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ABSTRACT 

Two-dimensional (2-0) digital signal processing is applied in many areas including digi­

tal image processing, medicine, geography, geology and robotics. In many of these appli­

cations 2-D linear, shift invariant (LSI) digital filte ring is used and it is desirable to be 

able to analyze all types of 2-D, LSI filters (finite-duration impulse response (FIR), infi­

nite-duration impulse response (IIR) and separable versions of both) and evaluate thei r 

performance by applying them to real images. Though many digital image processing 

(DIP) packages are available, they lack the capability for 2-D fi ltering beyond simple 

convolution. The work presented here describes an environment for developing DIP algo­

rithms with particular emphasis on the 2-D LSI d igital filtering applications. 

DEDIP, a Developmental Environment for Digital Image Processing, has been 

developed using the traditional two level programming approach. The low level is a C­

language software library of DIP and system management functions. The high level is a 

set of digital image processing and file management tools operating under UNIX. 

Through representation-dependent system management functions, the data and file struc­

tures are hidden. These functions perform access and modification, file input and output, 

and dynamic memory al location on an image which is treated as a single data object. 

This hides the details of the implementation from the programmer and forms the base of 

a hierarchical library. The library's top level of DIP functions, built using the system 

management functions, are data and file structure independent which enhances the porta­

bility, reusability and reliability of DEDIP. 

The DIP algorithms available in DEDIP can be grouped by the operation types of 

point, intensity and filter. Point operations such as negation and addition of two images 

are performed on individual pixels. Intensity operations include histogram equalization 

and linear contrast stretching that modify the histogram of an image. Filter operations 

include the appl ication of FIR, IIR, separable FIR and separable IIR filter coefficient 

masks to images as well as the analysis of filter mask characteristics which include the 

impulse, step, magnitude and phase responses, and the group delays. 



Abstract 111 

The capabilities of DEDIP for the implementation of 2-D LSI digital filters are 

demonstrated through examples of FIR lowpass, IlR lowpass and FIR fan filters, first 

directional-derivative edge-detection operators and the Laplacian of a Gaussian second­

derivative edge-detection operator. In each example the particular filter coefficient mask 

is analyzed, the filtering operation on a test image is pe1fo1med and the fi ltering result is 

discussed. 
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Chapter 1 

Introduction 

1.1 Introduction 

Digital image processing (DIP) is a rapidly expanding fie ld with applications found in 

many areas. In manufacturing, computer vision techniques are used to analyze images to 

obtain information such as visual flaws, visual measurements and features for object iden­

tification. This information is then used for purposes such as quality control, character 

recognition, part location, target identification and robotic navigation [ 1-3]. In diagnostic 

medicine, Computer-Aided Tomography (CAT), digital X-ray and ultrasound are familiar 

image processing applications [ 4-7] . Less familiar areas found in medical laboratories 

and research use image processing and pattern recognition to match and count blood 

cells from micrographs and for protein mo lecule identi fication from two-dimensional 

(2-D) electrophoresis gels [8-1 O]. In geography, earth mapping of mineral , crop and land 

resources through satell ite imagery techniques such as Synthetic Aperture Radar (SAR) 

construct very detailed information on the geographic distribution of resources from thei r 

optical and electro-magnetic properties [ l l -14]. Recent interest has been in global envi­

ronmental changes such as climatic variations and ozone depletion. In geology, seismic 

exploration uses acoustical techn iques to develop pseudo cross-sectional views of the 

earth 's geologic layers [ 15]. 

DIP research areas include digital fil ter design and implementation, visualization, 

image compression and seismic signal processing. In the performance of this research, 

tools for the development and evaluation of algorithms are required. The Developmental 

Environment for Digital Image Processing (DEDIP) was developed to provide a basic 

environment for DIP algorithm development. In section 1.2, this environment and some 

of the design criteria for DEDIP are presented. In section 1.3, 2-D digital filters and the 
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contribution of DEDIP to their application and analysis are introduced. An overview of 

this thesis is presented in section 1.4. 

1.2 DIP Algorithm Development Environments 

DIP algorithm development environments are generally composed of tools that provide 

the abi lity to manipulate images through predefined operations. Many such tools are 

available with capabilities that range from very detailed analysis of algorithms and their 

implementations to basic image manipulation. 

Digital image-processing algorithms can be developed using Computer Aided 

Design (CAD) systems [16-20]. Under a CAD system, DIP algorithm implementations 

can be evaluated in various combinations of hardware and software. Generally, CAD sys­

tems provide a framework that combines a database of algorithms and implementation 

parameters with a graphical environment to manipulate the database entities. Graphical 

block diagrams of DIP algorithms can be edited within a CAD framework. From this 

block diagram the algorithm can be evaluated through simulation. Using the block dia­

gram as an algorithm specification, an implementation in software such as computer gen­

erated-programs, or in hardware, such as Digital Signal Processing (DSP) processors or 

Very Large Scale Integrated (VLSI) chips, can be realized. The framework provides a 

common environment for analysis, simulation and implementation. 

The main disadvantage of CAD systems is that their cost is quite large in software 

as well as in computer system requi rements. A second disadvantage is that digital image 

processing through a simulation can be time-consuming as the algorithm is being evalu­

ated as well as the implementation. This can be minimized by configuring different lev­

els of analysis detail. Currently, CAD systems are not directly capable of DIP algorithm 

development since the development of a DIP algorithm database would be required. 

CAD systems are better suited to designing hardware implementations of DIP algorithms. 

The lack of DIP algorithm databases can be easily overcome by incrementally add­

ing algorithms as research progresses but the good overall benefit provided by a CAD 

system is offset by its cost. Many DIP software packages are available for general pur­

pose computers that provide different levels of capability at a reasonable cost [9, 10, 2 1-

34]. These applications have been developed for the narrow class of algorithms based on 

pixel manipulation which includes some digital image and graphical processing. As these 
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packages do not have the very general capabilities of a CAD system, they are much 

smaller, cost less and are easier to use. For these reasons DIP applications and packages 

are currently better suited for DIP algorithm development. 

1.2.1 Application User Interfaces 

The user interface plays an important role in the usability of a development environment. 

Application interfaces can generally be divided into two groups: menu-driven and inter­

preted [23]. The menu-driven interface provides a fixed number of options for the user to 

select from and is very useful to novice users because all available operations are dis­

played. Menu-driven inte rfaces can be graphical or textual. Some well known menu­

driven, Graphical User Interfaces (GUis) are X-Windows™, MicroSoft Windows™ and 

Apple Macintosh™. Gopher is an example of a textual menu-driven interface (35]. 

Menu-dri ven interfaces are the easiest to learn and use mechanism for a user to 

interface with a computer. One of the problems with menu-driven interfaces is that the 

number of displayed options is limited. Techniques used to increase the number of 

options are pulldown and popup menus and forms but many traversals through menu 

hierarchies may lead to frustration. As the human-computer relationship evolves, better 

metaphors for the interface will be found and users will become more familiar with com­

mon metaphors. 

Though menu-driven interfaces provide the easiest to learn interface, more experi­

enced users generally prefer an interpreted environment. An interpreted environment 

allows for a large number of options, avoiding the nested menus, at the cost of the user 

having to remember them as they are not displayed. Experienced users, through their 

experience, have learned the commands they most commonly use and prefer to skip the 

menu display step by going directly to the selection operation by entering the command. 

An interpreted environment can be implemented as a custom environment such as 

Matlab [36] or under the operating system's Command Line Interpreter (CLI). The CLI 

approach has been called a traditional, two-level approach to programming where the 

compiled libraries contain low-level programming and the programs are high-level pro­

gramming [2 1]. The low and high leve ls refer to the level of programming abstraction. 

The lower the level the greater the detail required in the program implementation. 
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This traditional approach using the CLI has the benefit over a custom interpreted 

environment in that the operating system provides basic mechanisms for handling errors, 

input and output (IO), file system structure, dynamical linking of new operations and 

hardware interfaces through device drivers. Also, software development tools such as 

compilers, debuggers and profile rs are readily available. A custom environment, whether 

interpreted or menu-driven, would be required to supply these tools or mechanisms to 

access the system operations. Though a custom environment would be required to supply 

these mechanisms, it has the advantage in that better mechanisms which are more rele­

vant to an environment's purpose could be included. 

1.2.2 Implementation Efficiency 

The design trade-offs for evaluating DIP algorithm implementations are test image size, 

programming ease and execution time for the implementation under evaluation. The effi­

ciency of implementation is based on the hardware capabilities available and the tuning 

of software to take the greatest advantage of them. Considering a general purpose com­

pute r, the most efficient use of hardware is an optimized and compiled program. A DIP 

algorithm researcher must balance these trade-offs to maximize research efficiency. 

The easiest to use development environment is an interpreter which allows pixel 

manipulation through basic high-level operations such as addition, subtraction, multipli­

cation, division, etc. It provides an easy to use interface for creating DIP algorithm imple­

mentations but at the expense of high execution time. Each basic operation has the 

overhead of being interpreted before it is executed. With small images an interpreter is 

fine for evaluating an algorithm and provides a quick implementation time. As the size of 

the test image gets larger, the overhead time contributed by interpreting adds consider­

able de lay between evaluation steps. Compiling the algorithm implementation makes its 

execution faster but the overall algorithm implementation time is increased by the compi­

lation time. 

In general using an interpreted language is good for small test images and for the 

testing of simple algorithms. Once these simple algorithms are developed they can be 

combined and compiled for faster execution. From the researcher's point of view, the 

extra overhead of compiling may not be as efficient and an interpreted environment may 

be better suited to algorithm deve lopment. The researcher must determjne if an inter­

preted or a compiled environment is more efficient depending on the computational com­

plexity and the test images used. 
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As DIP is very data intensive, DEDJP was developed based on a compiled environ­

ment to be used with real images of arbitrary size. With larger images obtained from 

frame grabbers and scanners, the compilation time is recovered through much faster exe­

cution. 

1.2.3 DEDIP 

DEDIP has been developed using the traditional, two-level approach to software develop­

ment. It is composed of a function library and a set of programs. This allows a DIP 

researcher to combine existing programs to process digital image data files from the CLI 

or add new functions and programs. The library and programs have been developed 

using structured programming techniques of modularity and information hiding to create 

a flexible, extensible, easy to use, and efficient environment. One method of applying 

modularity is functional abstraction where a fu nction is defined by its input and output 

parameters and its operation but not its implementation. Through information hiding, the 

programmer does not have direct access to the data structure [37-39]. Access to data 

structure fields is through an interface function. This allows file and data structures to be 

modified at a later date with minimal or no effect to existing programs while freeing the 

DIP developer from the details of the data structure implementation. 

