1 
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Step2: Use Smith-Waterman algorithm to fill the table in order to find the best scoring 

path (blank spaces represent '0's). 
 

 X V S T V V L E N P G L G R A L S 

X 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

M 0                 

S 0  1.0              1.0 

T 0   2.0 0.7 0.3            

V 0 1.0  0.7 3.0 1            

V 0 1 0.7  1 4.0 0.7           

T 0  0.7 1.7  0.7 3.7 0.3          

P 0   0.3 1.3  0.3 3.3 2.0 1        

N 0     1.0  2.0 4.3 3.0 0.7       

P 0      0.7 1.7 3.0 5.3 4.0 0.3      

G 0       0.3 2.7 4.0 6.3  1.3     

L 0      1  2.3 3.7 6.0 7.3 6.0 1.0  1  

G 0       0.7 2.0 3.3 1 6.0 8.3 7.0 0.7  0.7 

K 0        0.3 3.0  0.7 7.0 8.0 6.7 0.3  

A 0         2.7   0.3 6.7 9.0 7.7 7.3 

S 0  1.0       2.3    6.3 7.7 8.7 1 

 

 

 

Best local alignment: Result 

STVVLENPGLGRA 

 | |  |  |        |  |  |  |   |   |   

STVVTPNPGLGKA Total score: 17 

 

(The total score is obtained with a subjective prescription of ‘+2’ for a match and ‘−1’ 

for a mismatch.) 

(ii) Needleman-Wunsch Problem: Example 

Given Sequences:   CUUACGCA 

                              AUGAGAACUU 
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Step1: Computing the values of the matrix elements is based on NW rules leads to final 

matrix as follows: 

 

 C U U A C G C A 

A 4 4 3 3 2 1 1 1 

U 3 4 4 2 2 1 1 0 

G 3 3 3 2 2 2 1 0 

A 2 2 2 3 2 1 1 1 

G 2 2 2 1 1 2 1 0 

A 2 2 2 2 1 1 1 1 

A 2 1 1 2 1 1 0 1 

C 3 0 0 0 1 0 1 0 

U 1 2 1 0 0 0 0 0 

U 0 1 1 0 0 0 0 0 

 

Optimal global alignment: Result 

S: C U U A C G -  -  C  A - 

T: A U G A -  GA A C  U U 

 

Needleman-Wunsch score: (−1 + 2 – 1 + 2 −1 + 2 – 1 – 1 + 2 – 1 – 1) = 1 

(Note: ‘−1’ is used for mismatch and ‘+2’ is used for a match. These prescriptions are 

subjective as stated earlier) 

3.3  Conclusions 

  Presented in this chapter is a summary outline and pseudo-codes on SW/NW 

algorithms. The underlying dynamic programming structures that are normally adopted in 

1D-genomic sequence analysis are explained. Using relevant concept, these algorithms can 

be modified to address 2D-images formatted in binary pixels. Corresponding 

computational approach plus pseudo-codes are presented in the next chapter. 
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CHAPTER IV 

MODIFIED SW/NW ALGORITHMS FOR 2D-IMAGE ANALYSIS: 

APPLICATION TO SYNTHETIC AND MEDICAL IMAGES 

4.1   Introduction  

  Described in this chapter is the application aspect of SW/NW algorithms suitably 

modified to recognize 2D pixel images in binary format. That is, consistent with the 

objective of the research identified, a prospective niche in image analysis is indicated 

using SW/NW algorithms. It involves addressing the images to be analyzed in binary 

format and applying the sequence-alignment procedure of SW/NW algorithm row-by-row 

and/or column-by-column. By matching the aligned rows/column appropriate scoring is 

gathered as a measure of comparison.  

  As an example of pattern recognition, suppose it is desired to recognize characters 

in a spatially discretized set of binary intensities [4.1] [4.2]. Then the problem in hand can 

be illustrated on the basis of the following heuristics: 

 The test-image is first mapped as an (n × n) binary intensity array representing 2D 

binary characters 

 Each row corresponds to a (1 × n) state vector and likewise each column (n × 1) 

denotes a state vector 

 A template pattern of (n × n) array size with all array elements being the binary 

representation of 1 is used as reference 

 Each row of the test image versus corresponding row in the template image are 

compared via SW/NW algorithm and the score is registered 
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 It is repeated for all rows and similarly, for all columns  

 Essentially, the 2D-SW/NW algorithm enables a binary image correlator 

  Generally, the 2D-feature maps in binary format are compared and classified by 

self-organizing systems such as artificial neural networks (ANN) as exemplified in the 

classical work of [4.3]. The efficacy of ANN-based approach is demonstrated in [4.3] with 

a pattern depicting the digit ‘3’ corrupted randomly by reversing each bit to have a certain 

probability of its presence in the image. A similar example is adopted here to demonstrate 

the efficacy of the proposed method via SW/NW algorithms as described in the following 

section.  

4.2   Binary Correlation Approach via 2D-SW/NW Algorithm 

  As mentioned earlier, the SW/NW based image-analysis considered in the present 

study is essentially done in binary format. The (distorted) test-image in binary format is 

correlated against the binary-map of an ideal/reference (template) image. Thus, the 

approach pursued conforms to a binary pattern correlator, which is a correlation 

technique that compares a digital pattern of an image sample against reference pattern of a 

template image. Relevant theoretical considerations and hardware implementation find 

extensive applications in pattern-matching efforts of image comparison as well as in 

various DSP-based communication efforts (such as frame synchronization, spread-

spectrum receivers and in error correction techniques). An example of hardware 

implementation of binary correlation is known as Binary Pattern Correlator Megafunction 

[4.4]. Relevant hardware digital implementation is made using a device architecture 

consisting of shift-registers, correlation arrays etc.  
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  The theoretical aspects of binary correlation essentially look for correlation 

between binary sequences [4.5]. Binary correlation is often used to find designated 

patterns in complex binary images such as in industrial inspection tasks of locating 

specific features (corners and edges in the manufactured units). It is considered along with 

computer vision systems as an intelligent evaluation tool. Further, binary correlation is a 

form of binary template matching that provides a numerical value corresponding to 

“degree of fit” rather than an “all-or-nothing” answer. In sophisticated image-processing 

systems, correlation is exercised using high-level linear convolvers. However, binary 

correlation is a much simpler strategy that can be used in pipelined image-processing 

operations like automated visual inspections etc. in quality control operations [4.6]. As a 

specific case, binary cross correlation method has been viably deployed in satellite-image 

registration techniques [4.7].  

  In short, a binary correlator is a classifier that determines which of a set of classes 

is most representative of an unknown pattern. In image comparison context, it translates to 

finding the extent of correlation between two image-frames; and, if the images are denoted 

via binary variables 1 and 0, the corresponding classification conforms to a binary 

correlator. As mentioned earlier, a well-known classifier of such patterns uses ANN [4.3]. 

Such pattern recognition/efforts are used to recognize characters in a spatially discretized 

array of binary intensities as detailed in [4.2] [4.8].  

  The binary relation between two sets can be specified by measuring the associated 

similarities/dissimilarities profile. It is done by estimating how closely a binary entry in 

one matches the binary entry in the other. The degree of similarity can then be assessed via 

binary comparison by computing, for example, the Hamming distance (HD) between two 
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compared entities. The Hamming distance refers to the number of entries in the vector of a 

pattern that need to be changed in order to make it identical to the vector of the other. The 

HD measure in practice between two binary strings is determined by performing modulo-2 

(XOR) operations between the strings and counting the number of 1’s specifying the 

extent of mismatches between the strings. This is a very simple measure of binary 

similarity assessment often used in communication applications.  

4.3   Statistical Divergence Method 

  Similarity/dissimilarity between two entities can also be determined in terms of 

statistical distance and statistical divergence measures. The simplest distance measure is 

due to Mahalanobis [4.9]. It is based on correlation between variables in two statistical 

domains. It differs from Euclidean distance in that it takes into account the correlations of 

the data set and it is scale invariant. Another classical version of distance measure is 

known as Bhattacharya distance measure concerning the similarity of two discrete or 

continuous probability distribution [4.10]. The gamut of distance/divergence measures is 

listed and described by Kailath in [4.11]. A host of generalized such measures has been 

indicated in [4.12]. Known as Csiszar’s information-theoretic error measures, they are 

exhaustively described and adopted by Neelakanta [4.13] in neural network contexts. 

  In general, all the measures as above can be specified in terms of occurrence 

probabilities of 1’s and 0’s, namely, p1 and p0 respectively. In other words, binary 

correlation of interest in the present study can be elucidated in terms of p1 and p0 

associated with the binary patterns being compared. A simple statistical divergence 

considered and adopted in this study refers to the so-called Kullback-Leibler (KL) measure 
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given by: KL = p1loge(p1/q1) or p0loge(p0/q0) nats, where {p1, p0} belongs to the reference 

matrix and (q1, q0) belongs to the test matrix being compared.  

4.4   Haralick Parameter-based Image-feature Classification  

  The pictorial information-processing via binary comparison can also be done using 

Haralick parameters. Described as textural features, these parameters are indicated to 

describe the gray-tone spatial dependence of images via appropriate matrix representation 

[4.14].  

4.5   Binary Correlation-based Assay of 2D-images: Examples 

  As mentioned earlier, proposed in the present research is a method of new binary 

correlation scoring scheme applied to 2D-images using 2D-SW/NW algorithms. An 

example of the method pursued is exemplified in Figure 3.1 using the pattern of ‘E’ taken 

in a digital format of white and black pixels.  

 
 

Figure 4.1: A synthetic test-image of letter ‘E’ taken in digitized format of 0’s and 1’s 

 

 Suppose the test synthetic image as in Figure 4.1 is corrupted by randomly 

displacing each  bit with a specific probability as shown in Figure 4.2. For example, (A) in 

Figure 4.2 corresponds to a random corruption of 20% and (B) has a corruption to an 

extent of 50%. The problem in hand is to compare A and B of Figure 4.2 against the 
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reference template of Figure 4.1 and obtain scores that reflect the extent of dissimilarity 

introduced in the corrupted images by virtue of random introduction and/or removal of the 

pixel bits. 

              

                  (A)                                                                                          (B) 

Figure 4.2: Examples of corrupted images of Figure 4.1. (A) 20% corruption (B) 50%       

corruption  

  On the basis of the discussions on similarity comparison and evaluation presented 

earlier, the scoring scheme needed, for example, is to compare Figures 4.1 versus 4.2. It 

may correspond to one of the following metrics:  

  Hopfield net based binary value [4.3] 

  Hamming net based measure [4.3] [4.15]  

  Haralick parameters [4.14] 

  Distance/divergence measures[4.12] [4.13] 

  Notwithstanding the possible measures as above, the objective of the present study 

is to prescribe yet a new binary correlation measure using SW and NW algorithms. As 

indicated in Chapter 2, these SW and NW algorithms can be a suitably adopted for the 

comparison of 2D set of sequences. The procedure is as follows: A 2D-matrix of an image 

taken in gray-scale represents a binary pattern; and, this pattern can be compared against 

another reference/template binary pattern using the 2D-SW/NW algorithm. Developed in 
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this study is a method to determine the relative efficacy of comparing two binary images 

and obtain a measure on the degree of comparison. This measure is then contrasted against 

the scores obtained by other known methods listed earlier. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.3: Flowchart depicting the computation of binary correlation measures via 

SW/NW algorithms on the comparison to digitally formatted images 

  In other words, considering Figures 4.1 and 4.2, the exercise for example, is to 

compare them row-by-row in terms of (1, 0) data contained in each row using the 2D-

Input:  

Test-image in binary 

format [m × n] 

Invoke binary correlation: 

- NW Algorithm 

- SW Algorithm 

- Hamming Distance 

- KL Measure 

 

1 

NW Algorithm 2 

SW Algorithm 
3 

Hamming 

Distance 
4 

KL Measure 

Template/reference: 

[m × n] with all 

entries being “1” 

(Or) (Or) (Or) 

Score S1 

Score S2 

Score S3 

Score S4 

End 
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SW/NW algorithms. Eventually the computed result should reflect a proportionate 

measure for (A) and  (B) of Figure 4.2 relative to Figure 4.1. Implementation of 2D-

SW/NW algorithms in the context as above is detailed in Figure 4.3 via a flowchart 

followed by a pseudocode. The complete code written in MatLab
TM 

(v.2) is presented in 

Appendixes. 

  Pseudocode to compute binary correlation measures (SW/NW algorithms) vis-à-

vis binary encoded set of 2D images. 