These software design methods used in the development of DEDIP minimize the 

effect of changes on existing functions and programs and allow modular testing and vali­

dation of DIP algorithms. 

1.3 Digital Filters 

Digital filters are a common method of processing 2-D digital images which are com­

posed of signal and noise components. The signal component is the desired information 

which is composed of edges, textures and constant contrast regions. Noise component is 

any undesired features or effects in images. The purpose of fi ltering is to enhance the sig­

nal component and attenuate the noise component. 

A digital image is a 2-D discrete signal which can be represented by a frequency 

spectrum. Linear digital filtering achieves its purpose of enhancing the desired informa­

tion through the manipulation, modification and reshaping of the frequency spectrum of 
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a digital image (40]. To generalize, edges and sharp transitions in the intensity level of an 

image contribute heavily to the high frequency components of the image's frequency 

spectrum. Conversely, the constant intensity regions with slight variations in the intensity 

levels corresponds to the lower frequency components. 

Noise introduced in digital images by imaging transducers and transmission chan­

ne ls tends to be spatially independent (40]. The energy content of the noise is often con­

centrated at higher frequencies than the energy content of the image. Attenuating the 

high frequency components by lowpass filtering can therefore improve the image's 

appearance. 

DEDIP has basic linear fi lter algorithms in its library and programs. These algo­

rithms are software implementations of Finite-duration Impulse-Response (FIR) and Infi­

nite-duration Impulse-Response (UR) filtering and separable versions of both. The ability 

to analyze the filters using the frequency response, group delay, impulse response and 

step response has also been implemented. 

1.4 Organization 

This thesis presents the DEDIP system and its 2-D digital filte ring aspects. DEDIP has 

the ability to analyze filter coefficients and to apply them to real images which can be 

used in the course of research in 2-D digital filter realization. 

An overview of the DEDIP system is presented in chapter 2. Structured design tech­

niques and how they are used in DEDIP are briefly discussed. The description of the 

DEDIP system structure, data access techniques, functional library (low level), and pro­

grams (high level) follows. X-Windows programs for displaying images and for filter 

coefficient analysis are presented. 

In chapter 3, the theoretical background of 2-D digital filters through the descrip­

tion of basic 2-D signals and linear, shift-invariant systems properties is discussed. The 

convolution summation, transfer function and difference equations which are used to 

characterize 2-D FIR and 2-D IIR filters are described. Frequency response, group delay, 

impulse response and step response are also briefly described, as well as their contribu­

tion to understanding a filter's characteristics. 
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Examples of the DEDIP tools described in chapter 2 and 3 are presented in chapter 

4. The first example has a FIR and an IIR lowpass filter applied to a noisy image which 

shows the possibilities given by DEDIP for evaluating the performance of 2-D filters on 

real images. The fan filter's directional capabi lities are demonstrated and analyzed in the 

second example. The third and fourth examples demonstrate and analyze edge-detection 

operators. The third example considers the simple difference, Prewitt, Sobel and Rosen­

feld-Thurston first-derivative edge-detection operators. These operators, implemented as 

correlation templates, are analyzed and applied to a test image. The Laplacian of a Gauss­

ian operator is a second-derivative edge-detection operator which is implemented as a 

separable filter. 

The contribution of this thesis and the filtering and filter analysis capabilities of 

DEDIP are summarized in chapter 5. Future directions in the development and use of 

DEDIP are also discussed. 



Chapter2 

A Developmental Environment for 
Digital Image Processing: DEDIP 

2.1 Introduction 

8 

Digital Image Processing (DIP) involving real images is very data intensive and it is gen­

erally more efficient to test algorithms under a compiled development environment rather 

than an interpreted one. In addition, advanced programming techniques can be used to 

further enhance the efficiency of compiled implementations. These techniques, although 

easily understood by skilled programmers, can be very confusing for occasional or nov­

ice users. In an effort to reduce the complexity associated with these advanced program­

ming techniques, modern programming methods can be used to hide the detail s of these 

techniques . DEDIP was developed using such methods as modularity, structured pro­

gramming and information hiding to provide an environment for DIP algorithm develop­

ment. 

DEDIP is composed of DIP function libraries and a set of DIP programs [21]. This 

allows a DIP researcher to apply existing programs to process digital image data files 

from the CLI or to add new library functions and programs. The DIP programs are based 

on DIP library functions. The DIP library functions were developed using structured pro­

gramming methods and built with modules developed using information hiding to hide 

the detai l of the data structure implementation and access. 

An overview of the DEDIP system is presented in this chapter. The methods of 

modularity, structured programming and information hiding are briefly discussed in 

section 2.2. In section 2.3, the modular structure of DEDIP is presented. The low-level 

implementation-dependent system-management functions, the imaging-processing func-
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tions and the DEDIP programs are briefly presented. X-Windows applications for dis­

playing images and for analysis of 2-D digital fi lter coefficients are described m 

section 2.4. The significant features of DEDIP are summarized in section 2.5. 

2.2 Modularity and Structured Programming 

The understanding of complex systems is facilitated by using abstraction. Abstraction is 

the process of decomposing what is being studied into its major elements while ignoring 

the details [37, 38]. Modularity is a form of abstraction. A program can be decomposed 

into subprogram components called modules. The development of a program can be sim­

plified by designing, implementing and validating the modules independently. Under­

standing is improved by only having to understand the module being developed; not the 

details of the complete program. 

Generally a module is a collection of functions and data with a common goal [37]. 

A module has functions and data accessible within its scope and global functions provid­

ing external access to the module. In the following subsections, top-down design, bottom­

up design and information-hiding methods will be discussed. The top-down design 

method uses a narrow definition of a module as being a single function with data within 

the scope of the function. The bottom-up design and information hiding methods use the 

more general definition of a module as having related functions and data within the same 

module. 

In structured programming, constructs are defined and rules for applying them to 

produce blocks of code that are easier to understand are given [37-39, 41 ]. Thus novice 

and occasional users can review the code block and the logic used. The three constructs 

of sequence, selection and repetition provide the basic structure elements and are used in 

such a way that each construct has one entry and one exit point. 

Applying structured programming constructs and rules to a program allows it to be 

viewed as a collection of modules each with one starting and one ending point. A very 

clear path of control flow can be followed into and out of a module, making each module 

easier to understand. 

2.2.1 Top-Down Design 

A systematic method for translating the abstract description of the problem into a pro­

gram structure is required. One method, known as top-down design or functional decom-



position, is a good example of software abstraction and the ease of understanding that 

results [37, 38]. 

The top-down method first constructs an abstract description of the overall prob­

lem. Next, this description is decomposed into its major components. Each major compo­

nent is defined as a function. The decomposition process continues until a function of 

appropriate detail is reached. The detail will be such that the function will be easily 

understood in terms of the programming language primitives o r the operating system's 

library functions. 

Different metrics are used to define "appropriate detail." One is an arbitrary num­

ber of lines of code while another is to use quantitative measures of software complexity 

such as cyclomatic complexity measure of McCabe [37]. Through abstraction, the detail 

of a function can be reduced by defining it in terms of other functions. With the mecha­

nism and operation of the sub-functions known, the function being studied can be under­

stood in terms of the sub-functions. 

Top-down design realizes the structured programming rules of single entry and exit 

points inherently through the function-call ing mechanism. 

2.2.2 Bottom-Up Design 

Bottom-up design is based on the observation that some lower-level functions per­

form the same or similar purpose [38]. This alternative design method starts by consider­

ing the low-level primitives and building software layers to provide common interface 

functions for access by higher-level modules. An example of a bottom-up design is a link­

list manipulation library. T he link-list data structure and basic functions that operate on it 

are defined within the module. The common interface functions can then be used in a top­

down program design as programming primitives. Bottom-up design is generally used in 

the development of libraries with interface functions accessing implementation depen­

dent features. 

The bottom-up design method is very effective in isolating hardware and software 

implementation detail through an interface library. With an interface library, execution of 

the operation requires knowledge of the interface function's calling parameters and its 

functionality but not its implementation details. T he implementation can be in software, 

or special-purpose hardware for better performance, but the result of executing the func­

tion is the same in either case. Through a standard interface mechanism, independence 
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between the algorithm software and its special purpose implementation requirements can 

be made. 

2.2.3 Information Hiding 

Information hiding is the basis for a very powerful software development technique [37, 

38]. Data abstraction groups data fields into a single data structure and functional abstrac­

tion describes the mechanism and the functionality of an operation without implementa­

tion details. Information hiding combines these two methods. For a data structure , 

information hiding encapsulates it and functions for its access and modification in the 

same module [38]. The encapsulated data can not be directly accessed. Only through the 

associated functions can the data be accessed or modified. 

Programs developed using information hiding can be reused through many differ­

ent data representations and hardware systems. It is a simple matter to change the data 

representation and functional implementation to a new format while maintaining the same 

higher level functional interface mechanism. Therefore, the reusability, portability, main­

tainability and performance of the higher level functions and the program are improved 

[37, 38). 

An example of the usefulness of information hiding in image processing is through 

the use of different data structures. The most common and general purpose representa­

tion of image data for a rectangular two-dimensional array of intensity levels is called an 

iconic image. Alternative image data structures that use linked lists of pixel sub-groups 

have been investigated [32) and shown to increase processing speed and reduced data 

storage requirements. By grouping the data into a data structure that represents the image 

and by restricting data access to functions associated with the data structure, information 

hiding can be used to provide a common access mechanism for obtaining information 

about the image. The actual data structure is never accessed directly by the programmer. 

Higher level modules that use this common access mechanism to implement algorithms 

can use the same implementation for different image representations. 

2.2.4 Structured Programming in DEDIP 

DEDIP was developed using a meet in the middle program design method [38]. Data 

structures using information hiding and system management functions were developed 

using the bottom-up design method. This provided a basic library from which a basic set 

of DIP application tools were developed using top-down design. The DIP tools were 
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designed to parallel the DIP library functions with simi lar parameter lists and functional­

ity. Multiple DIP tools can be applied to an image as a sequence for quick evaluation of 

an algorithmic combination. Later, the combination could easily be converted to a single 

application using the mirroring of the DIP tools and library functions. The DEDIP sys­

tem is described in more detail in the following section. 

2.3 DEDIP System 

The DEDIP system uses the UNIX CLI at the high level and the C programming lan­

guage at the lower level. This combination was not so much selected as it was the avail­

able development environment. Even so this combination provides a good general 

development environment. 