Inputs 

← Test images for analysis 

→ Number of Images 

→ Name/ type of each image 

Read 

← Fetching the input images in .jpeg (or any other 

  image) format recognized by MatLab
TM
  

     ← Processing the image to gray-scale using command 

   ‘rgb2gray’  

→ converting the gray-scale image to binary-image 

  using command ‘im2bw’  

Create Test Image Maps 

← creating a 3D matrix storing all binary 

  matrices corresponding to the images  

 

Create Reference Image Map 

     ← creating a matrix of size equal to the input 

   test images filled with all 1’s  

// Note: All the images including reference image 

should be of same size // 

//Invoking binary correlation algorithms:   

//Hamming Distance 

//Distance/divergence Measure algorithm 

//2D Smith-Waterman Algorithm 

//2D Needleman-Wunsch Algorithm 

 

Next 

For Every Image   

For Every Row of Image 

// Subroutines for binary correlation algorithms 

// The algorithms compares each row of the input test 

   image with the same corresponding row in reference 

   image  

 

→ Call Subroutine Hamming Distance 
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// Getting the score by applying hamming distance logic 

   to get the score by comparing two row sequences  

 

→ Call Subroutine Distance/divergence measure 

// Getting the score by applying KL measure logic to 

   get the score by comparing two row sequences  

 

→ Call Subroutine SW algorithm [3.2.1] 

//The subsequences of the compared rows that are very 

  similar are locally-aligned against each other (with 

  insertion of spaces where necessary so as to align 

  the segments)  

  

 → Call Subroutine NW Algorithm [3.2.2] 

//The subsequences of the compared rows that are very 

  similar are globally-aligned against each other (with 

  insertion of spaces where necessary so as to align 

  the segments)     

  

 Fetch the Outputs from Subroutine 

 → Store the so obtained four different scores by 

   by respective algorithms into different 

   variables  

 

Next 

→ Accumulate respective scores obtained for each  

  row of an image  

End 

End 

 

Output 

→ Four scores of each image 

 

// Hamming Distance Subroutine 
 → Get two input binary sequences 

 → Loop through every element from the respective two 

   binary sequences  

→ Add ‘1’ for every match in the sequences 

 → Return the score 

 

// KL Measure Subroutine 
 → Get two input binary sequences 

 → Assign a variable ‘p1’ to ‘1’ 

 → Loop through the second sequence and count number of 

   1’s in the sequence and normalize by dividing by size 

  → Apply the KL measure formula p1 * log (p1/q1) + 

    q1 * log (q1/p1) and get the score 

 → Return the score 
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  With reference to binary correlation method applicable to image comparison, 

indicated in this section is an example pertinent to the template of synthetic image E 

illustrated in Figure 4.1. Corresponding test-images being considered are a set of random 

images of E (like Figure 4.2) corrupted with known percentages (from 0 to 100% in 

increments of 5%). That is, a set of randomly corrupted images having the same size 

(expressed in pixel matrix size) as the template is simulated and each corrupted image is 

compared against the template used. And, for each comparison performed, similarity 

scores (S1, S2, S3, S4) are obtained using the following algorithms described earlier: 

  Needleman-Wunsch algorithm – (S1) 

  Smith-Waterman algorithm – (S2) 

  Hamming distance algorithm – (S3) 

  Statistical divergence algorithm (Kullback-Leibler measure) – (S4) 

0 0 0 0 0 0 0

0 0

0 0 0 0 0 0

0 0

0 0 0 0 0 0

0 0

0 0 0 0 0 0

1 1 1 1 1

1

1 1 1 1 1

1

1 1 1 1 1

0

 
 
 
 
 
 
 
 
 
 
 

 

Figure 4.4: Binary formatted matrix of Figure 4.1 

 

  As shown in the flowchart of Figure 4.3, the image is first formatted in a binary 

matrix form of size m × n (for example, 7 × 7). It is then initialized with all elements being 

zero. The simple image shown in Figure 4.1 (also of 7 × 7 matrix size) is manually 

specified with 1 (depicting black pixels) and the rest remains as 0’s for white pixels. Thus, 

Figure 4.1 converted into matrix format is illustrated in Figure 4.4. 
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A: 10 ensemble runs; 

 

 

B: 100 ensemble runs; 
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C: 1000 ensemble runs; 

 

 

 

 

 

Figure 4.5: Score or binary correlation measure (BCM) obtained via (a) NW, (b) SW, (c) 

Hamming distance and (d) KL algorithms on letter E distorted randomly over fractional 

variation 0 to 1. (SW: Smith-Waterman algorithm; HM: Hamming distance algorithm; 

KL: Kullback-Liebler algorithm; NW: Needlman-Wunsch algorithm; A, B and C 

correspond to results on 10, 100 and 1000 ensemble runs respectively) 

 

  After the binary-formatted test-image (E) is constructed, it is now available for 

random manipulation. That is, given the total number of 1’s in the original image, the 

disposition of each ‘1’ can be shuffled randomly within the frame of the matrix. For this 

purpose, first the extent of randomness (expressed in percentage) is chosen. This gives the 

probability of the random image being different from the template. The random 

displacement of binary digits in the image space/frame is done both along horizontal and 

vertical direction with a given probability of uniform distribution. The resulting sample 

images are shown in Figure 4.2. In each case of random image generated, it is compared 

against the template (reference image) using binary correlation algorithms listed earlier. 
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Such comparison is iteratively done over a set of ensemble runs so that the result on the 

percentage of corruption versus the correlation measure confirms convergence. 

  From Figure 4.5, the best performance in terms of sensitivity (that is, the change in 

binary correlation measure (BCM) observed for a fractional variation in image shape) 

corresponds to NW algorithm; and the next degree of performance is due to SW algorithm. 

Interestingly, the proposed SW/NW algorithms show superior performance vis-à-vis the 

other (HM and KL) measures. The possible reasons for the observed better performance 

exhibited by NW and SW algorithm are as follows: In the case of Hamming distance 

(HM) and statistical divergence like KL measure, the comparison of the two sequences 

(row-by-row comparison via binary entries) involves raw pixel-to-pixel evaluation of 

similarity based on gross statistical features. In contrast, the SW and NW algorithms do an 

alignment of the rows for “the best correspondence between them” and the pixel-to-pixel 

similarity is then assessed. In bioinformatics context, essentially NW/SW algorithms are 

alignment algorithms. That is, how a particular test sequence of a DNA (for example) 

compares with its counterpart that had been mutated at some random locations. Therefore, 

the alignment algorithms like SW/NW are objectively developed with the purpose of 

finding the score of similarity/dissimilarity under the pretext of the sequences are first set 

in an aligned stature. Such alignment is necessitated to ensure the compared sequence 

against a template has the same start and end entities regardless of the mutations in 

between. However, in the conceived effort of this research in adopting SW/NW algorithm 

in 2D-format, the essential objective is to compare the images implicitly assuming 

alignments within. But, inasmuch as the compared test image has a distortion with respect 

to the template prior to make first an “alignment” of the image with the template first 
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before the similarity scoring. This, for example, is identical to real-life manual comparison 

of two signatures: Suppose there is a forged signature. In order to assess its integrity with 

respect to its original signature, the examiner will first align both signatures manually and 

then compare the underlying features sequentially. Such a manual effort of aligning is 

implicitly implicated in NW/SW procedures. Another possible reason for better sensitivity 

of SW/NW algorithm is that, inherently such algorithms contain penalty/reward 

considerations. That is, for the matches a reward score is given and for mismatches 

penalties are specified. As such, the certainty feature (negentropy) is enhanced in 

weighting the comparison; and, the score on non-comparison details (posentropy) is 

negatively emphasized. The net result is that the dissimilarity score, when plotted against 

the fractional variation in the image shape as BCM in Figure 4.4 will stand out for larger 

extents of variation in NW/SW-based analysis. 

4.6   2D-SW/NW Algorithm Based Location of Distinct Features in an Image 

  While the description indicated in the previous section refers to gathering the 

cumulative score of the image-space and used for comparison against a template, it is also 

necessary to locate distinct features in an image. That is, considering an image as 

described earlier, it represents in general, a diffused pattern of pixels (or 0’s and 1’s). 

Characteristic image features (such as tumors in medical-images) will be seen as clusters 

of such diffused patterns of pixels/binary numbers. It is an obvious interest to determine 

the location (coordinates) of such clusters in a given test-image. In other words, it will be 

useful to ascertain the location of the centroid of the feature-cluster and its surroundings 

having diffused artifacts.  
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  Hence, indicated in this section is a method of locating such coordinates. Here, 

instead of gathering the cumulative score of the image (using 2D-SW/NW algorithm), 

pair-wise score is recorded. That is, in executing the algorithm, a row in the test-image is 

compared against a corresponding row in the template; relevant score obtained thereof is 

registered as a value for that row in question. Hence, the scores are tabulated row-by-row 

and mapped against the vertical dispositions of the rows. Similarly, scores are tabulated 

column-by-column and mapped against horizontal dispositions of the columns. In essence, 

the set of coordinates {xj, yk}i corresponding to the intersection of j
th

 row and k
th 

column of 

the i
th

 location of an image feature is ascertained for all values of {j, k} and i’s.   

  To exemplify the above procedure, three sets of synthetic images namely, one with 

a horizontal stripe, the other with a vertical stripe and the third having a cross-pattern are 

considered (Figure 4.6). Also, as a fourth test entity and image having a corner patch in the 

fourth quadrant is used as illustrated in Figure 4.7. 

                      

                    (A)                                         (B)                                         (C) 

Figure 4.6: Synthetic patterns with (A) horizontal, (B) vertical and (C) cross stripes 
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Figure 4.7: Synthetic pattern with a corner patch 

 

 

 

 

 

 

Figure 4.8: Computed column-by-column SW scores (CbC scores) versus col disposition: 

a: Cross pattern (C); b: Vertical stripe pattern (B); c: Horizontal stripe pattern (A) 

  The computed column-by-column scores for example of Figure 4.6 patterns are 

presented in Figure 4.8. In Figure 4.8, the vertical stripe indicates dominant score pattern 

across its horizontal disposition being at the middle of the image. The cross-pattern also 

shows similar dominance of score at the middle of the image but subdued by the presence 

of negating scores due to its horizontal stripe; and, the horizontal stripe provides a constant 

score along the x-axis (row pixels). In Figure 4.9, the presence of fourth quadrant patch 

offers distinct negative scores on the bottom left side of the image indicating its 

characteristic contribution to the scores. 
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Figure 4.9: Computed column-by-column SW scores (CbC scores) versus col disposition: 

Pattern with a corner patch in the fourth quadrant (Figure 4.7) 

 

4.7    Bio-/Medical-image Analysis: Informatics Framework of  

            Bio-/and Medical-imaging  

  Following the synthetic image example, the avenue of using traditional NW/SW 

bioinformatics algorithms in ascertaining bio-/medical-imaging characteristics is 

illustrated in Figure 4.10 where various brain scan images with different locations and 

severity of tumor are compared against with a reference image via SW approach. Also 

presented in Figure 4.11 is a set of breast cancer images adopted for analysis. 

  First, as mentioned earlier the test image is converted to gray scale and then to a 

binary image. Relevant binary matrix is subsequently compared against a reference matrix 

of same size and with all elements being 1’s. Score (SWS) is obtained via SW algorithm 

for each row (H) and column (V) in the test image versus corresponding row in the 

reference image; and the resulting score(s) of each test image is compared against those of 

different images for image classification. 
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Image SWS Image SWS 
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Figure 4.10: A set of brain tumor images of pixel sizes 118  100 versus computed 

(normalized) SW scores (SWS). Abnormal (asymmetric) scores are shown with asterisks; 

(**). Horizontal and vertical scan based scores are indicated as (H) and (V) 

 

  The results show a monotonic changing trend of the scores with respect to tumor 

morphs (size) observed except in a few cases wherein vertical and horizontal scores differ. 

Such features imply additional morphology (asymmetry) in the regions of interest, which 

can be determined by applying similar SW scoring done on quadrant-by-quadrant basis.  
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Figure 4.11: A set of breast cancer images of pixel sizes 70  69 versus computed 

(normalized) SW scores (SWS). Horizontal (H) and vertical (V) scan based scores 

evaluated quadrant-wise. Since the pair of images considered exhibits closeness to each 

other, there are no abnormal differences in the scores evaluated 

 

  In images as in Figure 4.11 with circular symmetry, it may be preferable to attempt 

a radial 2D-scan (in (r, ) plane). It is expected such an approach can produce better 

resolution in the results.  

  In order to visualize the location of a significant artifact in an image such as a 

tumor, the strategy of row-by-row and/or column-by-column score evaluation can be 



 56 

performed. For example shown in Figure 4.12 is a typical brain image with a distinct 

tumor patch as marked. 

 

Figure 4.12: Typical brain image with a tumor spot (T) 

 

  By performing row-by-row as well as column-by-column SW algorithm i.e. 

computations on Figure 4.12, the scores obtained are plotted against the disposition of 

row/ column pixels as shown in Figure 4.13. A visual inspection of 4.12 shows that the 

image has in its left-side (approximately around 60 - 80 pixel locations) tumor part (T), 

which is almost white in the gray-scale portrayal. 

  Thus row-by-row and column-by-column scores assessed by SW algorithm as 

plotted in Figure 4.13 are consistent with the gray-scale pattern of Figure 4.12. Further, 

the following observations can be made: 

 Referring to Figure 4.13(A) In the tumor spot (T) stretching almost from 60
th

 

through 80
th

 column disposition, the computed column-by-column scores (CbC 

score, C) show jagged variations; whereas, in the non-tumor part approximately 

stretching from 20
th

 to 60
th

 position, the CbC score pattern is almost flat 

 T 
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 Again, prior to the 20
th

 location, the almost white-scale features of the 

surrounding brain matter also exhibit jagged variation in the CbC score  

 

 

Figure 4.13(A): Computed SW-scores plotted against pixel dispositions; Column-by-

column score versus row-wise pixel dispositions 
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Figure 4.13(B): Computed SW-scores plotted against pixel dispositions; Row-by-row 

versus column-wise pixel dispositions 

 

 Similar to column-by-column analysis of the test-image, a row-by-row 

evaluation leads to results illustrated in Figure 4.13(B). Considering the top layer 

as level 0, between 0 to 40
th

 row, it correspond to some peripheral brain material; 

and the tumor in question lies between 40
th

 through 80
th

 row. Again from 80
th

 to 
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100
th

 row position, the complex brain material is involved. With reference to the 

above for the region between 40
th

 rows through 80
th

 where the tumor lies 

approximately, the measured scores show jagged variation indicating the 

approximate location of the tumor. From Figures 4.13 (A) and 4.13 (B), the 

coordinate of the centroid of the tumor can be approximately specified as (60 + 

100)/2, (40 + 80)/2. That is, (xj, yk)i = (80, 60).  