The UNIX operating system provides mechanisms for error handling, file and 

device IO, virtual memory, and adding new programs as well as a rich set of software 

development tools (42,43]. Uniform file handling provides a common interface mecha­

nism to files, devices and interprocess communications where each is considered a data 

stream of sequential information. Virtual memory is another UNIX feature that allows 

storage space on a hard disk drive to be used as an extension to the main computer mem­

ory. The virtual memory allows images much larger than the main memory to be pro­

cessed at a much lower cost than having the equivalent amount of main memory. These 

features make UNIX a good choice for a general purpose DIP development environment. 

A UNIX CLI is csh (C-she ll) which provides the user with mechanisms to 

sequence, start, stop and suspend a program's execution. The csh redirection operators 

are the basis for two important concepts of the UNIX fi lter and stream redirection. UNIX 

utility programs (called tools) are designed as simple transformations. The UNIX filter 

and stream redirection concepts can be used to sequence simple DIP tools to perform a 

more complicated algorithm. If the sequence performs adequately it can be translated to 

a compiled tool for faster, more efficient execution. 

DEDIP uses the mechanisms provided by the C programming language for defin­

ing functions and data structures, creating new data types and manipulating memory to 

implement new data types representing a digital image and for defining functions to oper­

ate on them. The access to information with the new data types is restricted through func­

tion-like mechanisms resulting rn data representation-independent algorithm 

implementations. 
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Figure 2.1 DEDIP system management functional hierarchy. 

The UNIX operating system and C programming language provide very useful fea­

tures and mechanisms required for a general DIP algorithm development environment. 

DEDIP uses these features to develop an environment based on a hierarchical , modular 

design structure as shown in figure 2. 1. The applications are DIP programs and functions 

which are developed using the system management function modules of data structure 

access, file input and output (IO) and memory allocation. 

In the following sections the syste m management functions, the DIP functions and 

the DIP tools are described. 

2.3.1 DEDIP System Management Functions 

The system management functions which form the base of the library hierarchy are 

divided into three modules shown in figure 2.1. The access to data structure fields is 

restricted to being through special macros resulting in data structure independence. The 

macros are used for maximum speed through direct substitution e liminating the function 

call overhead. The access mechanisms not only ensure data structure independence but 

they also shield the user from data representation details. 

Similarly, file structure access is through the IO module functions which provide 

access to image data stored in files as a single data object. These IO functions transfer 

image data between a file and an encapsulated data structure. This allows the data fi le 

structure to be independent of its use and hidden by the data structure access functions. 
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The file format is a custom one developed for DEDIP. This format can be changed with 

no effect on the DIP functions. The IO modules would require modification for a new for­

mat but the algorithms would be unaffected. The specific fi le format is unimportant. 

Also, with the UNIX's uniform file handling, the "fi le" could be a fi le, an interprocess 

stream, a frame buffer hardware or some other special purpose hardware. The higher lev­

els of functional abstraction are independent of the data structure demonstrating 

DEDIP's changeability, reusability, maintainability, portability and ease of use. 

Memory management functions simplify the allocation of memory arrays. They are 

used by the IO functions and use the data structure access macros to maintain data struc­

ture independence. System management functions provide a standard interface mecha­

nisms that form the basis of an extensible system. 

2.3.1.1 Data Representation and Access 

DEDIP uses information hiding to define and access aggregate data types of IMAGE, 

REAL_2D and COMPLEX_2D which represent 2-D 8-bit unsigned integer arrays, 2-D 

floating point arrays and 2-D complex floating point arrays, respectively. These aggre­

gate data types are C structures that are an abstract representation of the image or array 

and include pointers to dynamically allocated memory for the image or array e lements. 

Macros have been defined to access these new data types. These macros add a level of 

data abstraction that have two main advantages: data representation independence and 

ease of user interface. 

The data structure fields can be accessed only within the scope of its access mac­

ros. Data representation independence allows the actual representation of the data to be 

changed with little or no effect on the higher level library functions or the tools. In the 

worst case, the function library and tools would need recompiling. In this situation, the 

source code of the functions and tools is reused easily after major changes to the data rep­

resentation. This makes programming more manageable by hiding the complexity of C 

data structure access. 

The use of pointers and dynamic memory al location can be very complex and con­

fusing. The data access macros release the occasional user from this encumbrance by hid­

ing the complexity of the data structure, indirection and pointer arithmetic. 

Possible problems exist with the use of macros. Type checking is performed after 

the macro substitutions which can result in errors caused by type mismatches and incor-
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rect operation where the automatic type conversion does not perform correctly. Inline 

functions with more rigorous type checking would be a better mechanism but are cur­

rently compiler dependent. 

The access macros are divided into four groups: public header access, private 

header access, getting array element values and setting array element values. The public 

header access group allows access to general information about the data structures. Some 

basic access operations are shown in table 2.1 where the type OBJECT denotes any one 

of the three abstract types. With changes to a data structure, the public data access mac­

ros maintain their functionality and data integrity. 

WidthOf() 

HeightOf() 

DataTypeOf() 

DepthOf() 

return the width of the OBJECT 

return the height of the OBJECT 

return the OBJECT type of IMAGE, REAL_2D or 
COMPLEX_2D 

return the depth of an image or 
precision of floating point array element in bits 

Table 2.1 Public header access macros. 

T he private header access macros are primarily used to set header parameters. They 

are considered volatile because data structure changes may not maintain the functionality 

and data integrity of these macros. The private header access macros are used for imple­

mentation-dependent data structure access such as obtaining pointers to data fields or set­

ting private structure fields with information about the structure, which should not 

normally be under user control. The meaning of a returned pointer can change with differ­

ent implementations so caution must be observed when private header access macros are 

used. 

The get and set array access macros are used to manipulate the array e lements. The get 

access macros are listed in table 2.2. There are corresponding set access macros where 

Get is substituted with Set and the operation sets the element value. 

GetMappedPixel() 

GetRea12dEntry() 

GetComplex2dEntry() 

get an element value from an IMAGE array 

get an element value from an REAL_2D array 

get a complex element value 
from a COMPLEX_2D array 

Table 2.2 Get array access macros. 



GetMagnitudeComplex2dEntry() get the magnitude of a complex element value 
from a COMPLEX_2D array 

GetPhaseComplex2dEntry() 

GetRealComplex2dEntry() 

get the phase of a complex element value 
from a COMPLEX_2D array 

get the real part of a complex element value 
from a COMPLEX_2D array 

GetlmaginaryComplex2dEntry() get the imaginary part of a complex element value 
from a COMPLEX_2D array 

Table 2.2 (Continued) Get array access macros. 

2.3.1.2 File Input and Output 
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The fi le IO func tions perform reading and writi ng of complete data structu res. The 

header and data information 10 are handled by low level functions not available to the 

user. There are five user IO functions for each array type of IMAGE, REAL_2D and 

COMPLEX_2D shown in table 2.3. 

DReadlmage() 
DReadReal2d() 
DReadComplex2d() 

DWritelmage() 
DWriteReal2d() 
DWriteComplex2d() 

DLoadlmage() 
DLoadRea12d() 
DLoadComplex2d() 

DSavelmage() 
DSaveReal2d() 
DSaveComplex2d() 

DPrintlmage() 
DPrintReal2d() 
DPrintComplex2d() 

read an OBJECT from a FlLE pointer 

write an OBJECT lo a FILE pointer 

read an OBJECT from a string file name 

write OBJECT to a string fi le name in binary format 

write OBJECT to a string fi le name in ASCII format 

Table 2.3 Input/Output functions. 

The read and write functions operate on a fi le referenced by a C language FILE 

pointer. The load, save and print functions reference the fi le by the name of the fi le. The 

input functions read and load a lso can obtain data from fi les compressed by the UNIX 

compress program which reduces file size using lossless Lempel-Ziv data compression. 

The purpose of these functions is to bundle the IO of images and arrays into one step 

operations on a single data object. 
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2.3.1.3 Memory Allocation 

The memory management functions continue the single data object concept and intro­

duce dynamfo memory control to DEDIP. A complete data structure with an array of the 

specified width and height can be allocated with a single function call. Table 2.4 lists the 

memory management functions that allocate and deallocate (free) memory. 

DAllocl mage() 
DAllocReal2d() 
DAllocComplex2d() 

DFreeimage() 
DFreeReal2d() 
DFreeComplex2d() 

allocate memory for an OBJECT 

free memory allocated for an OBJECT 

Table 2.4 Memory allocation functions. 

2.3.2 DEDIP Digital Image Processing Functions 

The DIP functions are divided into five categories based on processing classifications of 

point, intensity, filtering, utility and data conversion operations. 

Point operations are performed on a single pixel or entry where no dependency 

exists with neighboring values. Table 2.5 lists the point operations. 

DAndimage() 

DOrimage() 

DXorlmage() 

DAddlmage() 

DNegateimage() 

DScaleReal2d() 

logically AND two images 

logically OR two images 

logically XOR two images 

ADD two images with overflow and underflow truncation 

Negate the pixels of an images 

Scale and Offset the entries of a REAL_2D array 

Table 2.5 Basic image point operations. 

Intensity operations could be considered a form of point operation. But, they are 

often based on the image's probability density function (histogram). Intensity operations 

modify an image through adjustment of its intensity levels. Table 2.6 lists the intensity 

operations. 

DLinearContrastStretch() linearly stretch the pixel intensity within specified limits 

DThresholdimage() threshold a greyscale image into a monochrome image 

Table 2.6 Intensity operations. 
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DHistogramEqualization() make the cumulative density function 
of an image histogram approximate unity 

Table 2.6 (Continued) Intensity operations. 

Filter operations are neighborhood spatial algorithms. Each pixel or array entry in 

the result depends on a neighborhood in the input array. Four filtering algorithms of 

finite-duration impulse response, infinite-duration impulse response, separable finite­

duration impulse response and separable infinite-duration impulse response have been 

implemented. Special subtypes of the REAL_2D data type have been added for four fil­

ter coefficients array types shown in table 2. 7. 

FIR 

IIR 

SFIR 

SIIR 

finite-duration impulse response filter mask 

infinite-duration impulse response filter mask 

separable finite-duration impulse response fi lter mask 

separable infinite-duration impulse response filter mask 

Table 2.7 Filter mask types. 

The weighted averaging of an image with the weights provided in a REAL_2D 

array has also been implemented. The array is assumed to have odd dimensions for an 

operation about the referenced point. This allows uniform neighborhood processing 

about the reference point. 

The frequency response, group delay, impulse and step responses for all fi lter mask 

types can be performed. Table 2.8 lists filtering and analysis functions. 

DWeightedAverageReal2d() 

DBoundaryCondition() 

DFilterReal2d() 

DFrequency Response() 

DGroupDelay() 

DlmpulseResponse() 

DStepResponse() 

perform spatial averaging. 

convert an image to a REAL_2D array and 
add boundary conditions for filtering 

perform FIR, llR, SFIR or SIIR fi ltering 
on a REAL_2D array 

calculate frequency response of filter mask 

calculate the group delay of a filter mask 

calculate the impulse response of a fi lter mask 

calculate the step response of a filter mask 

Table 2.8 Fi lter Operations and analysis. 