  The above observations conclusively lead to the possibility of locating a unique 

feature portion in an image using the SW/NW algorithms.  

4.8  Concluding Remarks 

 This chapter offers basic considerations in modifying the SW/NW algorithm for 

2D application. The method pursued thereof is first illustrated with a synthetic image and 

then extended to a set of two medical images concerning brain and breast tumor. A better 

sensitivity versus changes in the image features in the case of 2D-SW/NW algorithms is 

observed in relation to using other binary correlation techniques. Any distinct morphs 

(such as tumors) in the image are distinctly marked via SW/NW scoring technique 

developed. 
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CHAPTER V 

2D-SW/NW ALGORITHM: APPLICATION TO MICROARRAYS AND  

FINGER-PRINTS/ THUMB-IMPRESSIONS 

5.1   Introduction 

  The living system is made up of innumerable cells that contain the alphabet of life 

inscribed as genes. Not all genes are active across the universe of cells nor dynamically 

functional at all times. An art of examining how active are the genes in the living systems 

at any given time, forms the genesis of the so-called DNA microarray technology. Its 

emphasis was realized with the advent of explorative oncology adopted to classify 

different versions of cancer based on the pattern of gene activity in tumor cells. 

Concurrently, a necessary design that could be formulated using the gene activity pattern 

in the tumor is needed [5.3]. 

  Microarray is a small analytical device that allows genomic exploration. It 

functions like a biological microprocessor for rapid quantitative analysis of gene 

expression patterns and other related entities. In essence, a microarray represents an 

ordered array of microscopic element on a planar substrate that allows specific binding of 

genes or gene products; and, microarray analysis implies an experimental procedure that 

uses microarrays to explore gene related biological, chemical and physical features. In 

microarray analysis the procedure followed is as follows: The mRNA is isolated to form 

self-labeled fluorescent tags and hybridized on to a glass chip containing a microarray of a 

test gene sequence. Then each spot on the chip binds specifically to certain fluorescent 
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molecules in solution causing the spots to glow with intensities proportional to the 

expression level of each gene. These intensities can then be coded to a color palette 

(horizontal bar). Hence, quantitative gene expression data can be obtained by determining 

the fluorescence intensity at each microarray location. Figure 5.1 illustrates a typical 

microarray showing varying degrees of fluorescence intensity. The microarray analysis 

setup is shown in Figure 5.2 [5.1] [5.2]. 

 

Figure 5.1: Illustration of a micorarray  

  Figure 5.1 can be analyzed to elucidate the comparative features of normal versus 

tumor genes. Specific to DNA microarray techniques, the main objective of interest is to 

quantify the expression of large arrays of genes at discrete intervals of time. Relevant to 

Figure 5.2, the wetlab efforts of microarray technology are as follows: Using dry 

chemistry and automation, a planar substrate of a glass or a silicon chip is decorated with a 

rectangular array of thousands of circular spot with each spot presenting a unique 

nucleotide sequence complementary to an mRNA (cDNA). When the contents of 

biological cell or cells are smeared on to this microarray, fluorescent label mRNAs attach 

to the corresponding sticky spots (due to complementary pair matching). This leads to a 

characteristic map of gene expression revealing the extent of intensity of fluorescence 
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bound to each spot. A scanner can measure the fluorescence of each sample on the slide 

and prepares the microarray database of the chip. Extent of fluorescence is an implicit 

measure indicating how active genes are represented on the microarray. Intense 

fluorescence denotes high levels of mRNA hybridized meaning, the attachment of cDNA 

to the mRNA on the silicon chip to a particular microarray spot. Higher the strength of 

fluorescence, larger is the gene activity of the cell. Conversely, null fluorescence indicates 

no mRNA hybridization to the slide and as such the gene is inactive in the cell. 

 

Figure 5.2: DNA microarray technology 

  A typical example of microarray technology in cancer studies is relevant to 

histological studies. Traditionally, tissue slides are used under optical microscopy to detect 

and categorize the cancers based on molecular profiling. With the advent of DNA 

microarray technology, the gene expression patterns obtained from tumor tissue offer 

better clinical outcome on cancer detection and classification.  
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  The major steps of a comparative cDNA hybridization procedure are as follows: 

[5.4] 

  Selection of cell population 

  mRNA extraction and cDNA synthesis 

  Fluorescent labeling of cDNA’s 

  Hybridization to a DNA microarray 

  Scanning the hybridized array  

  Interpreting the scanned image  

 

  The end-product of a comparative hybridization experiment is a scanned array 

image and interpreting the data from a microarray scanned image is rather difficult. Each 

spot is normally subjected to noise as a result of irregular spot geometry, dust collected on 

the slide and any other nonspecific artifact of hybridization. As a result, the intensity 

threshold between the spot may become fuzzy with gradual fading around the edges of the 

spot. As such, detection efficiency vis-à-vis intensity-specific details will not be uniform 

across the slide. Normally, excessive red intensity on one side of the array and excessive 

green on the other side can be observed in practice. Further, the measured intensities 

represent the ratio of cDNA’s in each cell population. Any low levels of cDNA arising 

from reverse transcription bias, sample of an inherently rare mRNA can lead to perceptible 

uncertainty in these ratios. A number of software packages in public domain as well as 

commercial packages are available to quantify microarray data. Typically the interpreted 

data may highlight the presence of small number of parts that represent differentially 

expressed mRNA’s indicating the need for further investigation. Alternatively, the overall 

pattern of expression can be adopted as a finger-print to characterize specific cell types, for 

example, different types of tumors.  
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5.2   Use of 2D-SW/NW Algorithm to Assay Gene Expressions 

  In the context of the present study, it is attempted to interpret the microarray data 

that exhibits intensity gradation seen as yellow, green and red spots. That is, a procedure is 

sought to distinguish two patterns in which the colored spots are distinctly expressed. For 

this purpose, again the NW/SW algorithms are considered as new and novel strategies. To 

implement these algorithms, the preprocessing of the images are done on the basis of 

following considerations presented as a pseudo-code array: 

____________________________________________________________ 

Microarray data preprocessing: Pseudo-code 

Initialize  

→ Colored scanned image is read using ‘imread’ Matlab
TM
 command  

→ Corresponding gray level image is generated 

→ Gray level image is binary formatted in four categories  

  ← First category corresponds to grey level threshold 0.1 

     ← Second category corresponds to grey level threshold 0.25 
  ← Third category corresponds to grey level threshold 0.75 

  ← Fourth category corresponds to grey level threshold 0.9 

%% First category implies closer to high intensity (yellow color) 

%% Fourth category implies closer to low intensity (red color) 

%% Second category implies intensity closer to yellow 

%% Third category implies intensity closer to red 

 

→ Each categorized image in binary format is subjected to 

comparison and scoring against all 0’s matrix corresponding to a 

black background, using NW/SW algorithms 

→ Scores obtained in each category of images are interpreted as 

the relative extent of the population of yellow, green, red spots 

 

End 

____________________________________________________________ 

5.3    DNA Microarray Analysis Using 2D-SW/NW Algorithms 

  For the purpose of analysis using 2D-SW algorithm, considered here is a typical 

microarray example illustrated in Figure 5.1. It contains yellow, green and red spots 

corresponding to relative intensity features of the underlying genetic expression. In order 
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to know the proportionate extents of yellow, green and red population of spots, indicated 

here a method of using the 2D-SW/NW algorithm. In essence, it is attempted to see 

whether such algorithms are capable of measuring the aforesaid proportions. Hence, three 

images are constructed from the original microarray of Figure 5.1. They correspond to: (i) 

yellow-rich image; (ii) green-rich image; and (iii) red-rich image. These are illustrated in 

Figure 5.3. 

                                                          

(A)                                         (B)                                           (C) 

Figure 5.3: Simulated microarrays: (A) yellow-rich image; (B) green-rich image; (C) red-

rich image 

  In terms of gray-scale, suppose all-black pixels correspond to a microarray 

structure scaled as gray-level ‘1’. On the other extreme side, if all the pixels are white it is 

graded as ‘0’. In between, the yellow-rich image would correspond to a gray-level closer 

to zero, say, 0.1, and the red-rich image would be closer to 1, say 0.9; lastly, the green-rich 

condition can be taken as a gray-level closer to 0.5.  

  With the aforesaid gray-level prescriptions, when a test microarray is converted 

into gray-level image, the corresponding images realized are as illustrated in Figure 5.3. 

Hence, when these images are subjected to 2D-SW/NW analysis, the resulting score will 

change according to the gray-level threshold introduced in the binary format conversion 
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exercised using the MatLab
TM

. Results obtained for four different images of a test 

microarray with varying threshold values of gray-scaling in increments of 0.1 and their 

respective scores are shown in Figure 5.4. 

 

Figure 5.4: A 2D-SW score (S) versus threshold value introduced on test microarrays. The 

categories of hypothetical and manually set images taken are: a - Original image (without 

manual alterations); b – yellow-rich; c – red-rich; d – green- rich. (The ordinate scale is 

taken as loge(|S/S0|), whereas S is (S – S0) and S0 denotes the average of S) 

 

5.3.1   Discussion on microarray analysis results 

  Referring to Figure 5.4, it can be seen that the three sets of microarrays (namely, 

yellow-rich, red-rich and green-rich versions) yield distinct SW-score values vis-à-vis the 

threshold setting chosen. Relatively, each one of them are distinct with respect to the 

original microarray image (taken as such with no manipulations on the colored pixels).  

  Considering the principle of statistics of a system equally populated with three 

entities (such as red, green and yellow pixels), the partitioning mean is ideally, 1 / 3. Now, 

with reference to Figure 5.4, it can be observed that, around 0.33 of the threshold value, 
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the corrupted results on the SW scores show predominant distinguishability. This justifies 

the applicability of the present scoring scheme to assess the relative population of red, 

green and yellow pixels of a given microarray with a plausible distinction. (In Figure 5.4, a 

differential value of the raw score of SW computation, is considered with normalization, 

and its logarithm is indicated for a good resolution).   

5.4   Fingerprint Analysis  

  Considered in this section is an effort to apply SW/NW algorithms to analyze 

finger-print exemplars. That is, by considering a pair of finger-prints, the relative 

similarity/dissimilarity is assessed via 2D-SW/NW methods. As well-known, human 

fingers have characteristic friction ridge formats on the skin. Being uneven, such ridges 

display a number of unique characteristics known as minutiae. Typical categories of such 

minutiae are as follows [5.5]: (i) A ridge ending abruptly; (ii) A single-ridge bifurcating 

into two ridges; (iii) A single-ridge first bifurcating and then reuniting forming a lake 

enclosure; (iv) A short-ridge with a distinct commencement travelling as an independent 

entity or forming an island. An independent-ridge with approximately equal length and 

width, known as the dot. (v) A bifurcation having a short-ridge branching off a longer 

ridge constituting a spur; and (vi) And a short ridge known as cross-over or bridge 

running between two parallel ridges. A typical finger-print with its minutiae is illustrated 

in Figure 5.5.  

  In essence, finger-prints are unique and immutable to individuals. The uniqueness 

feature stems from random disposition of the fetus in utero. And immutability guarantees 

the finger-print pattern remaining unaltered during a person’s life-time (even after death) 
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unless the skin is mutilated or gets pathogenically affected. Impressions of finger-prints as 

latent images are normally collected by forensic experts for medical jurisprudence. 

Fingerprint identification is known as dactyloscopy. It involves comparing two instances 

of friction-ridge skin impressions of human fingers, palm etc. The forensic interest is to 

verify whether these impressions would have come from certain individuals. 

 

Figure 5.5: Categories of minutiae in a typical finger-print [5.5] 

  Exemplar prints depict those finger-prints deliberately collected from a subject for 

documentation purposes. A latent print is normally a collected impression from another 

object on which the impression was left by the individual for example, as in a crime scene. 

In either case, the essence of finger-print analysis is to identify the finger-print and then 

classify it both manually and/or using electronic finger-print identification techniques. 

Often, the reliability of comparison is a matter of legal interest as regard to the validity of 

identification made. Presently, attempted is a virgin approach in performing finger-print 

comparison using the 2D-SW/NW algorithm. To the best of the author’s knowledge, use 

of these algorithms in the context of finger-print recognition has not been envisaged nor 

reported in open literature. The procedure pursued here, as indicated before is to treat the 
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finger-print impressions being compared as two images that can be subjected to a 2D-

SW/NW analysis; and relevant scores are gathered in order to conclude on the similarity or 

dissimilarity features of the subject finger-prints. 

5.5   Finger-print Comparison Procedure Using SW/NW Approach 

                         

(i) Subject A Left thumb impression   (ii) Subject A Left thumb impression 

(Sample1)                                                                        (Sample2) 

                        

(iii) Subject A Right thumb impression                       (iv) Subject B Left thumb impression  

(Sample3)                                                                        (Sample4) 

Figure 5.6: Test finger-print exemplars of two subjects A and B used in the computation 

for similarity comparison 

  Shown in Figure 5.6 are a set of finger-print impressions exemplars gathered from 

two adult subjects A and B. Considering one finger-print as the reference (template) and 

the other as the test-image, they are subjected to binary formatting in the MatLab
TM

 and 

the comparisons are made as explained earlier for synthetic and bio-medical images. 
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Figure 5.7: Fractional SW score (S/ S) and (1-KL) measure versus row number of the 

pixels computed with reference to: Two samples (1) and (2) of left thumb-impression of 

the same person - Subject A in Figure 5.5 

 

Figure 5.8: Fractional SW score (S/ S) and (1 − KL) measure versus row number of the 

pixels computed with reference to: Two samples (1) and (3) of left and right thumb 

impressions respectively of the same person - Subject A in Figure 5.5 



 71 

 

Figure 5.9: Fractional SW score (S/ S) and (1 – KL) measure versus row number of the 

pixels computed with reference to: Two samples (1) and (4) of left thumb impressions of 

two different subjects A and B respectively in Figure 5.5. 

 

  Presented above are the test results obtained using the exemplar finger-prints 

shown in Figure 5.6. For each subject, right or left impressions are considered and used on 

ad hoc basis in the computations. Relevant to finger-prints shown in Figure 5.6, the 

comparative scores gathered via 2D-SW algorithm as well as KL measure are presented in 

Figure 5.7 – 5.9. 

5.5.1   Comments on figure-print analysis results 

  From Figures 5.7 – 5.9, it can be inferred that, similar thumb impressions yield 

almost identical score patterns with different ensembles of the exemplars. For example, in 

Figure 5.7, scanned results on two samples of the left-hand thumb impressions of the same 
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person (Subject A) presented. Across the grey-box highlighted, the similarities of the 

scores obtained are emphasized. 

  Contrary to the above observation, it can be seen in Figures 5.8 and 5.9, that when 

the samples compared are distinct, the score patterns are also distinct. Hence, the SW/NW 

schemes conceived in this research exhibit the capacity to distinguish the pattern artifacts 

of thumb impressions.  

5.6  Concluding Remarks 

  In essence, this chapter confirms the scope and objectives of the research in 

formulating 2D-SW/NW algorithms towards binary pattern recognition. The efficacy of 

the proposal is illustrated via a number of simulations using images of medical 

significance, microarrays and forensic finger-prints. 
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CHAPTER VI 

DISCUSSION AND CONCLUSIONS 

6.1   Introduction 

  The studies performed in the earlier chapter are summarized and relevant 

deliberation of the outcome is discussed with inferential conclusions in this chapter. 

Further, open questions on the research that provide a scope for further studies in this area 

are indicated.  

  Commensurate with the objectives, and the efforts presented in the previous 

chapters, the specific tasks carried out in this research can be enumerated as follows: 

  Bioinformatics-inspired algorithm for 2D image feature recognition and 

assessment 

  Development of 2D-Smith Waterman/Needleman Wunsch algorithm, for 

comparing images in binary format  

  Applying the developed method to: (i) Synthetic images; (ii) biomedical images; 

(iii) microarrays; and (iv) finger-prints 

 

  With the essence of the tasks as above, the thesis culminates as a new effort of 

conceiving a binary correlation technique of image-feature identification using 

bioinformatics principles. Since this is a virgin study, related efforts are mostly directed at 

verifying the method of approach and determining the efficacy of the results. Hence, most 

of the task carried out refers to formatting the SW/NW algorithm in 2D-context 
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compatible for image detail extraction. At this stage, it is claimed that the procedure 

adopted is more a concept verification attempt. Hence, studies are conducted to the four 

cases of images listed above so as to verify its applicability in general. However, finer 

tuning of this technique is warranted so as to make it in par with other parallel strategies 

that prevail in practice. Nevertheless, to the best of the author’s knowledge, it is an 

unexplored area and this research suite forms the first level of receptacle where use of 

bioinformatics-inspired algorithms is envisaged in the context of image-processing. 

Chapter-wise results gathered are listed below with relevant discussion: 

6.2   Model development 

  The preliminary chapters are devoted to review the state of the art aspects of 

image-feature analysis methods by traditional methods. Essentially the binary correlation 

technique is considered. Matching 2D matrix-to-matrix comparison of two binary images 

involves in general row-by-row and column-by-column scoring so that the relative extent 

of the populations of 1’s and 0’s are estimated on localized basis. Hence, scoring is done 

traditionally by methods such as Hamming distance, and/or statistical divergence methods.  

While similar matrix comparison is adopted in the present study, the scoring as above is 

done differently. The procedure proposed thereof and adopted in this study refers to linear 

sequence comparison strategy of bioinformatics. That is, in bioinformatics context, a linear 

sequence such as a DNA is compared against another sequence to assess the similarity or 

dissimilarity profiles. This principle is extended in the present context to 2D-images, that 

is, a test image converted into a binary format, and the binary sequence of a row in the test 

image is matched against the corresponding row in a template/reference image. Hence, a 
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binary correlation measure is obtained. Instead of a row-by-row comparison, column-by-

column matching can also be adopted.  

  A sequence comparison strategy of bioinformatics refers to the so-called sequence 

alignment technique facilitated by Smith-Waterman algorithm (in the case of local-

alignments) and Needleman-Wunsch algorithm for global-alignments. This method is 

translated in this study to compare images in their binary formats.  

6.2.1   Results: Subroutines on 2D-SW/NW algorithms  

  The concept as above is well implemented with MatLab
TM

 compatible codes. That 

is, the traditional SW/NW algorithm is rewritten to 2D-matrix comparison. The set of 

entire codes is furnished in Appendixes where the SW/NW algorithm part is indicated as 

subroutines SW-A and NW-A. It includes sequence alignment, rewards and penalty 

assignments and scoring on the aligned sequences (rows or columns) matched.  

6.2.2   Results: Subroutines on alternative scoring-schemes 

  In order to determine the efficacy of SW/NW algorithm, scoring of the compared 

sequences (rows or columns) is also done by other well-known techniques like Hamming 

distance and Kullback-Leibler measure. The subroutine developed is indicated as HD and 

KL in the main code of Appendix B. 

6.3   Results on Synthetic Image Analysis 

  Presented in Chapter 4 is the method to apply the 2D-SW/NW algorithms to 

analyze basic images. For this purpose a synthetic image example, is considered and the 

results gathered are presented. Specifically, the synthetic image adopted is the letter ‘E’. 

An undistorted form of it is taken as the template and a number of distorted versions of E 

(with random distortions in the scale 0 to 100%) are considered and compared against the 
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template image. The analysis as indicated earlier conforms to binary correlation technique 

with scoring done via (i) NW algorithm, (ii) SW algorithm, (iii) Hamming distance, and 

(iv) Kullback-Leibler measure. The results obtained thereof are presented in a set of 

figures of Figure 4.5, where the computed scores versus fractional variation in image-

shape are plotted. 

  Referring to Figure 4.5, the following observations can be made.  

   Regardless of the scoring algorithm chosen, the estimated scores show 

monotonically increasing trend with respect to the fractional distortion 

   Among the scores versus fractional change in image-shape computed, the NW 

score shows the highest sensitivity. That is, for a given incremental change in the 

image-shape, the NW score changes maximally.  

   The order of sensitivity of the algorithms is as follows: NW, SW, HD and KL.  

   It is indicated in Chapter 4, the reason for the dominance of NW/SW algorithm in 

the sensitivity is that, these algorithms are preprocessed (that is, aligned) before 

scoring assignment on the extent of matching is done. It means that the similarity 

features are “clustered” in the alignment procedure and rewarded significantly. 

Likewise, dissimilarity features segregated in the alignment procedure receive 

penalty. The eventual score obtained is based on reward versus penalty 

considerations. The other algorithms are based on comparing the binary sequences 

without any pretreatment of alignment.  

 

6.3.1   Locating Distinct Features in the Test-image 

  Again considering the synthetic image format, illustrated in Chapter 4 (via Figures 

4.6-4.9), details and results pertinent to locating the disposition of a distinct feature in the 

test-image in comparison with a template. For example, test-images with a vertical stripe, 

a horizontal stripe, a cross-pattern and an isolated corner patch are considered. Hence, 

performing SW analysis, the score patterns (score versus specified pattern location) are 
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plotted in Figure 4.8-4.9. The results indicates identifiable score artifacts in the region 

signifying the location of the distinct image-feature deliberately introduced. This confirms 

the efficacy of the proposed strategy.  

6.3.2   Results of medical-image analysis 

  In Chapter 4, results on a set of medical-images subjected to SW/NW algorithmic 

analyses are also presented. Specifically a set of brain-images with the inclusion of tumors 

of different sizes is considered. The SW scoring is done on row-by-row and column-by-

column comparisons with respect to a template with all white texture (with all 1’s in the 

binary matrix).  

  Presented in Figure 4.10, are the results of cumulative scoring of each image. In 

general, with the change in tumor size (image artifact within the original brain-image), the 

scoring results (row-based, H and column-based, V) are found to be monotonically 

changing with the size of the tumor. However, abnormal (asymmetric) score V ≠ H is 

observed in some cases depending on the abnormality associated on the tumor disposition. 

The presence of such abnormalities is explained in a later section.  

  The above consideration of medical-image analysis is also extended to a set of 

breast cancer-images as detailed in Figure 4.11. The images considered are a set of five 

pairs of images. Each pair is deliberately chosen to be nearly identical. Hence, the 

corresponding SW scorings, gathered pair-wise are almost identical.  

6.3.3   Location of a Distinct Feature (such as a Tumor) in a Scanned Image 

  The exercise of applying SW/NW algorithm to medical images is extended in 

Chapter 4, to locate distinct features (like a tumor) in a test-image. For example, shown in 

Figure 4.12 is a brain image having a tumor spot. By computing the SW score values for 
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each column compared (as well as row compared) are plotted against row disposition (in 

Figure 4.13). and against column disposition (in Figure 4.14). Observing this figures, the 

location of the tumor (in x- and y-axes) is markedly seen as illustrated. Thus the proposed 

research enable locating (specifying the coordinate) of abnormal features in a given test-

image. 

6.4   Results on Microarray Analysis 

  Exclusive to the application of the SW/NW algorithm in analyzing microarrays, 

are described in Chapter 5 is a method that elucidates its relative extent of gene 

expressions in a given microarray. To illustrate the application as above, considered 

thereof is a typical microarray (Figure 5.1) having distinct yellow, green, red fluorescent 

spots. These colored features depict the relative extent gene expression in the array (green 

if the gene expressed in a non-tumor sample, red if the gene expressed in a tumor sample 

and yellow if the gene expressed in both). As such, when a microarray having these three 

color spots (populating its outlay), a row-by-row or column-by-column estimation of the 

relative population will indicate the state of tumor-rich and/or non-tumor rich profiles. To 

apply SW/NW algorithm to ascertain the above profiles, the simulations performed on 

Figure 5.1, are as follows:  

  The microarray is first converted to a gray-scale image and corresponding binary-

matrix. In forming the gray-scale image, appropriate threshold is set such that the color 

conversion to relevant gray-scale is achieved. That is, by setting a high threshold (say, 0.9) 

will render the gray-scale image towards the selection of red-rich spots; and, by setting a 

low threshold (say, 0.1) will make the gray-scale image infested with yellow-rich spots. In 

between, a threshold of 0.5 will set the image to be of green-rich status.  
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   For analysis, four sets of images are used. The first image is the raw (original) 

image of the microarray collected from the literature. The second image refers to the raw 

image altered manually with the inclusion of yellow spots, that is making it yellow-rich. 

Likewise, the third image is formed to be red-rich and the fourth image is rendered as 

green-rich.  

  For the four test-images as above, corresponding gray-images are constructed with 

varying thresholds from 0 to 1 in the interval of 0.1. For each threshold setting, a row-by-

row assessment of SW score is obtained. These scores are plotted against the threshold 

values as indicated in Figure 5.3, for all the four test-images. For any given image, a low 

threshold setting provides a low score value indicating the extent of yellow-rich status. 

Likewise, for a large threshold value setting, a higher score reading is obtained relevant to 

the status of red-rich condition. The intermediate threshold value yield a monotonic 

change in score. Thus, by knowing the score value versus threshold level profile, the result 

can be equated to the corresponding (significantly) rich color status. In other words the 

extent of gene expression (depicting tumor, non-tumor or mixed condition) is 

quantitatively indicated.    

6.5   Results on Finger-print Analysis 

  Discussed in Chapter 5, is the relevance of using SW/NW algorithm in comparing 

finger-print impressions. That is, given a finger-print impression its shape similarity with 

respect to a template exemplar is ascertained using the 2D-SW/NW algorithm developed. 

For the purpose of a demonstration, a set of finger-prints illustrated in Figure 5.6 are 

considered. It consists of four samples 1 and 4 of thumb impressions of two subjects A and 
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B. Comparison is done for feature similarity or dissimilarities assessment between the 

impressions. Relevant results are presented in Figures 5.7 – 5.9.  

  The results indicate that the images of thumb impressions from the same subject 

(and of same hand) pose close shape similarity. Otherwise the similarity scores differ. 