Utility functions providing general operations such as partitioning and magnifying 

an image are listed in table 2.9 



Dinterpolatelmage() 

DMagnify Image() 

DPixelReplicate() 

DPartitionlmage() 

DPartitionReal2d() 

DSubSamplelmage() 

DCopylmage() 

DRotatelmage() 

magnify an image to a specified height and width using 
interpolation 

magni fy an image by a scale factor and aspect ratio using 
interpolation 

magnify an image by pixel replication 

partition (crop) an image into a smaller image 

partition an array into smaller array 

reduce the image by averaging of fou r pixels 

copy an image (or part of) onto another image 

rotate an image clockwise by 90 degrees 

Table 2.9 Utility functions. 
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Conversion functions provide the translation from one type of array to another. 

They have been provided primarily for file type conversion between the program tools. 

2.3.3 DEDIP Digital Image Processing Tools 

The DEDIP tools are DIP programs that use the UNIX fi lter concept. The filter transfor­

mations are basic DIP operations that m irror the functions described in the DEDIP 

library. When a program is executed under the csh CLI, defau lt file streams of stdin for 

input, stdout for output and stderr for errors are opened. 

If command line execution flags that specify the image or mask files to be used are 

not found then the input is looked for on stdin file stream. Other flagged parameters have 

internal default values. 

The tool command line options have the same parameters as the functions. The 

exception to this are the output and verbose flags which are used to specify the output file 

name and to display extra comments on stderr during execution , respectively. Normally, 

the tools do not display any information during execution. 

All tools display a usage message following incorrect command line options. The 

usage message for the histogram equalization tool is: 

DEDIP: DHistogramEqualization [options) 
- i input input image file 
-o outfile : output image file 
-v : verbose 

The implementation of tools should be performed using a consistent four step pro-

cess. The tool should only I) process the command line flags, 2) read the required input 



20 

files, 3) call the DEDIP function and 4) store the output. The function called in step 3) 

should have the same name and functionality as the tool for the purpose of mirroring at 

the two interface levels. The development of new tools is simplified by copying an exist­

ing tool and slightly modifying it to reflect the command line flags, inputs and outputs. 

The algorithm development should be performed in the mirrored function. This tech­

nique simplifies the development overhead for a tool as well as develops a new function 

that can later be placed in the library. 

2.4 X-Window Applications 

The DEDIP X-Windows applications consists of two tools for interactively displaying 

images and filter analysis. DXDisplay is an image display tool which can also perform 

some basic interactive operations. DXFilterAnalysis is an interactive tool for obtaining 

the frequency, group delay, impulse and step responses for a 2-D filter mask. 

X-Windows is a networked, graphical user interface working as part of a net­

worked computing environment. Two basic computer environment operations are start­

ing applications and accessing data files. In the following, some mechanisms for these 

operations, their problems and how the DEDIP X-Windows applications have worked 

around them are discussed. 

Application Execution 

With textual inte rfaces, applications are started by specifying the name of an executable 

file on the command line. The X-Windows system can be used as an extension to a tex­

tual interface terminal, with the ability of having multiple terminals on the same display. 

Each terminal window can be accessing a different directory and running different pro­

grams on different computers. When the X-Windows GUI is used in this way, applica­

tions can be started in the traditional method of textual interfaces. 

More user friendly interfaces can be developed using GUI techniques of popup 

menus, menu bars and form windows [44, 45]. A service program running under X-Win­

dows, called a window manager, is used to control the size and position of windows on a 

screen background called the root window. The window manager has features that allow 

the mouse button actions in the root window to be defined by the user. Through the use 

of popup menus, predefined commands can be executed by the window manager to pro­

vide a simple, easy to implement method of starting applications. 
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Default File IO 

Using a window manager to start application execution has some side effects with 

respect to default file IO of UNIX. Under UNIX, stdin, stdout and stderr file IO streams 

are defined when any program is executed. Under a window manager, applications are 

still executed under UNIX but stdin, stdout and stderr have different meanings. When 

using a textual interface, such as the csh shell, the default file IO can be used normally. 

When an X application is executed from a window manager the stdin has effectively no 

meaning. The application must supply the input from graphical mechanisms such as text 

entry forms, buttons, selection lists, etc. 

Another problem not encountered with a textual interface is input context or focus. 

With the ability to have many appl ications on a display, which application is receiving the 

input from the keyboard? In general the window manager uses one of two methods con­

trolled by the mouse. With the "point and click" method the mouse is placed on the appli­

cation and a mouse button is clicked to give the application focus for keyboard input. 

The second method sets the focus by the positioning the mouse on the application or in a 

particular region of the application being displayed. 

Messages printed on stdout and stderr are displayed in the window manager's con­

sole, logged to a fi le or just discarded. A popup dialog window must be used as an equiv­

alent to stdout and stderr to display messages from the application. The application 

programs must control the file IO. 

File Locating 

Locating data files under a window manager is also a problem. The CLI environment has 

a current directory associated with it which can be change with the "cd" ( change direc­

tory) command. Using multiple terminal windows, each window may have its own cur­

rent directory. Usually, the directory that the window manager is started in is the current 

directory for applications started by it. 

There are different solutions to this problem. The solution used by the DEDIP X­

Windows applications uses a filtered, selectable list of available files. Figure 2.2-a shows 

files of type IMAGE found in the directory "/jacob/a/imaging/Dedip/src/X/DXDisplay". 

Clicking the mouse on a fi le's name will select the image file and continue execution of 

the application. 

The names with the suffix "f' indicates a directory and " . ./" indicates the parent 

directory. Selecting a directory will change the current directory to the one selected and 
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displays a list of the IMAGE type files and directories in the new current directory as dis­

played in figure 2.2-b. 

An alternative directory selection method is direct text entry. The top line display­

ing the directory listed can be clicked on by the mouse to popup a direct entry text win­

dow shown in figure 2.2-c that can change the current directory. Accepting the text entry 

changes the current di rectory and lists the IMAGE type files and directories from the 

new directory. 

Mixed Textual and Graphics Interfaces 

With the restrictions on the default IO, UNIX pipe-line sequencing techniques used by 

DEDIP are not available under a window manager. An alternate to using a fu ll GUI 

would be to use a mix of textual and graphical user interfaces. The multiple text win­

dows available under X-Windows can be used to edit, compile, execute and sequence 

programs using the csh pipeline techniques with image display and surface plotting 

under the GUI. The GUI can facilitate image display and surface plotting. 

2.4.1 DXDisplay 

DXDisplay has command line options used to specify an input image file. If the specified 

file is not found or no input file option given, the method described in "File Locating" on 

page 2 1 and shown in figure 2.2 will be used to get the input image file name. 

DXDisplay can perform a few basic, interactive operations such as: compute and 

display the image's histogram, histogram equalization, negation, 3x3 smoothing (averag­

ing), rotation, halftone, magnification by pixel replication, 2x2 sub-sample, redisplay the 

original image and save the currently displayed image. These operations are very simple 

and minor image enhancement operations that can be completed fairly quickly for quali­

tative, interactive evaluation. 

The operations menu shown in figure 2.3-a is selected by pressing the left mouse 

button anywhere on the displayed image. The mouse can be dragged down the menu to 

select the desired operation being highlighted. Figure 2.3-b shows the histogram window 

displayed by the histogram operation. This window remains open and is updated fo r any 

changes to the image due to another operation. The menu operations are performed on 

the currently displayed image. 

Interactive partitioning can be performed by pressing the middle mouse button and 

dragging a rubberband box that defines the region to be partitioned. The partition win­

dow is popped up to display the offset and size as the rubberband box changes. When the 
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button is re leased the box size is defined. The partitioning is performed after selecting the 

OK button. Figure 2.4-a shows the partition window and the box after the button is 

released. Figure 2.4-b shows the result of the partitioning. 

2.4.2 DXFilter Analysis 

DXFilte rAnalysis provides a GUI to DEDIP filter analysis functions. It uses a form win­

dow to interactively set analysis parameters and control execution and termination of 

each of the analysis functions. The DEDIP analysis functions are DFrequencyResponse, 

DGroupDelay, DimpulseResponse and DStepResponse. 

DXFilterAnalysis uses the directory search described above to fi nd the filter mask 

for analysis. Only REAL_2D DEDIP data files representing fi lter or cross-correlation 

masks will appear in the directory window. When the first input mask is found, the 

parameter form window shown in figure 2.5-a is displayed. The parameter fields shown 

as grey boxes are editable windows. 

DFrequencyResponse function is initiated by selecting the Frequency Response 

option and calculates the magnitude and phase responses in the w1 and Ct½ directions 

between the specified frequency limits. 

DGroupDelay function is initiated by selecting the Group Delay option and caJcu­

lates the group delays in the w1 and Ct½ directions between the specified frequency limits. 

DimpulseResponse function is initiated by selecting the Impulse Response option 

and calculates the impulse response for the number of samples specified by the plot grid 

size. 

DStepResponse function is initiated by selecting the Step Response option and cal­

culates the step response for the number of samples specified by the plot grid size. 

The "X" to the right of each function selection button is a termination button. It is 

insensitive until the function is selected. Once selected the function selection button 

becomes insensitive and the "X" becomes active. The acti ve "X" is used for early termi­

nation of the execution of the selected analysis. Multiple analyses can be run and con­

trolled simultaneously. 

The responses are plotted directly to the X-Windows display using DXP1ot3D as 

shown in figure 2.5-b. DXPlot3D plots a DEDIP REAL_2D fi le format as a surface with 

hidden line removal based on the program plot3 [46]. DXPlot3D allows interactive view­

point changes to be observed. 
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2.5 Summary 

The Developmental Environment for Digital Image Processing (DEDIP) system is a flexi­

ble, extensible and easy to use programming environment for the development of DIP 

software. It has been designed using structured design principles with two levels of user 

interface. The low level is a C-language software library of digital image processing and 

system management functions. The high level is a set of digital image processing and file 

management tools operating under UNIX. 

Modular design and data encapsulation methods are powerful structured design 

techniques. The application of these techniques is used to enhance the portability, reus­

ability and reliability of the DEDIP system through representation-dependent system­

management functions that hide the data and file structure representations. The hierarchi­

cal design has DIP functions built on these system-management functions for representa­

tion-independent algorithm implementation. 

DIP algorithm development can proceed from either user interface level. At the 

high level, tools are used to operate on data files. Algorithm control is through intermedi­

ate files or the concatenation of multiple tools to form a desired algorithmic sequence. 