Again this simulation offers the indication of viable application of the SW/NW algorithm 

developed in 2D-context for finger-print analysis studies.  

  In summary, the present study is a bioinformatics-inspired approach towards 

binary-image correlation for image-processing. It involves certain algorithms of 

bioinformatics for the purpose of comparing images in binary pixel format to evaluate the 

underlying feature similarity between them. The bioinformatics algorithms considered 

thereof are the well-known Smith-Waterman and Needleman-Wunsch algorithms that are 

classically known in bioinformatics sequence alignment efforts exercised in 1D structures. 

In the present study, they are extended to 2D-images the summary of 2D-image analysis 

carried out via NW/SW algorithms is as follows: 

 Inasmuch as sequence comparison/alignment depicts a row-by-row matching of 

two sequences, relevant concept is extended here to 2D-image comparison by 

segmenting the image into a set of multiple rows; and each row is treated as a 

sequence and compared against a corresponding row in the template image. 

(Likewise, an image can be segmented into a vertical set of columns and column-

to-column can be compared as a pair of sequences). Thus, a 2D-SW/NW algorithm 

is developed and applied to the mosaic of images converted into their binary 

formats 

 The performance of the aforesaid 2D-algorithms with respect to the resolution 

aspects of the original image is based on the analog format of the image 

translated by MatLab
TM

 in constructing the discrete binary matrix with each cell 

(element) representing one pixel 
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 The efficacy of the 2D-algorithms in question is verified with respect to a set of 

various images: Medical-images, microarrays and thumb-impressions 

 In addition, a preliminary exercise is also performed to verify whether the said 

algorithms can be applied to compare two hand-written signatures. In biometric 

context, it is well-known that two signatures are compared to distinguish the 

actual and forged ones. Known as forensic forgery analysis, it is a crucial topic in 

biometric efforts. [6.1] 

There are a number of well-known classical methods of comparing two 

signatures. Basic visual comparison of signatures is still practiced. Computerized 

signatures verification methods were conceived in 1980s [6.2]. Impressed 

signature verification algorithms came into being subsequently [6.3]. Local shape 

considerations in signatures being analyzed are indicated in [6.4]. Quality of 

hand-written signatures is elucidated via biometric algorithms in [6.5].  

Notwithstanding the availability of the classical pursuits on signature verification 

schemes, yet developed in this study, a new algorithmic approach based on SW/ 

NW 2D-image analysis procedure. 

As indicated earlier for other image comparisons, the give signature pair 

(genuine and forged) are converted into a binary mosaic with Matlab
TM

.
 
The 

matrices are then compared either row-by-row or by column-by-column and 

scored.  
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(5) 

 

Figure 6.1: Set of computed results based on NW algorithm applied to: {A, A1}: Genuine 

signatures of a subject and { B1, B2, B3 and B4}: Forged signatures. RbR: Row-by-Row 

analysis; CbC: Column-by-Column analysis (S/S) NW: Fractional (NW) score computed 

                        

(1) 
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(2) 

 

(3) 
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(4) 

 

(5) 

Figure 6.2: Set of computed results based on KL-measure exercised on: {A, A1} Genuine 

signatures of a subject and {B1, B2, B3, B4}: Forged signatures. RbR: Row-by-Row 

analysis; CbC Column-by-Column analysis (S/S)KL: Fractional (KL) score computed 
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  Shown in the set of Figures 6.1 and 6.2 are details illustrating the comparison of 

a genuine sample signature and a few of its forged versions. 

  From the results shown it can be inferred that the genuine signatures (A and A1) 

are distinctly similar; on the other hand, A versus forged signatures (B1, B2, B3 and B4) 

exhibit marked variations in the scores computed. In the set of Figure 6.1, the results 

indicated are based on NW algorithm applied to row-by-row as well as column-by-

column analysis. For comparison, in the set of Figure 6.2, the results furnished 

correspond to KL-measure. In both cases, the distinguishability of genuine and forged 

signatures is demonstrated.  

6.6    Scope for Further Studies 

  Relevant to the study summarized above, the following open questions can be 

indicated for future studies: 

 In converting the original image into a gray-scale image the present study 

prescribes a threshold of 0.5; and hence, the binary matrix is constructed. It 

implies that an equal weightage of black-to-white or white-to-black is specified 

in arriving at the binary matrix. Implicitly, this assumes an unbiased state of the 

1’s (white pixels) and 0’s (black pixels). Whether this equal-partitioning of black 

and white is valid and if not, what is the optimum threshold setting for sensitive 

scoring is to be investigated 

 It is observed that the computed details (column-by-column SW scoring) on 

image performed are furnished for two distinct set of resolutions (pixel matrix 

sizes) appear to be identical. The theoretical reasoning for this observation on 

SW/NW scoring being independent of image resolution, that is, on the number of 

entities in the row or column, has to be investigated 

 At a locale of the image, when the details within the surrounding are diffused, the 

classical image-processing offers methods that distinctly identify the demarcation 
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of the background versus featured region. Such demarcations are however, are 

indications of the centroid of transition. But in reality, a transition it sets could be 

diffused. In other works, invariably fuzzy feature details may prevail at such 

transitions. In Chapter 2, such diffused conditions are indicated in terms of 

spatial SNR variation. Using relevant  concept, more work can be done in 

extending the present study in the context of fuzzy image features analyzed via 

SW/NW algorithms 

 In comparing two images, matching of identical row-to-row (or column-to-

column), calls for “framing” the images such that a border coincidence between 

the images is established. Such automated frame-matching can be included in the 

present work as an extension 

 The memory size requirements and computational complexity of the approach 

are need to be investigated 

  Considering the finger-print exercises (or similar efforts directed at the 

recognition of hand-written signatures), if a robust comparison and detection of a 

test finger-print (or a test/forged hand-written signature) against a genuine 

counterpart (such as an exemplar finger-print or a signature), the following is 

suggested for future studies: If the exemplar entity is available in multiples, they 

can be used as an ensemble set in a artificial neural network (ANN) as the 

training set; and, the test entity can be introduced in the prediction phase and the 

ANN output will provide the extent of comparison between the actual exemplar 

and the test entity 

    Correlation coefficients between the scores of compared images (like genuine 

and forged signatures) can be analytically specified and computed 

  As mentioned earlier for circular images (such as breast cancer images), use of 

radial 2D-scan can be attempted to get a better resolution (as done in radar video 

displays). There is no such attempted application of NW/SW radial 2D-scan 

approach in this regard is available to the best of the knowledge of the author.  
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  Apart from the pattern details and/or pattern locations extracted by the proposed 

method, color feature (like hue and intensity) identification is worth attempting. 

This provides a multi-dimensional prospect to the problem addressed.  

  Exploring the distorted images (skewed images) as subjects for the present study 

as well as use of super-computers to meet the computational demands can be 

explored 

6.7   Executive Summary 

  A new avenue for using traditional bioinformatics algorithms is to explore their 

applications to bio-/medical-imaging. For example, the so-called Smith-Waterman (SW) 

algorithm prescribes a method for local sequence alignment of two linear sequences (like 

nucleotide bases) so as to determine similar segmental (local) regions between them and 

it yields an optimized value of similarity-measure. Likewise, the Needleman-Wunsch 

(NW) algorithm offers comparison and global alignment of two linear sequences. Both 

SW/NW algorithms (used in 1D-context) can be extended to 2D bio-/medical-imaging. 

Relevant procedure indicated in this thesis is an unexplored approach in conceiving a 

binary correlator via SW/NW algorithms. In essence, the following studies are carried 

out:  

  A study is performed using synthetic images to verify the validity of the 

approach and the efficacy of the algorithm in question  

  Various medical images with varying locations and severity of tumor when 

compared with a reference image via SW/NW approach yield scores on the 

distinguishable levels. A method is also indicated thereof to determine the local 

coordinates within which an artifact (such as tumor) is located 

  The image comparison via binary correlation is also applied to microarray 

patterns. That is, by treating a microarray as an image with its colored 

constituents of red, green and yellow indicating tumor, non-tumor and mixed 
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conditions, with appropriate gray-scale conversion of the microarray image, the 

extent of the relative population of the colored spots is ascertained using the 

SW/NW approach 

  The research is also extended to verify the possibility of comparing two finger-

print exemplars 

  Handwritten signature comparisons are attempted 

  A select set of simulations are carried out and the results gathered are analyzed 

with necessary observations towards conclusion. An exhaustive literature survey is done to 

match the studies performed. Though the method of approach developed is new in its 

applications, it is stated here that the suggested method is only a parallel strategy 

supplementing various other techniques that are in vogue. Since, the proposed strategy is 

the first level of research, more studies are implicit for next level of considerations.  

6.8   Closure 

  This work is an attempt to look into the feasibility of applying bioinformatics 

algorithms to study 2D-image features. That is, this is a bioinformatics-inspired research in 

formulating a novel analytical and computational exercise to use the so-called SW/NW 

sequence alignment methods for image-processing applications. To the best of the author’s 

knowledge the method pursued is first of its kind. As such, the exercises carried out are 

preliminary and may not be exhaustive. Yet it is comprehensive within the scope of the 

research indicated. More research can be performed with open questions as indicated in 

this thesis. 
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APPENDICES: CODES DEVELOPED 

 

APPENDIX A: Main function 

%---------------------------------------------------------------- 
%---------------------------------------------------------------- 
%Deepti Pappusetty, Z23109480 
%Thesis – Bioinformatics-inspired Binary Image Correlation: 

%Application to Bio-/Medical-Images, Microarrays, Finger-prints 

%and Signature Classifications 

% 

%Main Function – General function which can take any number of 

%input images and find their respective SW, NW, KL and Hamming 

%scores either row-wise or col-wise  

% 

%Results obtained for Section 4.7 - Bio-/Medical images, Section 

%5.5 - Thumb-impressions and Section 6.5 - Signatures using this 

%function 

% 

%Instructions to execute: 

%Save as a file with name ‘Main.m’ 

%To run the file Main.m, please navigate to toolbar in MatLabTM: 

%Debug > Run. Provide inputs to the prompted questions.  

%Please make sure the input image files, Main.m, NW.m, SW.m, 

%Hamming.m, KL.m, penality.m, penality1.m are in same directory 

%and the current directory is set to the current directory path 

%in MatLabTM. 

%---------------------------------------------------------------- 
%---------------------------------------------------------------- 

  
clc; 
clear all; 
 

%---------------------------------------------------------------- 
%Initialization of variables  

%Getting required input parameters from the user 
%---------------------------------------------------------------- 
 

global no_of_inputs; 
no_of_images_2bcomp=input('\nPlease enter the number of images to 

be compared with a reference (template) image:'); 
row_or_col=input('\nEnter 1 for row scanning (or) 2 for column 

scanning:'); 
for i=1:1:no_of_images_2bcomp 
fprintf('Enter the name of %d image',i); 
Image_name{i,1}=input(':','s');     
end 
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SW_q=input('\nDo you wan''t SW scores to be computed? (1 for 

''yes'', 0 for ''no''):'); 
NW_q=input('\nDo you wan''t NW scores to be computed? (1 for 

''yes'', 0 for ''no''):'); 
HM_q=input('\nDo you wan''t HM scores to be computed? (1 for 

''yes'', 0 for ''no''):'); 
KL_q=input('\nDo you wan''t KL scores to be computed? (1 for 

''yes'', 0 for ''no''):'); 

  
%---------------------------------------------------------------- 
%Storing all the input image binary matrices into a 3D matrix 
%---------------------------------------------------------------- 

  
for no_of_images=1:1:no_of_images_2bcomp 

  
%---------------------------------------------------------------- 
%Reading the input image matrices, converting them first to gray 

%scale and then to binary matrices 
%---------------------------------------------------------------- 

  
a = imread(Image_name{no_of_images,1}); 
a_gray = rgb2gray(a); 
BW = double(im2bw(a_gray, 0.5)); 

  
[row_stan,col_stan]=size(BW); 
 

%------------- 

%Row Scanning  
%------------- 

 

if row_or_col==1  
    indices=row_stan; 
    for i=1:1:row_stan 
        standard_matrix{no_of_images,i,1}=''; 
        for j=1:1:col_stan 
 

%%Storing image matrices row-wise in 3D matrix  

 

standard_matrix{no_of_images,i,1}=strcat(standard_matrix{no_of_im

ages,i,1},num2str(BW(i,j)));  
        end 
    end 
 

%------------------ 

%Template 2D Matrix 
%------------------ 

 

        ref_seq=''; 
        for j=1:1:col_stan 
            ref_seq=strcat(ref_seq,num2str(1)); 
        end 
        for i=1:1:row_stan 
        seq_comp{i,1}=ref_seq; 
        end 
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%------------- 

%Col Scanning 

%------------- 

 
elseif row_or_col==2      

indices=col_stan; 
    for i=1:1:col_stan 
        standard_matrix{no_of_images,i,1}=''; 
        for j=1:1:row_stan 
 

%%Storing image matrices col-wise in 3D matrix  

 

standard_matrix{no_of_images,i,1}=strcat(standard_matrix{no_of_im

ages,i,1},num2str(BW(j,i)));  
        end 
    end 
 

%------------------ 

%Template 2D Matrix 

%------------------ 

 
        ref_seq=''; 
        for j=1:1:row_stan 
            ref_seq=strcat(ref_seq,num2str(1)); 
        end 
        for i=1:1:col_stan 
        seq_comp{i,1}=ref_seq; 
        end 

  
end 
end 
no_of_inputs=1; 
output_get_input=0; 
clc; 