The low level uses the C programming language to implement a modular and hierarchi­

cal library composed of data and file structure dependent system management functions 

and data representation independent DIP operation functions. The syntax for the two lev­

els are different. To ease transition of new algorithms from the high to the low levels, the 

tools and functions are mirrored. For an operation, the name and functionality are the 

same for both levels and the tool's command line flags are the same as the function's 

parameter list. 

X-Windows applications have been developed for DEDIP at the high level. The X­

Windows system is used to implement image display and surface plotting features. A tool 

for displaying images, DXDisplay, and a tool for analyzing 2-D filter masks, DXFilter­

Analysis, are the currently available DEDIP X-Windows applications tools. 

With the data representation independence and hierarchical library design the 

DEDIP system and the DEDIP X-Windows applications constitute an extensible soft­

ware library and easy-to-use environment to develop tools, and to test and evaluate digital 

image-processing algorithms. 
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Chapter3 

2-D Digital Filters 

3.1 Introduction 

2-D digital fi ltering is used in many 2-D signal processing applications. 2-D discrete sys­

tem theory including 2-D digital fi lters has evolved from 1-D discrete system theory 

[47]. Discrete systems have proved to be a very powerful and flexible tool for signal pro­

cessing. This chapter presents an overview of 2-D discrete systems, 2-D digital filtering 

[40, 48-50], and their implementation in DEDIP. 

In signal processing, a signal is generally considered to be composed of two compo­

nents: information and noise. Filtering is applied to a signal to attenuate the noise compo­

nent, thereby enhancing the information component. There are various kinds of filters 

that are generally grouped into categories of linear and non-linear fi lters. There are also 

various kinds of noise which degrade 2-D signals differently [51] and require different 

types of fi lters to improve the information component of the signal. The linear filter the­

ory is better understood and several design methods for linear filters exist. The 2-D fi lter­

ing options available in DEDIP are linear, shift invariant (LSI) filters which perform well 

for the attenuation of additive noise. 

The theoretical background of 2-D LSI digital fi lters is briefly discussed in 

section 3.2. Fundamental properties of 2-D discrete systems are defined and used to 

present the 2-D convolution summation which is the basis for understanding LSI fi lters. 

There are two types of 2-D LSI digital filters, nonrecursive and recursive. Special 

cases of nonrecursive and recursive 2-D digital filters that are separable can be used to 

realize a computationally more e fficient implementation. Each of these four characteriza­

tions of 2-D digital filters are described in section 3.3. Each implementation's transfer 
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function and difference equation are defined and special features are discussed, followed 

by the description of the DEDIP 2-D digital filter interface and implementation. 

In section 3.4, techniques for analyzing 2-D digital filters in the spatial and fre­

quency domains are described. The DEDIP programs and functions that implement these 

filter analysis methods are described. 

3.2 Background Theory 

Digital image processing is performed by a 2-D discrete system where a 2-D discrete 

input s ignal , x(n1, n2), is mapped to a 2-D discrete output signal, y(nJ, n2), by the system. 

Equation 3.1 shows this re lationship in mathematical notation where the operator T[ •] 

represents the mapping rules. 

(3.1 ) 

This notation is applicable to linear and nonlinear systems. A system's properties 

categorizes it as linear or nonlinear. This section defines some important properties for 2-

D s ignals and LSI systems. 

3.2.1 2-D Discrete Signal Properties 

A 2-D discrete s ignal, x, is a function of two independent integer variables, n1 and n2, as 

defined in equation 3.2 

(3.2) 

where the notation x(n1,n2) represents the value of x at the point (n1,n2). The independent 

integer variables, n I and n2, are spatial indices to the function x . 

For example, a seismic signal is composed of spatially discrete acoustic transpon­

ders that sample an acoustic s ignal. The n I index represents the transponder location and 

the n2 index is the time domain sample number. The discrete signal is represented by 

x(n 1,n2T) where Tis the sampling period for acoustic signal having the units of seconds. 

3.2.1.1 Regions of Support 

The fin ite-extent 2-D discrete s ignal is an important 2-D signal class. A finite-extent 2-D 

signal has a finite region outside of which all samples are zero. This is called the region of 

support. The basic definition of 2-D discrete signal in equation 3.2 extends to infinity. In 

practice, many 2-D discrete signals have a finite region of support. For example, an image 
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has a fixed number of pixels in the hori zontal and vertical dime nsions; the region not 

included in the defined image is outside the region of support and assumed to be zero. 

A common practice is to describe the region of support based on the graph quad­

rant. First quadrant support is the most common found in signals and systems and is 

defined in equation 3.3 . The next most common is the four quadrant support defined in 

equation 3.4. Half-plane support is also found with right half-plane support defined in 

equation 3.5. 

x = {x(n1,n2)1 Os;n 1 <N1; Os;n2 <N2} 

x = {x (nl, n2) I - N, a s; n, < N, b; - N2a s; n2 < N2b } 

x = {x(n1,n2) I Os;n1 <NI; -N2as;n2<N2b} 

3.2.1.2 Elementary 2-D Discrete Signals 

(3 .3) 

(3 .4) 

(3.5) 

The 2-D discrete impulse signal is defined in equation 3.6. This e leme ntary signal is 

quite important for derivation of the convolution summation which is the basis of linear 

system design. The impulse response is also used in spatial-domain analysis which will 

be discussed later. 

for n 1 = n2 = 0 

otherwise 
(3 .6) 

The unit step, defined in equation 3.7, has first quadrant support and is also used in 

spatial-domain analysis. 

for n 1 ~ 0 and n2 ~ 0 

otherwise 
(3 .7) 

An interesting property of both elementary s ignals is that they are separable as 

shown in equations 3.8 and 3.9. 

where 

for n = 0 

otherwise 

(3.8) 
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3.2.2 2-D Discrete Systems 

fo r n ~ 0 

otherwise 
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(3.9) 

In studying complex systems, it is often necessary to restrict them to a special class hav­

ing certain fundamental properties that allow the complexity to be reduced. The proper­

ties of linearity, shift invariance, causality and stability are fundamental properties that 

are used to limit the class of systems under consideration. A system with these properties 

is mathematically tractable wh ile still exhibiting some interesting behavior. These proper­

ties are defined and their use in the structuring of systems is discussed through the defini­

tion of the convolution summation. 

3.2.2.1 Linearity 

A 2-D d iscrete system is linear if it satisfies the two conditions of homogeneity and addi­

tivity. A discrete system, L[• ], is linear if for given two sequences, x j(n 1, n2) and 

xi(n1, n2), and if 

then 

(3 .10) 

for all possible values of a and b, otherwise it is nonlinear. 

3.2.2.2 Shift Invariance 

A 2-D discrete system is shift invariant if for a g iven shift in the input sequence, 

x(nJ, n2), there is a corresponding shift in the output sequence, y(n1, n2). Given a system 

then T[ • J is shift invariant if and only if 

(3 .11) 

A discrete system is shift dependent if the condition of equation 3.1 1 is not satisfied. 
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3.2.2.3 Causality 

Causality evolved from 1-D time domain systems emulating real, physical systems 

where the output cannot be dependent on a future input. Causality of a 2-D discrete sys­

tem exists if the output, y(n1, n2), with n1 $ k1 and n2 $ k2 is independent of the input, 

x(n1, n2), for values n1 > k1 and n 2 > k2 for all possible values of k1 and k2. In 2-D dis­

crete systems, the causality constraint is often less of a concern with the independent vari­

ables usually being spatial and all the input samples being available beforehand. 

3.2.2.4 2-D Convolution Summation 

A 2-D discrete signal can be decomposed into a sum of weighted and shifted 2-D 

impulses as shown in equation 3.12. Using the right hand side of equation 3.12 as the 

input signal to a linear system, L[•], the output, y(n 1,n2), is shown in equation 3.13. 

Because a linear system satisfies the additivity condition, the response to an input signal 

composed of a weighted sum of equation 3.12 is equal to the sum of the response to the 

individual weighted input signals. The result of applying the additivity condition to 

equation 3.13 is shown in equation 3. 14. 

(3 .1 2) 
k 1 = - oo k

2 
= -oo 

(3.13) 

00 00 

y (nl, n2) = I I x ( k 1, k2) L [ 8 ( n 1 - k 1, n2 - k2) ] 

k = -oo I k2 = -oo 

00 00 

= I I x (kl' k2) hk k (n 1, n2) 
I 2 

k1 = - oo k2 = -oo 
(3. 14) 

where equation 3.15 

(3.15) 

defines the spatially varying impulse response of a 2-D discrete linear system. 

Further restricting a 2-D discrete linear system to being shift invariant, the spatially­

varying impulse response becomes a shifted version of the spatially-invariant impulse 
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response, h(n1,n2), shown in equation 3.16 

(3.16) 

where 

1s the spatially-invariant impulse response. Substituting equation 3.16 into 

equation 3. 14 yields the convolution summation of equation 3.17. 

(3.17) 

k 1 = -oo k2 = -oo 

With the variable substitution of n 1 - k 1 = l 1 and n2 - k2 = L2, the convolution sum­

mation can be rearranged to equation 3.18. 

(3. 18) 

3.2.2.5 Stability 

Bounded-input, bounded-output (BIBO) stability is one type of stability criterion com­

monly used to characterize the stability of a system. A system, T[• }, is BIBO stable if 

and only if for every bounded sequence x(n 1, n2) such that lx(n1, n 2)1 ~ B the response of 

the system is also bounded. 

The necessary and sufficient condition for BIBO stability of a 2-D LSI discrete sys­

tem is that the impulse response is absolutely summable as in equation 3.19. 

00 00 

(3. 19) 

k I = - oo k2 = -oo 

3.2.2.6 Frequency-Domain Characterization 

The 2-D discrete transfer function, H(z1, z2}, is defined by the ratio of the z-transform of 

the output, Y(z1, z2), to the z-transform of the input, X(z1, z2), as shown in equation 3.20. 
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00 

--- = I (3.20) 

k I = -oo k2 = - oo 

Therefore, H(z1, z2) is the z-transform of the spatially-invariant impulse response. 

3.2.2.7 2-D Separable Discrete Systems 

The special case of a 2-D discrete system that can be factored into its two 1-D compo­

nents, as shown in equation 3.21, 

(3.21) 

is a separable system. H(z1,z2) is the 2-D transfer function and HJ(z1) and Hlz2) 

are 1-D transfer functions in the z1 and z2 directions, respectively. A separable digital fil­

ter can be realized with a substantial reduction in computational requirements. The sepa­

rability property will be discussed further in "Separable 2-D FIR Digital Filters" on 

page 39 and "Separable 2-D IIR Digital Filters" on page 40. 

3.3 2-D LSI Digital Filter Characterization 

The two types of 2-D LSI d ig ital filters are nonrecursive and recursive. They can be 

realized based on the finite-order difference equation for a 2-D discrete LSI system 

shown in equation 3.22. 

L1 L2 

L L b(ll'l2)y(n1-l1,n2-l2) = 
l 1 = 0 l2 = 0 

Kl K2 

L L a(kl'k2)x(n1- kl'n2-k2) 

k 1 = 0 k2 = 0 

(3.22) 

where the a(k1, k2) are the coefficients applied to the input data and the b(L1, L2) are 

the coefficients applied to the output data. Because the limits of the summation are finite, 

the output, y(n1, n2), can be computed from the input and output sequences with a finite 

amount of computation. The extents of both coefficients masks, a(k1, k2) and b(l1, l2), are 

finite. The order of a difference equation is described by the region of support for the out­

put coefficients, b( L 1, L2). The region of support can have a wide variety of shapes. Using 

the constraint of first quadrant support for a(k1, k2) and b(f 1, L2), the shape can often be 

assumed to be rectangular with an order of L1xL2 [48]. 
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The LSI nonrecursive and recursive digital filters are also known as finite-duration 

impulse-response (FIR) and infinite-duration impulse-response (IIR) filters, respectively. 

3.3.1 2-D FIR Digital Filters 

The 2-D, LSI nonrecursive digital filter response at y(n1, n2) can be expressed as a 

weighted sum of the shifted inputs x(nrk1, n2-k2), for O ~ k1 ~ K 1 and O ~ k2 ~ K2. 

Because the extent of the impulse response is finite, this fi lter is also known as a finite­

duration impulse-response (FIR) filter. Equation 3.23 shows FIR difference equation. 

K2 

I, h(k1,k2)x (n 1 -k1, n2 - k2) (3.23) 

where the h(k1, k2) are the filter coefficients, and, assuming first quadrant support, 

{h(k1, k2)1 0 ~ k 1 ~ K 1, 0 ~ k2 ~ K2}. x(n1, n2) is the input signal and y(n 1, n2) is the out­

put signal. The order of a first-quadrant FIR filter is defined to be the rectangular region 

of support, K 1xK2. The FIR filter is a OxO order finite-order difference equation. The 

transfer function for an FIR filter is shown equation 3.24. 

(3.24) 

k1 = 0 k2 = 0 

The FIR filter has some very useful properties. It is a lways stable because for finite 

h(k1, k2) the impulse response is absolutely summable. This meets the necessary and suf­

ficient condition for BIBO stability for an LSI discrete system. 

The second property is that linear phase-response FIR filters are easily designed. 

Linear phase-response filters maintain a constant group de lay. 

A third property is that FIR filters can be implemented using Fast Fourier Transform 

(FFT) techniques. For low order fi lters, these are not as computationally efficient as a 

convolution summation but for higher order fi lters, improved computational efficiency 

that is effectively independent with respect to the filter order can be realized with FFT 

techniques. A Problem with the FFT implementation is the large on-line storage require­

ment. Block FFT methods of overlap-add and overlap-save can be used to reduce this 

requirement [48, 49]. 



37 

3.3.1.1 FIR Implementation Considerations 

The init ial or boundary conditions must be conside red at the boundaries of an image. 

Generally, they are assumed to be zero since we have a finite extent for the image. This 

need not be the s ituation in all cases. But in any case, the LSI properties must be main­

tained. The linearity property may be violated if the response to an all zero input is not 

an all zero output. 

The region of support for a filter also determines which boundary conditions are 

required. For a four quadrant 2-D digital filter, boundary conditions are required on all 

four boundaries of the images region of support. For a first quadrant 2-D digital filter, 

boundary conditions are only required on two boundaries of the image. 

The computational requirements for the FIR fi lter is (K1+ I )( K2+ 1) multiplications 

and (K1+l)(K2+l) -I additions for each pixel. The result, y(n1, n2), has the dimensions 

of (N1 + K1 -J)x(N2 + K2 - /). 

3.3.2 2-D IIR Digital Filters 

The 2-D LSI recursive digital filter response, y(n1, n2), can be expressed as a weighted 

sum of shifted inputs, x(nrk1, nrk2), for Os; k1 s; K 1 and Os; k2 s; K 2, and the outputs, 

y(nrl1, nrl2), for Os; l1 s; L1, 0 s; l2 s; L2 and l1=l2:t-O. The finite-order difference equa­

tion of equation 3.22 is rewritten in equation 3.25 

Kl K2 

y (n1, n2) = -- L L a (kl' k2) x (nl -kl' n2 -k2) 
b(O,O)kl=O k2= 0 

LI 

i I 
b (0, 0 ) l = O 

I 

L2 

L b (l I' l2) Y ( n 1 - l 1' n2 - 12) 

'2 = 0 

(3.25) 

where the a(k1, k2) are the input filter coefficients, the b(/1, 12) are the output filter 

coefficients, x(n1, n2) is the input signal and y(n1, n2) is the response. L 1x~ is the order 

of the filter. When the filter is represented in the form of the convolution summation , the 

impulse response has infinite extent. This filter is also known as an Infinite-duration 

Impulse-Response (IIR) fi lter. 
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The transfer function for an IIR filter is a rational function as shown in equation 

3.26. 

(3.26) 

The main feature of the 2-D UR digital filter is its computational efficiency com­

pared to that of the 2-D FIR digital filter for filters satisfying the same frequency domain 

specifications with high selectivity. The selection of filter mask coefficients can be such 

that the order of an IIR fi lter is less than a FIR filter with equivalent magnitude response 

thereby reducing the computational require ments. 

3.3.2.1 IIR Implementation Considerations 

The IIR fi lter uses previous output samples to calculate the current output sample. This 

feedback connection can lead to an unstable system. An IIR filter must be c hecked for 

stability before it can be used. 

The design of an IIR filter is more difficult than that of a FIR fi lter. The use of a spe­

c ial transformation on 1-D IIR filters is one method used to design 2-D IIR filters. A sec­

ond method uses optimization to approximate a desired magnitude response. Designing 

zero or linear phase IlR filters is more difficult [40). 

Another problem with an IIR digital filter is recursive computabil ity. The shape of 

the region of support for output coefficients and the order that the calculations are per­

formed may not be realizable . The work presented here is based on first-quadrant support 

IIR fi lters which are quarter plane support filters and are recursive ly computable. 

T he computational requirements are (KA 1+J)(KA2+/) + (LB1+l)(LB2+l)- l multi­

plications and (KA 1+J)(KA2+l) + (L81 +J)(L82+1)-2 additions for each pixel. (N1 + 

K1max - l)x(N2+K2max - I) are the dimensions of the IIR filter result where K 1max = maxi­

mum (KAJ, L81) and K2max = maximum (KA2, L82). 
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x(nl, n2) 

Figure 3.1 SFIR block diagram: separable 1-D FIR filters. 

3.3.3 Separable 2-D FIR Digital Filters 

Separable FIR (SFIR) filters are special cases of the FIR filter that can often realize a 

more effic ient implementation. Equation 3.27 separates the 2-D FIR fil ter into two 1-D 

FIR filters. Figure 3.1 shows the flow graph for its realization. 

Equation 3.28 and 3.29 show the convolution summation for the second and first 

blocks in figure 3.1 , respectively. Equation 3.29 performs the FIR filtering in the k1 direc­

tion whi le equation 3.28 performs the fi ltering in the k2 direction. The transfer function 

for the separable FIR filter is shown in equation 3.30. 

where 

K2 Kl 

y (n1, n2) = L h2 (k2) L h 1 (k1) x (n1 - kl' n2 - k2) 
k2 = 0 k 1 = 0 

K2 

= L h2(k2)Y1 (n 1,n2 - k2) 
k2 = 0 

Kl 

Y1(n1,n2) = L h1(k1) x(n1 - k1,n2) 
k

1 
= 0 

(3.28) 

(3 .29) 

(3.30) 
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3.3.3.1 SFIR Implementation Considerations 

Similarly to the FIR filter, the SFIR fi lter is also always stable. The initial conditions can 

be applied to the input or separated over each stage as required by the filter mask orienta­

tion. 

The computational requirements for the SFIR fi lter are (K1+J)+(K2+1) multiplica­

tions and K1+K2 additions for each pixel. The SFIR filter result has the dimensions of 

(N1+Krl)x(N2+Kr]), The required storage for yj(n1,n2) is (N1+Kr]) x (Kr/) +l sam­

ples. 

3.3.4 Separable 2-D IIR Digital Filters 

As with the 2-D FIR digital fi lter, the 2-D IIR digital filter also has a special case that is 

separable and can be realized more efficiently. Equation 3.31 separates the recursive fil­

ter into two cascaded 1-D recursive filters. Figure 3.2 shows the flow graph for the imple­

mentation. 

x(nl, n2) y](n1, n2) a2(k2) 

b2 ( 12) 

Figure 3.2 SIIR block diagram: separable recursive 1-D filters. 

(3.31) 

Equation 3.32 and 3.33 show the difference equations for the first and second 

blocks in figure 3.2, respectively. The difference equation in equation 3.32 performs a 

recursive filtering operation in the k 1 direction while equation 3.33 performs the filtering 

in the k2 direction. The transfer function for the SIIR filter is shown in equation 3.34. 

(3.32) 
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(3.33) 

(3 .34) 

3.3.4.1 SIIR Implementation Considerations 

As with the IIR fi lter the SIIR filter has potential stability problems which must be 

checked before implementation. The initial conditions can also be placed at the input sig­

nal or separated over each stage. However, it is much easier to check the stabil ity of the 

two l -D filters, Hj(z1) and H2(z2), than it is to check general 2-D stability [49]. 

The computational requirements for the SFIR fi lter are KA1+KA2+LBJ+L82+4 mul­

tiplications and KA1+KA2+L81 +L82+2 additions for each pixel. The SFIR fil ter result 

has the dimensions of (N1+K1max-l)x (N2+K2max-l) where K1max = maximum (KAJ, 

LB1) and K2max = maximum (KA2, L8z). The storage required for y1(n1,n2) is (N1+K1max­

l) x ( K 2max-1) + l samples. 

3.3.5 DEDIP 2-D Filter Implementation and Interface 

In many applications, 2-D filters are designed based on frequency-domain specifications. 

To evaluate the performance of the filter designed it is desirable to observe the output of 

the filter using test images which can be real images or special artificial images as input. 