  
%---------------------------------------------------------------- 
%Calling functions for SW, NW, HMM and KL based on user input  
%parameters 
%---------------------------------------------------------------- 

        
for diff_comp=1:1:no_of_images_2bcomp 
comp_image_score(diff_comp,1)=0; 
hamm_image_score(diff_comp,1)=0; 
KL_image_score(diff_comp,1)=0; 
NW_image_score(diff_comp,1)=0; 
for diff_rows_matrix=1:1:indices 
    seq1=char(seq_comp(diff_rows_matrix,1)); 
    seq2=char(standard_matrix(diff_comp,diff_rows_matrix,1)); 

    
    [row1,col1]=size(seq1); 
    [row2,col2]=size(seq2); 
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%-------------------- 
%Calling SW function 

%-------------------- 

 
    if SW_q==1 
        fprintf('\nProcessing SW alg for %d row of %d 

image',diff_rows_matrix,diff_comp); 
    %%Storing returned scores from SW function into variables  
    score=SW(seq1,seq2,row1,row2,col1,col2); 
    %%Finding cumulative scores 
    comp_image_score(diff_comp,1)=comp_image_score(diff_comp,1) + 

score; 
%%Storing each image row-wise or col-wise scores into a 2D matrix 
    score_diff_rows(diff_comp,diff_rows_matrix)= score; 
    end 

 
%-------------------- 
%Calling HM function 

%-------------------- 
 

    if HM_q==1 
        fprintf('\nProcessing HM alg for %d row of %d 

image',diff_rows_matrix,diff_comp); 
   %%Storing returned scores from Hamming function into variables  
    hamming_score=Hamming(seq1,seq2,col2); 
   %%Finding cumulative scores 
    

hamm_image_score(diff_comp,1)=hamm_image_score(diff_comp,1)+hammi

ng_score; 
%%Storing each image row-wise or col-wise scores into a 2D matrix 
    

score_diff_hamm_rows(diff_comp,diff_rows_matrix)=hamming_score; 
    end 

 

%-------------------- 
%Calling KL function 

%-------------------- 

 
    if KL_q==1 
        fprintf('\nProcessing KL alg for %d row of %d 

image',diff_rows_matrix,diff_comp); 
    %Storing returned scores from KL function into variables  
    KL_score=KL(seq1,seq2,col2); 
    %Finding cumulative scores 
    

KL_image_score(diff_comp,1)=KL_image_score(diff_comp,1)+KL_score; 
    %Storing each image row-wise or col-wise scores into a 2D 

matrix 
    score_diff_KL_rows(diff_comp,diff_rows_matrix)=KL_score; 
    end 
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%-------------------- 
%Calling NW function 

%-------------------- 

 
    if NW_q==1 
        fprintf('\nProcessing NW alg for %d row of %d 

image',diff_rows_matrix,diff_comp); 
    %Storing returned scores from NW function into variables  
    NW_score=NW(seq1,seq2,row1,row2,col1,col2); 
    %Finding cumulative scores 
NW_image_score(diff_comp,1)=NW_image_score(diff_comp,1)+NW_score; 
    %Storing each image row-wise or col-wise scores into a 2D 

matrix 
    score_diff_NW_rows(diff_comp,diff_rows_matrix)=NW_score; 
    end 
end 
end 

  
%------------------- 
%Display of Results 
%------------------- 
 

fprintf('\n*******************Results******************\n'); 
for i=1:1:no_of_images_2bcomp 
 

%--------------- 
%Results for NW  
%--------------- 

  
if NW_q==1 
fprintf('\nOriginal NW Scores for %d image:',i); 
for j=1:1:indices 
fprintf('\n%d\t%d',j,score_diff_NW_rows(i,j)); 
end 
fprintf('\nThe Cumulative NW score of %d image = 

%d',i,NW_image_score(i,1)); 
end 
 

%-------------------- 
%Results for SW 
%-------------------- 

  
if SW_q==1 
fprintf('\nOriginal SW Scores for %d image:',i); 
for j=1:1:indices 
fprintf('\n%d\t%d',j,score_diff_rows(i,j)); 
end 
fprintf('\nThe Cumulative SW score of %d image = 

%d',i,comp_image_score(i,1)); 
end 
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%-------------------- 
%Results for HM 
%-------------------- 
if HM_q==1 
fprintf('\nOriginal Hamming Scores for %d image:',i); 
for j=1:1:indices 
fprintf('\n%d\t%d',j,score_diff_hamm_rows(i,j)); 
end 
fprintf('\nThe Cumulative HM score of %d image = 

%d',i,hamm_image_score(i,1)); 
end 
 

%-------------------- 
%Results for KL 
%-------------------- 

  
if KL_q==1 
fprintf('\nOriginal KL Scores for %d image:',i); 
for j=1:1:indices 
fprintf('\n%d\t%d',score_diff_KL_rows(i,j)); 
end 
fprintf('\nThe Cumulative KL score of %d image = 

%d',i,KL_image_score(i,1)); 
end 
fprintf('\n'); 
end 

  

APPENDIX B: E Image Percent Change  

%---------------------------------------------------------------- 
%---------------------------------------------------------------- 
%Deepti Pappusetty, Z23109480 
%Thesis – Bioinformatics-inspired Binary Image Correlation:  
%Application to Bio-/Medical-Images, Microarrays, Finger-prints  
%and Signature Classifications 
% 

%E Image Percent Change – Function to get SW, NW, Hamming and KL 

%Scores computed per percent change including ensemble runs for 

%synthetic image ‘E” 

% 

%Results obtained for section 4.5 application to synthetic ‘E’ 

%image  

% 

%Instructions to execute: 

%Save as a file with name 

%‘E_Image_Percent_Change_SW_NW_HM_KL_Scores.m’ 

%To run the file, please navigate to toolbar in MatLab
TM
: 

%Debug > Run. Provide inputs to the prompted questions.  

%Please make sure the 

%E_Image_Percent_Change_SW_NW_HM_KL_Scores.m, NW.m, SW.m, 

%Hamming.m, KL.m, penality.m, penality1.m are in same directory 

%and the current directory is set to the current directory path 

%in MatLabTM. 

%---------------------------------------------------------------- 
%---------------------------------------------------------------- 
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clc; 
clear all; 
global no_of_inputs; 
 

%-------------------------------------- 
%Input matrices 
%-------------------------------------- 
e=zeros(7,7); 
e(2:6,2)=1; 
e(2,3:6)=1; 
e(4,3:6)=1; 
e(6,3:6)=1; 

  
BW = e; 

  
[row_stan,col_stan]=size(BW); 

  
for i=1:1:row_stan 
        standard_matrix{1,i,1}=''; 
        for j=1:1:col_stan 
           

standard_matrix{1,i,1}=strcat(standard_matrix{1,i,1},num2str(BW(i

,j))); 
        end 
end 

  
%%---------------------------------------------------- 
%%Getting userinputs 
%%Variables for percent changes and number of images 
%%---------------------------------------------------- 

  
percent_change=0;%Start Percent Change 
per_diff=input('\nEnter the percentage change. Example: 0.5 for 

50% :');%Percentage difference or variation 
no_per_change=fix(1/per_diff)+1;%Number of distorted images 
no_images_per_percent_change=input('\nEnter the number of 

Ensemble runs :');%Number of ensemble runs 
figure_number=1; 

  
%%---------------------------------------------------- 

  
%%---------------------------------------------------- 
%%Creating a set of random images of E corrupted with  
%%user input percentage variation and based on number 
%%of ensemble runs 
%%---------------------------------------------------- 
for change_in_percent=1:1:no_per_change 

     
    %%Actual Image 
    if change_in_percent==1 
        figure(figure_number); imagesc(e);     
        figure_number=figure_number+1; 
        no_of_images_2bcomp=1; 
        no_of_images=1; 
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    end 

     
    %%Changed Images 
    if change_in_percent>1 
        no_of_images_2bcomp=no_images_per_percent_change; 
        no_of_images=no_images_per_percent_change; 

  
    for no_of_images=1:1:no_of_images_2bcomp 

     
    no_of_changes=round(17*percent_change); 
    BW=e; 
    row_ch=0; 
    col_ch=0; 
    ch=1; 
    for changes=1:1:no_of_changes 
        a=2; 
        b=6; 
        done=0; 
        times=1; 
     while done==0 
        r = round(a + (b-a).*rand); 
        c = round(a + (b-a).*rand); 
        check=1; 

         
        if ch>1 
            for iny=1:1:ch-1 
                if r~=row_ch(iny) | c~=col_ch(iny) 
                    check=check+1; 
                end 
            end 
        end 

         
        if check==ch 
             row_ch(ch)=r; 
             col_ch(ch)=c; 
             done=1; 
        else 
            times=times+1; 
        end 

        
       if times==100 
           done=1; 
       end 
     end 

      
        if BW(row_ch(ch),col_ch(ch))==0 
            BW(row_ch(ch),col_ch(ch))=1; 
        elseif BW(row_ch(ch),col_ch(ch))==1 
            BW(row_ch(ch),col_ch(ch))=0; 
        end 
        ch=ch+1;    
    end 

     
    for i=1:1:row_stan 
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        standard_matrix{no_of_images,i,1}=''; 
        for j=1:1:col_stan 
           

standard_matrix{no_of_images,i,1}=strcat(standard_matrix{no_of_im

ages,i,1},num2str(BW(i,j))); 
        end 
    end 

  
    end 
    end 
%-------------------------------------- 
%Reference matrices 
%--------------------------------------      
        ref_seq=''; 
        for j=1:1:col_stan 
            ref_seq=strcat(ref_seq,num2str(1)); 
        end 
        for i=1:1:row_stan 
        seq_comp{i,1}=ref_seq; 
        end 
%------------------------------------------------- 
no_of_inputs=1; 

  

    
%clc; 

  
fprintf('--------------------------Input matrices----------------

------------------'); 
for j=1:1:no_of_images_2bcomp 
    fprintf('\nImage: %d\n\t',j); 
for i=1:1:row_stan 
    fprintf('%s\n\t',standard_matrix{j,i,1}); 
end 
end 
fprintf('\n--------------------------Reference Matrix------------

------------------\n\t'); 
for i=1:1:row_stan 
    fprintf('%s\n\t',seq_comp{i,1}); 
end 
fprintf('\n------------------------------------------------------

-------------------'); 

  
%%--------------------------------------------------- 
%%Calling algorithms to compute scores: 
%%SW, NW, Hamming and KL algorithms 
%%--------------------------------------------------- 

  
for diff_comp=1:1:no_of_images_2bcomp 
comp_image_score(diff_comp,1)=0; 
NW_image_score(diff_comp,1)=0; 
hamm_image_score(diff_comp,1)=0; 
KL_image_score(diff_comp,1)=0; 
fprintf('\n%d',diff_comp); 
for diff_rows_matrix=1:1:row_stan 
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    fprintf('\n%d',diff_rows_matrix); 
   seq1=char(seq_comp(diff_rows_matrix,1)); 
   seq2=char(standard_matrix(diff_comp,diff_rows_matrix,1)); 

    
values(1,1)=0; 
m=1; 

  
[row1,col1]=size(seq1); 
[row2,col2]=size(seq2); 

  
   %%--------------------------------------------------- 
   %%Hamming distance for the two sequences 
   %%--------------------------------------------------- 

    
   hamming_score= Hamming(seq1,seq2,col2); 

    
   %%--------------------------------------------------- 

  
   %%--------------------------------------------------- 
   %%KL measure for the two sequences 
   %%--------------------------------------------------- 

    
   KL_score=KL(seq1,seq2,col2); 

    
   %%--------------------------------------------------- 

  
   %%--------------------------------------------------- 
   %%SW algorithm for the two sequences 
   %%--------------------------------------------------- 

  
   SW_score=SW(seq1,seq2,row1,row2,col1,col2); 

     
   %%---------------------------------------------------           

             
   %%--------------------------------------------------- 
   %%NW algorithm for the two sequences 
   %%--------------------------------------------------- 

    
   NW_score=NW(seq1,seq2,row1,row2,col1,col2); 

    
   %%--------------------------------------------------- 
   %%--------------------------------------------------- 

  
fprintf('\nSW Score:%d',SW_score); 
fprintf('\nNW Score:%d',NW_score); 
fprintf('\nHamming Score:%d',hamming_score); 
fprintf('\nKL Measure Score:%d',KL_score); 
comp_image_score(diff_comp,1)=comp_image_score(diff_comp,1)+SW_sc

ore; 
NW_image_score(diff_comp,1)=NW_image_score(diff_comp,1)+NW_score; 
hamm_image_score(diff_comp,1)=hamm_image_score(diff_comp,1)+hammi

ng_score; 
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KL_image_score(diff_comp,1)=KL_image_score(diff_comp,1)+KL_score; 
fprintf('\n\n----------------------------------------------------

----------\n\n'); 
end 
end 

  
%%--------------------------------------------------- 
%%Getting cumulative scores per ensemble runs and  
%%finding mean per percent change 
%%--------------------------------------------------- 

  
    if change_in_percent==1 
        

Mean_Percent_scores(change_in_percent,1)=comp_image_score(diff_co

mp,1); 
        

Mean_NW_scores(change_in_percent,1)=NW_image_score(diff_comp,1); 
        