DEDIP gives the possibility of carrying out such a performance evaluation very easily 

and efficiently. The filter implementations can be tested using the DEDIP tools DFilterlm­

age, DFilterRea12d, DWeightedAveragelmage and DWeightedAverageReal2d. DFilterlm­

age and DFilterReal2d perform first quadrant filtering on IMAGE and REAL_2D file 



42 

type, respectively. The filter masks can be FIR, IIR, SFIR or SIIR types. DWeightedAver­

ageimage and DWeightedAverageReal2d perform weighted neighborhood averaging on 

IMAGE and REAL_2D file types, respectively. An overview of the fi ltering capabilities 

are discussed in chapter 2. 

DFilterimage and DFilterReal2d accept FIR, IIR, SFIR and SIIR fi lter mask types. 

Initial conditions are applied to the top and left edges of the image before filtering. The 

result of the filtering is a REAL_2D array file which is truncated so that the output 

dimension is the same as for the input array. The UNIX manual pages for DEDIP filter­

ing operations, DedipFilters( I ) for programs and DedipFilters(3) for library functions, 

describe the implementations in more detail [29]. The capabilities for testing filter imple­

mentations using these programs will be demonstrated in the next chapter. 

3.4 2-D LSI Filter Analysis 

A 2-D LSI digital filter is given as a set of coefficients fo r the fin ite-order difference 

equation. The analysis of a filter coefficient mask reveals spatial- and frequency-domain 

characteristics. The fo llowing subsections describe briefly the main fil ter analysis meth­

ods implemented in DEDIP. 

3.4.1 Spatial-Domain Analysis 

The main spatial-domain analysis operations are the impulse and the step response which 

represent the response of the fi lter to the elementary signals defined in equations 3.6 and 

3.7, respectively. 

3.4.1.1 Impulse Response 

The response of a LSI system to the impulse s ig nal is its shift-invariant impu lse 

response, h(k1, k2). The impulse response of a FIR filter is the filter coefficients them­

selves. This can be seen by comparing the definition of the convolution summation to the 

FIR diffe rence equation. By applying an impulse to an IIR filter the spatially-invariant 

impulse response can be obtained. From its definition the impulse response of an IIR filter 

has infinite extent. For an IIR filter to be BIBO stable its impulse response must be abso­

lutely summable. 
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3.4.1.2 Step Response 

In 1-D systems, the step response is used to determine the transient response time of a 

system which is the period the filter takes to stabil ize to a steady state. The 2-D step 

response provides similar information for 2-D systems. 

3.4.2 Frequency-Domain Analysis 

A linear filter is concerned with the manipulation of the frequency spectrum of a signal. 

The convolution summation is the basis for LSI digital systems and its transfer function 

defines the mapping from the input to the output in the frequency domain. Frequency­

domain analysis analyzes the frequency-domain properties of a LSI filter mask. 

3.4.2.1 Frequency Response 

The frequency response of a filter is its response to a complex sinusoidal stimulus. The 

complex response in equation 3.35 is analyzed in terms of its magnitude and phase com­

ponents of equations 3.36 and 3.37, respectively. 

(3.35) 

(3 .36) 

(3.37) 

The frequency response is an indication of how the frequency components of the 

input image w ill be modified by the filter. 

3.4.2.2 Group Delay 

The group delays, 'tg J and 'tg2, defined in equation 3.38 are the partial derivatives of the 

phase component in the co1 and eoi directions, respectively. 

-c8/ col'co2) = -a:_(arg[H(co1,co2)]) 

l 

(3.38) 

A constant group delay indicates a linear phase filter response. Research [48, 49] 

has indicated that the phase component carries sign ificant information about a 2-D signaJ 
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and changes in the phase lead to visible distortion. A linear phase filter is designed to 

minimize the distortion due to difference in the group delays at various frequencies in the 

passband. 

3.4.3 DEDIP 2-D Filter Analysis Interface 

The 2-D filter analysis discussed in this section can be carried out using DlmpulseRe­

sponse, DStepResponse, DFrequencyResponse and DGroupDelay which are DEDIP pro­

grams and library functions whose name indicates the analysis operation. See chapter 2 

for an overview of filter analysis functions. The analysis programs take a 2-D FIR or IIR 

filter mask as the input. The DlmpulseResponse and DStepResponse operations each pro­

duces output as a REAL_2D array whose dimensions are specified by parameter options. 

The output from DFrequencyResponse and DGroupDelay operations is a COM­

PLEX_2D array whose dimensions are specified by parameter options as well the fre­

quency limits of the analysis can also be specified by options. The UNIX manual pages 

for DEDIP filter analysis operations, DedipFilterAnalysis(l) for programs and DedipFil­

terAnalysis(3) for library functions, describe the implementations in more detail [29). The 

filter analysis capabilities of DEDIP will be demonstrated in the next chapter. 
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Chapter4 

Filter Examples: 
Application and Analysis 

4.1 Introduction 

An important aspect of DEDIP is the analysis of LSI 2-D digital fi lter coefficient masks 

and their application to images. The background theory for LSI 2-D digital filters is dis­

cussed in chapter 3. In this chapter, four examples will demonstrate the analysis and 

application of LSI 2-D digital filter coefficient masks to images. 

The first example demonstrates FIR and IIR implementations of filters with low­

pass magnitude responses. The FIR and IIR implementations are analyzed and then 

applied to a test image. The two implementations' performance is discussed briefly. 

The second example is a fan filter which has the property of highlighting direction­

ally-oriented edges. It is designed from frequency-domain specifications that pass 

selected portions of the input image spectrum which correspond to intensity transitions 

with a particular spatial orientation. Images with rectangular features that have simple 

spectra are used to demonstrate the directional selectivity. The fan filter coefficient mask, 

implemented as an FIR filter, is analyzed and applied to test images. 

The last two examples demonstrate directional first-derivative and rotationally-in­

variant second-derivative edge-detection operators. Edge detection is an important step 

in obtaining features for higher-level image processing such as image analysis and object 

recognition. In these examples it is shown how this can be done using DEDIP. 

The third example discusses directional first-derivative operators and their evolution 

through the simple difference, Prewitt, Sobel and Rosenfeld-Thurston operators. The X-



46 

and Y-oriented directional-derivative operators of these four operators are analyzed and 

applied in subsequent sections. The resulting directional-derivative images are combined 

to create gradient images. The gradient images are thresholded at a value that defines a 

certain gradient steepness as an edge. The resulting binary images typically have edges 

that are multiple pixels wide. During the thresholding stage, the edges are also thinned to 

reduce the edge to a single pixel width for use in feature extraction algorithms. 

The Laplacian of a Gaussian (LoG), a rotationally-invariant second-derivative oper­

ator, is described in the fourth example [52, 53]. Through a special signal flow decompo­

sition of the LoG filter, a modified separable filter is developed. The separable 

coefficients reduce the number of additions and multiplications required to perfonn the 

same filtering operation. The performance of the LoG filter for different values of the 

Gaussian parameter, cr, which leads to edge detection at various spatial resolutions is con­

sidered. As with the directional-derivative edge operators, non-linear post processing is 

required to produce an edge map with single pixel wide edges. The edge thinning is 

accomplished by using the fact that the zero-crossings of the second derivative coincide 

with the midpoints of edges. 

4.1.1 Test Images and Analysis Tools 

Some mathematical notation and tools used in the analysis and presentation of the filter­

ing examples are described. 

4.1.1.1 Coordinate System 

Computer graphical displays often use an inverted Yaxis where the upper left of the dis­

play is the (0,0) position. The X axis is increasing from left to right and the Y ax is 

increases from top to bottom. The images presented here also use this convention. 

In the 2-D filter theory d iscussion of chapter 3, the image region of support is given 

by the general notation {/(n 1,n2) I O 5 n 1 $ N1, 0 $ n2 $ N2}. This chapter presents exam­

ples using spatial notation. An image is defined as {/(x,y) IO$ x $ N1, 0 5 y 5 N2}. A FIR 

filter mask is defined by {h(k1,k2) I 0$k1 $K1, 05k2 5K2}. An IIR filter input coeffi­

cient mask is defined by {a(k1,k2) IO 5 k1 5 KAI• 0 $ k2 $ KA2 } and its output coefficient 

mask is defined by {b(l1,l2) IO 511 5 Ks1,0512 5 KB2}. 
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4.1.1.2 Fast Fourier Transform Display 

The Fast Fourier Transform (FFT) is used to calculate the discrete Fourier transform, 

F( K1, KV, of images to obtain information about the distribution of complex frequency 

components. The magnitude of the FFT as defined in equation 4.1 is also called the Fou­

rier spectrum where Re(K1,Kv is the real part of F(K1,KV and Im(K1,Kv is the imaginary 

part. 

(4.1) 

The coordinate system of the FFT is {F(K1,Kv IO~ K1 ~ Nrl, 0 ~ K2 ~ Nrl }. The 

spectral distribution of interest is at the origin. Because the FFT is periodic, dividing the 

FFT image into four quadrants and shifting the quadrants results in a FFT with support 

{F(K1,Kv I - N1!2 ~ K1 ~ Njl2, -N212 ~ K2 ~ N2!2} [50]. The Fourier spectrum images 

shown here have been shifted and the origin of the K1-K2 plane is at the center of the 

image. The horizontal axis is the K1 axis which increases from left to right and the K2 

axis is the vertical axis which increases from top to bottom. 

In most cases, image spectra decrease quite quickly as the frequency increases. As 

a result of this high-frequency components are not clearly visible when spectra are dis­

played as images. A technique to improve the display of spectral images is to take the 

logarithm of the spectrum plus one as shown in equation 4.2 (50] 

(4.2) 

where k is a scale factor used to control the contrast in the image. Zero values are 

preserved as log( I )=0. The term " log spectrum" will be used to describe this image. 

4.1.1.3 Histogram Equalization 
A technique to improve the display quality of a spatial-domain image is histogram equal­

ization [50]. The histogram equalization redistributes the pixel intensity based on the 

probability densi ty function also known as a histogram. Where as the log spectrum 

method applies the logarithm function to each value independently of other values, histo­

gram equalization modifies a value based on the distribution of all other values. This 

introduces distortion in the separation of the intensity levels but enhances subjective 

image quality. Histogram equalized images can improve the viewing of qualitative infor­

mation within an image. Because it is based on the distribution of pixel intensities within 

an image, histogram equalization is not accurate for comparison between images. 
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Figure 4.1 Pulse function. 
(a) Pulse function in spatial domain. (b) Fourier spectrum of the pulse function. 

4.1.1.4 2-D Rectangular Feature Analysis 

In this section, the images to be used for the fi lter examples will be analyzed in the fre­

quency domain. The continuous 1-D Fourier transform can be used as a basis for under­

standing the spectrum of a 2-D discrete image with a rectangular feature. Figure 4. 1-a 

shows a pulse function whose form is similar to the cross-section of a rectangular feature 

along a major axis through the origin. Figure 4. 1-b shows its Fourier spectrum [54]. The 

width of the pulse is inversely proportional to the spacing of the zero values in the spec­

trum. 