Mean_Hamm_scores(change_in_percent,1)=hamm_image_score(diff_comp,

1); 
        

Mean_KL_scores(change_in_percent,1)=KL_image_score(diff_comp,1); 
    end 

     
    if change_in_percent>1 
        Mean_Percent_scores(change_in_percent,1)=0; 
        Mean_Hamm_scores(change_in_percent,1)=0; 
        Mean_KL_scores(change_in_percent,1)=0; 
        Mean_NW_scores(change_in_percent,1)=0; 
            for i=1:1:no_of_images_2bcomp 
            fprintf('\nThe score of %d image is 

%d',i,comp_image_score(i,1)); 
            

Mean_Percent_scores(change_in_percent,1)=Mean_Percent_scores(chan

ge_in_percent,1) + comp_image_score(i,1); 
            

Mean_NW_scores(change_in_percent,1)=Mean_NW_scores(change_in_perc

ent,1) + NW_image_score(i,1); 
            

Mean_Hamm_scores(change_in_percent,1)=Mean_Hamm_scores(change_in_

percent,1) + hamm_image_score(i,1); 
            

Mean_KL_scores(change_in_percent,1)=Mean_KL_scores(change_in_perc

ent,1) + KL_image_score(i,1); 
            end 
            

Mean_Percent_scores(change_in_percent,1)=Mean_Percent_scores(chan

ge_in_percent,1)/(no_of_images); 
            

Mean_NW_scores(change_in_percent,1)=Mean_NW_scores(change_in_perc

ent,1)/(no_of_images); 
            

Mean_Hamm_scores(change_in_percent,1)=Mean_Hamm_scores(change_in_

percent,1)/(no_of_images); 



 102 

Mean_KL_scores(change_in_percent,1)=Mean_KL_scores(change_in_perc

ent,1)/(no_of_images); 

             
    end 
percent_change=percent_change+per_diff; 
end 

  
fprintf('\n\n\n%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%\n')

; 

  
%%--------------------------------------------------- 
%%Displaying scores 
%%--------------------------------------------------- 

  
for i=1:1:no_per_change 
fprintf('\nFinal SW Scores for %d Image: %d',i, 

Mean_Percent_scores(i,1)); 
end 
for i=1:1:no_per_change 
fprintf('\nFinal NW Scores for %d Image: %d',i, 

Mean_NW_scores(i,1)); 
end 
for i=1:1:no_per_change 
fprintf('\nFinal Hamming Scores for %d Image: %d',i, 

Mean_Hamm_scores(i,1)); 
end 
for i=1:1:no_per_change 
fprintf('\nFinal KL Scores for %d Image: %d',i, 

Mean_KL_scores(i,1)); 
end 

  
fprintf('\n\n\n%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%\n')

; 
normalized(1,1)=0; 

  
%%--------------------------------------------------- 
%%Getting normalized scores from raw scores 
%%--------------------------------------------------- 

  
for i=1:1:no_per_change 
    normalized_SW_score(i,1)=Mean_Percent_scores(i,1)-

Mean_Percent_scores(1,1); 
    normalized_NW_score(i,1)=Mean_NW_scores(i,1)-

Mean_NW_scores(1,1); 
    normalized_Hamm_score(i,1)=Mean_Hamm_scores(i,1)-

Mean_Hamm_scores(1,1); 
    normalized_KL_score(i,1)=Mean_KL_scores(i,1)-

Mean_KL_scores(1,1); 
end 

  
SW_min=min(normalized_SW_score); 
NW_min=min(normalized_NW_score); 
Hamm_min=min(normalized_Hamm_score); 
KL_min=min(normalized_KL_score); 
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if SW_min<0 
for i=1:1:no_per_change 
    normalized_SW_score(i,1)=normalized_SW_score(i,1)-SW_min; 
end 
end 
if NW_min<0 
for i=1:1:no_per_change 
    normalized_NW_score(i,1)=normalized_NW_score(i,1)-NW_min; 
end 
end 

  
if Hamm_min<0 
for i=1:1:no_per_change 
    normalized_Hamm_score(i,1)=normalized_Hamm_score(i,1)-

Hamm_min; 
end 
end 

  
if KL_min<0 
for i=1:1:no_per_change 
    normalized_KL_score(i,1)=normalized_KL_score(i,1)-KL_min; 
end 
end 
normalized_NW_score=abs(normalized_NW_score-

max(normalized_NW_score)) 

  
%%--------------------------------------------------- 
%%Displaying normalized scores 
%%--------------------------------------------------- 

  
normalized_SW_score 
normalized_NW_score 
normalized_Hamm_score 
normalized_KL_score 

  

APPENDIX C: DNA Microarray  

%---------------------------------------------------------------- 
%---------------------------------------------------------------- 
%Deepti Pappusetty, Z23109480 
%Thesis – Bioinformatics-inspired Binary Image Correlation:  
%Application to Bio-/Medical-Images, Microarrays, Finger-prints  
%and Signature Classifications 
% 

%DNA Microarray – Function to get SW, NW, Hamming and KL Scores 

%for DNA microarray images 

% 

%Results obtained for section 5.3 - Application to DNA Microarray 

% 

%Instructions to execute: 

%Save as a file with name ‘DNA_Microarray_SW_Scores.m’ 

%To run the file, please navigate to toolbar in MatLabTM: 

%Debug > Run. Provide inputs to the prompted questions.  

%Please make sure the DNA_Microarray_SW_Scores.m, NW.m, SW.m, 

%Hamming.m, KL.m, penality.m, penality1.m are in same directory 
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%and the current directory is set to the current directory path 

%in MatLabTM. 

%---------------------------------------------------------------- 
%---------------------------------------------------------------- 

 
clc; 
clear all; 
global no_of_inputs; 

  
%-------------------------------------- 
%Input matrices 
%-------------------------------------- 
no_of_images_2bcomp=input('\nPlease enter the number of images to 

be compared:'); 

  
for i=1:1:no_of_images_2bcomp 
fprintf('Please enter the name of %d image',i); 
Image_names{i,1}=input(':','s');     
end 

  
%-------------------------------------- 
%Varying threshold values of  
%gray-scaling in increments of 0.1 
%-------------------------------------- 

  
thresh_cnt=0; 
thresh_ind=1; 
for thresh_cnt=0:0.1:1 
    Image_name=Image_names; 
for no_of_images=1:1:no_of_images_2bcomp 
a = imread(Image_name{no_of_images,1}); 
a_gray = rgb2gray(a); 
BW = double(im2bw(a_gray, thresh_cnt)); 
[row_stan,col_stan]=size(BW); 

         
    for i=1:1:row_stan 
        standard_matrix{no_of_images,i,1}=''; 
        for j=1:1:col_stan 
            

standard_matrix{no_of_images,i,1}=strcat(standard_matrix{no_of_im

ages,i,1},num2str(BW(i,j))); 
        end 
    end 

     
end 

  
%-------------------------------------- 
%Reference matrices 
%--------------------------------------      
        ref_seq=''; 
        for j=1:1:col_stan 
            ref_seq=strcat(ref_seq,num2str(1)); 
        end 
        for i=1:1:row_stan 
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        seq_comp{i,1}=ref_seq; 
        end 
%------------------------------------------------- 

  
no_of_inputs=1; 
output_get_input=0; 

    
%clc; 

  
%------------------------------------------------- 
%Calling SW algorithm and storing scores 
%------------------------------------------------- 
for diff_comp=1:1:no_of_images_2bcomp 
comp_image_score(diff_comp,1)=0; 
for diff_rows_matrix=1:1:row_stan 

     
    seq1=char(seq_comp(diff_rows_matrix,1)); 
    seq2=char(standard_matrix(diff_comp,diff_rows_matrix,1)); 

    
    [row1,col1]=size(seq1); 
    [row2,col2]=size(seq2); 

  
score=SW(seq1,seq2,row1,row2,col1,col2); 
comp_image_score(diff_comp,1)=comp_image_score(diff_comp,1)+score

; 
end 
end 

  
%------------------------------------------------- 
%Displaying scores 
%------------------------------------------------- 

  
for i=1:1:no_of_images_2bcomp 
fprintf('\nThe score of %d image is %d with threshold 

%d',i,comp_image_score(i,1), thresh_cnt); 
end 
end 

 

APPENDIX D: Kullback-Leibler Measure Function 

 

%----------------------------------------------------------------

%----------------------------------------------------------------

%Deepti Pappusetty, Z23109480 
%Thesis – Bioinformatics-inspired Binary Image Correlation: 

%Application to Bio-/Medical-Images, Microarrays, Finger-prints 

%and Signature Classifications 

%Kullback-Leibler Measure Function  
%----------------------------------------------------------------

%---------------------------------------------------------------- 

  
function [KL_score] = KL(seq1,seq2,col2) 
 



 106 

%--------------------------------------------------- 
%KL Measure for the two sequences 
%--------------------------------------------------- 
 

%-------------------- 
%Initializations 
%-------------------- 

    
   KL_score=0; 
   p_one=1; 
   q_one=0; 
    

%------------------------- 
%Applying KL measure logic 
%------------------------- 

 
   for j=1:1:col2 
       if seq2(j)=='1' 
           q_one=q_one+1; 
       end 
   end 
   q_one=q_one/col2; 
   if q_one ==0 
       q_one = 0.00001; 
   end 
 

%----------------- 

%Finding KL Scores 
%----------------- 

 

      KL_score= p_one * log(p_one/q_one) + q_one * 

log(q_one/p_one); 

    
   end 

 

APPENDIX E: Hamming Distance Function 

 

%----------------------------------------------------------------

%----------------------------------------------------------------

%Deepti Pappusetty, Z23109480 
%Thesis – Bioinformatics-inspired Binary Image Correlation: 

%Application to Bio-/Medical-Images, Microarrays, Finger-prints 

%and Signature Classifications 

%Hamming Distance Function 
%----------------------------------------------------------------

%---------------------------------------------------------------- 

 

function [hamming_score] = Hamming(seq1,seq2,col2) 
 

 

 

%--------------------------------------------------- 
%Hamming Distance for the two sequences 
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%--------------------------------------------------- 
   hamming_score=0; 
   for j=1:1:col2 
       if seq1(j)~=seq2(j) 
           hamming_score= hamming_score + 1; 
       end 
   end 
   end 
 

 

APPENDIX F: Needleman-Wunsch Algorithm Function 

 

%----------------------------------------------------------------

%----------------------------------------------------------------

%Deepti Pappusetty, Z23109480 
%Thesis – Bioinformatics-inspired Binary Image Correlation: 

%Application to Bio-/Medical-Images, Microarrays, Finger-prints 

%and Signature Classifications  
%Needleman-Wunsch Algorithm Function 
%----------------------------------------------------------------

%---------------------------------------------------------------- 

  
function [NW_score] = NW(seq1,seq2,row1,row2,col1,col2) 

    
%--------------------------------------------------- 
%NW Algorithm for the two sequences 
%--------------------------------------------------- 

 
%------------------------- 
%Creating Identity matrix  
%------------------------- 

  
matrix1=zeros(col2+1, col1+1);  
back_trace_fin1=zeros(col2, col1);  
back_trace1(1,1)=0; 
 

 

%-------------------------------------------------------------- 
%Identical residue pairs are scored 1 in the appropriate matrix 

%cell 
%-------------------------------------------------------------- 

  
for i=1:1:col1 
    for j=1:1:col2 
        if seq1(i)== seq2(j)  
            matrix1(j,i)=1; 
        end 
    end 
end 
  

%-------------------------------------------------------------- 
%Assigning matrix values based on following rule: 
%New value of matrix(i,j) = old matrix(i,j) +  
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%{Maximum of [ matrix(i-1,j-1) or matrix(i-1, j-k) or matrix(i-r, 

%j-1)]}, where i, j are the row and column of cell under 

%consideration 

%-------------------------------------------------------------- 

  
for j=col2:-1:1 
    for i=col1:-1:1 
        max_val=0; 

         
        for max_colwise=i+1:1:col1+1 
            if matrix1(j+1,max_colwise)>max_val  
                max_val=matrix1(j+1,max_colwise); 
            end 
        end 
        for max_rowwise=j+1:1:col2+1 
            if matrix1(max_rowwise,i+1)>max_val 
                max_val=matrix1(max_rowwise,i+1); 
            end 
        end 
        matrix1(j,i)=matrix1(j,i)+ max_val; 
    end        
end 

  
for i=1:1:col2 
    for j=1:1:col1 
final_matrix1(i,j)=matrix1(i,j); 
    end 
end 
 

%---------------------------------------------------------------  
%Trace back from the right-bottom corner of the obtained matrix,  
%based on NW rules 
%--------------------------------------------------------------- 

  
i=col2; 
j=col1; 
s1=' '; 
s2=' '; 
done=1; 
trace_index=1; 
back_trace1(trace_index,1)=col2; 
back_trace1(trace_index,2)=col1; 
back_trace1(trace_index,3)=final_matrix1(col2,col1); 
trace_index=trace_index+1; 
while done==1 
    row=i-1; 
    col=j-1; 
    priority=0; 
  

  if j==1 & i==1 
    s1=strcat(s1,seq1(j)); 
    s2=strcat(s2,seq2(i)); 
    done=0; 
    end 
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    if done==1 
    max_value=final_matrix1(row,col); 
    z=0; 

     
%--------------------------------------------------------------- 

%Finding the maximum value in the corresponding row or column 
%Also assigning priorities if the two of three values or all  
%values come out to be same  
%--------------------------------------------------------------- 

         
    v1=max_value; 
    v2=final_matrix1(i,col); 
    v3=final_matrix1(row,j); 
    if  v1==v2 & v1==v3  

         
        if i>j 
        priority=1; 
        end 

         
        if j>i 
        priority=2; 
        end 
    end 

  
    if  v1==v2 & v1>v3  
        if j>i 
        priority=2; 
        end 
    end 
    if  v1==v3 & v1>v2 
        if i>j 
        priority=1; 
        end 
    end 
back_trace1(trace_index,1)=row; 
back_trace1(trace_index,2)=col; 
back_trace1(trace_index,3)=final_matrix1(row,col); 
    if final_matrix1(i,col)>max_value | priority==2 
        max_value=final_matrix1(i,col); 
        z=1; 
        back_trace1(trace_index,1)=i; 
        back_trace1(trace_index,2)=col; 
        back_trace1(trace_index,3)=final_matrix1(i,col); 
    end     
    if final_matrix1(row,j)>max_value | priority==1 
        max_value=final_matrix1(row,j); 
        z=2; 
        back_trace1(trace_index,1)=row; 
        back_trace1(trace_index,2)=j; 
        back_trace1(trace_index,3)=final_matrix1(row,j); 
    end 
  trace_index=trace_index+1;   
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%---------------------------------------------- 
%Based on the path traced, align the sequences 
%---------------------------------------------- 

   
    if z==1 
        s1=strcat(s1,seq1(j)); 
        s2=strcat(s2,'-'); 
        j=col; 
    end 
    if z==2 
        s1=strcat(s1,'-'); 
        s2=strcat(s2,seq2(i)); 
        i=row; 
    end 
    if z==0 
        s1=strcat(s1,seq1(j)); 
        s2=strcat(s2,seq2(i)); 
        i=row; 
        j=col; 

         
    end 
    end 
end 
            if length(s1)<length(s2) 
               siz=length(s1); 
            else 
                siz=length(s2); 
            end 
diff_size=length(s1)-length(s2); 
 

%------------------------------------------------------------  
%Assigning scores 
%For every match in the two sequences add a score of 2;  
%For every mismatch subtract a score of 1 
%------------------------------------------------------------ 
  

score=0; 
            for jj=1:1:siz 
                if s1(jj)==s2(jj) 
                    score=score+2; 
                else 
                    score=score-1; 
                end 
            end 

  
            for index=1:1:trace_index-1 
                

back_trace1_fin(back_trace1(index,1),back_trace1(index,2))=back_t

race1(index,3); 
            end 
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%--------------- 
%Final Score    

%--------------- 

          
NW_score=score; 

    
end 

 

APPENDIX G: Smith-Waterman Algorithm Function 

 

%----------------------------------------------------------------

%----------------------------------------------------------------

%Deepti Pappusetty, Z23109480 
%Thesis – Bioinformatics-inspired Binary Image Correlation: 

%Application to Bio-/Medical-Images, Microarrays, Finger-prints 

%and Signature Classifications  
%Smith-Waterman Algorithm Function 
%----------------------------------------------------------------

%---------------------------------------------------------------- 

  
function [score] = SW(seq1,seq2,row1,row2,col1,col2) 
 

%--------------------------------------------------- 
%SW score for the two sequences 
%--------------------------------------------------- 
 

%------------------------  
%Creating Identity matrix   
%------------------------ 

 

values(1,1)=0; 
m=1; 

  
matrix=zeros(col2+1, col1+1); 
back_trace_fin=zeros(col2, col1); 
for i=1:1:col1 
    for j=1:1:col2 
        if seq1(i)== seq2(j)  
            matrix(j+1,i+1)=1; 
        end 
    end 
end 
 

 

%---------------------------------------------------------------  
%Populating the remaining cells in the matrix based on SW rules 
%First, populating cells diagonally to cells with value 1  
%based on SW rules  
%S(i,j) = S(i-1,j-1) + 1 : Award if there is a match 
%       = S(i-1,j-1) - 1/3 : Penalty for mismatch 
%---------------------------------------------------------------  
 

val_ind=1; 
values(1,1)=0; 
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for row=1:1:col2+1 
    for col=1:1:col1+1 
        if matrix(row,col)==1 
            jj=col; 
            values(val_ind,1)=row; 
            values(val_ind,2)=col; 
            val_ind=val_ind+1; 
            for ii=row+1:1:col2+1 
                if jj+1<=col1+1 
                jj=jj+1; 
                if matrix(ii,jj)==0 
                penal=penality(matrix(ii-1,jj-1)); 
                matrix(ii,jj)=matrix(ii-1,jj-1)-penal; 
                    if matrix(ii,jj)<=0 
                        matrix(ii,jj)=0; 
                    end 
                end 
                if matrix(ii,jj)==1 
                    matrix(ii,jj)=matrix(ii,jj)+matrix(ii-1,jj-

1); 
                end 
                end 
            end 
        end 
    end 
end 

  
%------------------------------------------------------------ 

%Second, perform the SW rules for cells with value 1 towards  
%horizontal and vertical cells based on following rule: 
%s(i,j+k) = s(i,j) – (1+(1/3) x k) 
%------------------------------------------------------------ 

  
for row=1:1:col2 
    for col=1:1:col1 
        if matrix(row,col)==1 
            b=col+1; 
            for a=row+1:1:col2+1 

             
            if b<=col1+1 
                flag=0; 
                cnt=1; 
                c=a; 
                while flag==0 
                    c=c+1; 
                    if c<=col2+1 

                         
                    if matrix(c,b)==0  
                        updated_val=matrix(a,b)-(1+(1/3)*cnt); 
                        updated_val=(round(updated_val*10))/10; 
                        updated_val=penalityl(matrix(c-

1,b),updated_val); 
                        if updated_val>=0 
                        matrix(c,b)=updated_val; 
                        else 
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                            flag=1; 
                        end 
                        cnt=cnt+1; 

                         
                    else 
                        flag=1; 
                    end 
                    else 
                        flag=1; 
                    end 
                end 

                 
                flag=0; 
                cnt=1; 
                c=b; 
                while flag==0 
                   c=c+1; 
                    if c<=col1+1  
                        if matrix(a,c)==0   
                            updated_val=matrix(a,b)-

(1+(1/3)*cnt); 
                            

updated_val=(round(updated_val*10))/10; 
                            updated_val=penalityl(matrix(a,c-

1),updated_val); 
                             if updated_val>=0 
                            matrix(a,c)=updated_val; 
                            else 
                                flag=1; 
                            end 
                            cnt=cnt+1; 
                            if matrix(a,c)<=0 
                                flag=1; 
                            end 
                        else 
                            flag=1; 
                        end 
                    else 
                        flag=1; 
                    end 
                end 
            end 
            b=b+1; 
            end 

             
        end 
    end 
end 
 

%------------------------------------------------------------  
%Storing the final matrix obtained into a new variable 
%------------------------------------------------------------ 

     
ii=1; 
for i=2:1:col2+1 
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    jj=1; 
    for j=2:1:col1+1 
    final_matrix(ii,jj)=matrix(i,j); 
    jj=jj+1; 
    end 
    ii=ii+1; 
end 
 

%------------------------------------------------------------  
%Find the row and column of the highest score 

%------------------------------------------------------------ 

fin_max_value=0; 
i=0; 
j=0; 
for ind11=1:1:col2 
    for ind22=1:1:col1 
        if final_matrix(ind11,ind22)>fin_max_value 
            fin_max_value=final_matrix(ind11,ind22); 
            i=ind11; 
            j=ind22; 
        end 
    end 
end 
  

%---------------------------------------------------------------- 

%Trace path from the highest cell value obtained in previous step 

%based on SW rules 
%---------------------------------------------------------------- 

  
if i~=0 & j~=0 
s1=' '; 
s2=' '; 
done=1; 
trace_index=1; 
back_trace(trace_index,1)=i; 
back_trace(trace_index,2)=j; 
back_trace(trace_index,3)=final_matrix(i,j); 
trace_index=trace_index+1; 
while done==1 
    row=i-1; 
    col=j-1; 

     
    priority=0; 

  
    if j==1 | i==1 
    s1=strcat(s1,seq1(j)); 
    s2=strcat(s2,seq2(i)); 
    done=0; 
    end 

             
    if done==1  
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%------------------------------------------------------------ 

%Finding the maximum value 
%Also assigning priorities if values come out to be same  
%------------------------------------------------------------ 

 
    max_value=final_matrix(row,col); 
    z=0; 
    v1=max_value; 
    v2=final_matrix(i,col); 
    v3=final_matrix(row,j); 
    if  v1==v2 & v1==v3  
        if i>j 
        priority=1; 

         
        end 

         
        if j>i 
        priority=2; 
        end 
    end 

  
    if  v1==v2 & v1>v3  
        if j>i 
        priority=2; 
        end 
    end 
    if  v1==v3 & v1>v2 
        if i>j 
        priority=1; 
        end 
    end 
back_trace(trace_index,1)=row; 
back_trace(trace_index,2)=col; 
back_trace(trace_index,3)=final_matrix(row,col); 

  
    if final_matrix(i,col)>max_value | priority==2 
        max_value=final_matrix(i,col); 
        z=1; 
        back_trace(trace_index,1)=i; 
        back_trace(trace_index,2)=col; 
        back_trace(trace_index,3)=final_matrix(i,col); 
    end     
    if final_matrix(row,j)>max_value | priority==1 
        max_value=final_matrix(row,j); 
        z=2; 
        back_trace(trace_index,1)=row; 
        back_trace(trace_index,2)=j; 
        back_trace(trace_index,3)=final_matrix(row,j); 
    end 
    if back_trace(trace_index,3)==0 
        done=1; 
    end  
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%------------------------------------------------------------ 

%Based on the path traced, align the sequences 

%------------------------------------------------------------ 

     
  trace_index=trace_index+1;   
    if z==1 
        s1=strcat(s1,seq1(j)); 
        s2=strcat(s2,'-'); 
        j=col; 

         
    end 
    if z==2 
        s1=strcat(s1,'-'); 
        s2=strcat(s2,seq2(i)); 
        i=row; 
    end 
    if z==0 
        s1=strcat(s1,seq1(j)); 
        s2=strcat(s2,seq2(i)); 
        i=row; 
        j=col; 

         
    end 
    if max_value==0 
        done=0; 
        break; 
    end 
    end 
end 
 

            if length(s1)<length(s2) 
               siz=length(s1); 
            else 
                siz=length(s2); 
            end 
diff_size=length(s1)-length(s2); 
 

%------------------------------------------------------------ 

%Assigning scores 
%For every match in the two sequences add a score of 2;  
%For every mismatch subtract a score of 1 
%------------------------------------------------------------ 

 
 score=0; 
            for jj=1:1:siz 
                if s1(jj)==s2(jj) 
                    score=score+2; 
                else 
                    score=score-1; 
                end 
            end 

             
            for index=1:1:trace_index-1 
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back_trace_fin(back_trace(index,1),back_trace(index,2))=back_trac

e(index,3); 
            end 

             
else 
    score=-1*col1; 
end 
end 

 

APPENDIX H: Penalty Function 1 

 

%----------------------------------------------------------------

%----------------------------------------------------------------

%Deepti Pappusetty, Z23109480 
%Thesis – Bioinformatics-inspired Binary Image Correlation: 

%Application to Bio-/Medical-Images, Microarrays, Finger-prints 

%and Signature Classifications 

%Penalty Function for SW algorithm 
%----------------------------------------------------------------

%---------------------------------------------------------------- 

  
function [y] = penality(x) 
mod_value=mod(x,1)*10; 
 if round(mod_value)==7 
     y=0.4; 
 else %if round(mod_value)==0 | round(mod_value)==3 
    y=0.3; 
 end 
end 
 

APPENDIX I: Penalty Function 2 

%----------------------------------------------------------------

%----------------------------------------------------------------

%Deepti Pappusetty, Z23109480 
%Thesis – Bioinformatics-inspired Binary Image Correlation: 

%Application to Bio-/Medical-Images, Microarrays, Finger-prints 

%and Signature Classifications 

%Penalty Function for SW algorithm 
%----------------------------------------------------------------

%---------------------------------------------------------------- 

 

function [y] = penalityl(last_val,x) 

  
mod_value=mod(x,1)*10; 
mod_last=mod(last_val,1)*10; 
if round(mod_value)==1 
     if round(mod_last)==3 
     y=x-0.1; 
     end 
elseif round(mod_value)==2 
     if round(mod_last)==3 
     y=x-0.2; 
     elseif round(mod_last)==7 



 118 

     y=x+0.1; 
     end 
elseif round(mod_value)==4 
     if round(mod_last)==7 
     y=x-0.1; 
     end 
elseif round(mod_value)==5 
     if round(mod_last)==0 
     y=x+0.2; 
     elseif round(mod_last)==7 
     y=x-0.2; 
     end 
elseif round(mod_value)==6 
     if round(mod_last)==0 
     y=x+0.1; 
     end 
elseif round(mod_value)==8 
     if round(mod_last)==0 
     y=x-0.1; 
     end 
elseif round(mod_value)==9 
     if round(mod_last)==0 
     y=x-0.2; 
     end 
else 
    y=x; 
end           

  
end 
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