Figure 4.2-a shows a horizontal rectangular feature, figure 4.2-b is the spectrum for 

the horizontal feature and figure 4.2-c is its log spectrum. Comparison of the horizontal 

cross-section of the feature in figure 4.2-a to its vertical cross-section shows that it is the 

wider pulse. From the inverse proportionality of the pulse function 's spectrum, the spec­

trum of the horizontal cross-section should have closer zero separations compared to the 

vertical cross-section. Observations of figure 4.2-c support this hypothesis. 

Figures 4.2-d, 4.2-e and 4.2-f show the rectangular feature rotated through 45°, its 

spectrum and log spectrum, respectively. The corresponding 45° rotation of the spectrum 

can clearly be seen in figure 4.2-f. Figures 4.2-g, 4.2-h and 4.2-i show a vertical rectan­

gular feature, its spectrum and the log spectrum, respectively. Rotation in the spatial 

domain is shown to have a corresponding rotation in the frequency domain. 

The benefit of using log spectrum can be clearly seen in comparing figures 4.2-b, 

4.2-e and 4.2-h to figures 4.2-c, 4.2-f and 4.2-i, respectively. The first group shows a 

small amount of information concerning the higher-frequency spectra. The log spectrum 



(a) (b) (c) 

(d) (e) (f) 

(g) (h) (i) 

Figure 4.2 Relationship of rectangular image features with their spectra. 
(a) Horizontal rectangular feature.(b) Spectrum of (a). (c) Log spectrum of (a). 

(d) 45° rectangular feature. (e) Spectrum of (d). (f) Log spectrum of (d). 
(g) Vertical rectangular feature. (h) Spectrum of (g). (i) Log spectrum of (g). 
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images in figures 4.2-c, 4.2-f and 4.2-i convey more information about the overall spec­

tral distribution. 

From these observations, the spatial orientations of the features can be used to 

describe the frequency orientation of edge components. The direction of an edge gradient 

is oriented in the direction of the intensity change that defines the edge. The gradient 

direction in the spatial domain has the same orientation as in the frequency domain. The 

gradient of the long edge of the horizontal rectangular feature has a vertical orientation. 

The corresponding log spectrum image has a larger spacing between the zero (black) fre­

quency components on the line K2=0 (vertical axis) than the line K1 =0 (horizontal axis). 

That corresponds to the hypothesized orientation based on the Fourier transform model. A 

similar hypothesis can also be confirmed with the 45° and vertical features. 

4.1.1.5 Abingdon Cross 

The Abingdon cross used for the lowpass filter test image is simjlar to that 

described in [55, 56] but scaled in half to a 256x256x8 image. The background intensity 

level is 128 and two orthogonal rectangles of medium gray have an intensity level of 160 

superimposed on the background. The square in the middle has an intensity level of 192. 

The cross has Gaussian noise with zero mean and standard deviation of 32 added to each 

pixel. Figure 4.3-a shows the Abingdon cross without noise and its log spectrum in 

figure 4.3-c. Most of the spectrum's energy is centered about the origin of the K1- K2 

plane. The Abingdon cross is shown in figure 4.3-b and its log spectrum in figure 4.3-d. 

Again the energy patterns at the origin are observed as shown in figure 4.3-d but at the 

higher frequencies a greater noise component is observed. 

4.1.1.6 VLSI Image 

Figure 4.4 is a VLSI probe station image used as the test image for the edge detec­

tion examples. 

4.1.1.7 Other programs 

In addition to the DEDIP programs, other programs were used in processing the fig­

ures and images for presentation here. Gnuplot [57] was used for the surface graphs. 

PBMplus [33] and ghostview [58) were used to generate the encapsulated PostScript™ 

image files shown here. 



(a) (b) 

(c) (d) 

Figure 4.3 Abingdon cross image. 
(a) Abingdon cross without noise. (b) Abingdon cross. 

(c) Log spectrum of (a). (d) Log spectrum of (b) . 
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Figure 4.4 VLSI probe station image. 



53 

4.2 Example 1: Lowpass Filtering 

Noise is introduced in digital images by imaging transducers and transmission channels. 

This noise tends to be spatially independent [ 40]. The noise energy content is often con­

centrated at higher frequencies than those of the image. Lowpass filtering (LPF) attenu­

ates high frequency components thereby reducing the noise content. In this example, 

lowpass filtering is performed using both FIR and IIR coefficient masks. The FIR and 

UR filter coefficient masks have approximately the same magnitude responses. 

4.2.1 FIR Analysis 

The coefficient filter mask listed in figure 4.5 is for a 6x6 order FIR filter. The coeffi­

cients are organized with the K 1 dimension being the horizonta l axis . The h(0,0) coeffi­

c ient is the first coefficient; h(l,0) is the next coefficient. h(O,]) is the first coefficient in 

the second row. For this first quadrant filter, figure 4.6-a shows the impulse response as a 

surface plot. The impulse response for a FIR filter is the same as the filter mask coeffi­

cients. 

The step response is shown in figure 4.6-b. This response indicates the spatial delay 

following zero initial condi tions which are not part of the usable response. In this case 

there is a six pixel delay which can be seen in the result. Comparing the top and left edges 
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History : ( 0 line(s) ): 
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Width: 7 
Depth : 32 
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-0.000000 

0.000000 
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0.0458943 
0.0391886 
0.0225188 
0.000000 

0.000000 
0.039 1886 
0.0612736 
0.0700362 
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0.039 1886 
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0.0179876 
0.0458943 
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Figure 4.5 LPF FIR filter coefficients. 
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Figure 4.6 LPF FIR fi lter analysis. 
(a) Impulse response. (b) Step response. (c) Magnitude response. 
(d) Phase Response. (e) Group delay in w1. (f) Group delay in m2. 
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of figure 4.3-b and 4.7-a, a small black border on the top and left edges of figure 4.7-a can 

be observed. This is the response to the zero (black) initial conditions. 

Figure 4.6-c shows the magnitude response. From the magnitude response the filter 

can be seen to be a lowpass filter. A lowpass filter passes frequency components near the 

origin of the (.t)1- (.t)2 frequency plane. The stopband is the region outside the passband 

with the near zero values where the frequency components are attenuated. This filter 

attenuates the higher frequencies having the effect of removing sharp transitions and 

high-frequency noise in an image. In figure 4.6-c of the FIR example, the stopband has 

non-zero ripples but because this is small compared to the passband magnitude and its 

effect can be considered negligible. 

The phase response of figure 4.6-d is linear though this is hard to see clearly due to 

the phase wrap around. The group delays, the partial derivative of the phase response in 

(.t) 1 and (1)2, provide a clearer method of observing the linear phase of this fi lter. The (.t) 1 

and (1)2 group delays are shown in figures 4.6-e and 4.6-f, respectively. It can be clearly 

seen from these two surface plots that the derivative is a non-zero constant for all fre­

quencies. This indicates a constant slope in the phase response which is a linear phase 

response. 

4.2.2 FIR Application 

The FIR filter mask of figure 4.5 was applied to the image of figure 4.3-b using the DFil­

terlmage program. The result is shown in figure 4.7-a. The log spectrum with k=20 of 

the filtering result is shown in figure 4.7-b. The intensity levels at and near the origin are 

high (white) indicating a large low frequency component while the levels are near zero 

(black) elsewhere. Figure 4.7-c shows the magnitude response as an image. The pass­

band is the white region and the stopband is the black region. The log spectrum with 

k=20 of figure 4.7-c is shown in figure 4.7-d. In figure 4.7-b the pattern of the magnitude 

response shown as an image in figure 4.7-d can be observed. 

4.2.3 IIR Analysis 

The coefficient filter mask shown in figure 4.8 is for a 3x3 order first-quadrant IIR fi lter. 

The coefficients are organized similarly to the FIR. The first block is the numerator and 

the second is the denominator. The a(O,O) coefficient is the first coefficient, the a(l,0) is 

the next coefficient, etc. The first coefficient of the second block is b(0,0). 
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(a) (b) 

(c) (d) 

Figure 4.7 LPF FIR filter application. 
(a) After filtering. (b) Log spectmm of (a) with k=20. 

(c) LPF FIR fil ter magnitude response image. (d) Log spectrum of (c) with k=20. 
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Figure 4.8 LPF IIR filter coefficients. 
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Figure 4.9-a shows the impulse response as a surface plot. The impulse response 

for a IIR filter has extra ripples beyond the main impulse response. This filter is known to 

be stable and the summation to infinity of the absolute values of the impulse response will 

sum to a constant that is less than infinity. 

The step response is shown in figure 4.9-b. This response indicates the spatial delay 

before initial conditions is not part of the response. In this case there is a nine pixel delay. 

Also note that there is an overshoot before steady state response is achieved. 

Figure 4.9-c shows the magnitude response. From the magnitude response the filter 

can be seen to be a lowpass filter, passing frequencies about the origin of the ror ro2 fre­

quency plane. The stopband attenuates the higher frequencies which has the effect of 

removing sharp transitions in an image. In figure 4.9-c the stopband has ripple but as 

with the FIR example it is small compared to the passband magnitude and its effect can 

be considered minimal. 

The phase response of figure 4.9-d is nearly linear within the passband region. The 

ro 1 and ro2 group delays of figures 4.9-e and 4.9-f, respectively, also clearly show linear 

phase in the region of the passband. The phase distortion in the stopband can be over-
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Figure 4.9 LPF IIR filter analysis. 
(a) Impulse response. (b) Step response. (c) Magnitude response. 

(d) Phase Response. (e) Group delay in w1. (t) Group delay in w2. 
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looked because the frequency components in the stopband are attenuated and have mini­

mal contribution to the output image. 

4.2.4 IIR Application 

The IIR filter mask that is listed in figure 4.8 was app lied to the image of figure 4.3-b 

using the DFilterlmage program. The result is shown in figure 4.10-a. The smoothing 

effect of a LPF is observed. The log spectrum with k=20 of the filtering result is shown 

in figure 4 .10-b. Figure 4.10-c shows the magnitude response of the IIR filter as an image 

and its log spectrum with k=20 is shown in figure 4.10-d. In figure 4.10-b the pattern of 

the magnitude response shown as an image in figure 4. 10-d can be observed. 

4.2.5 FIR and IIR Filter Performance 

Though the two filters did not have exactly the same magnitude responses, they were sim­

ilar and produced similar results. The processing simi larities are observable in the log 

spectrum with k=20 of the filtering resu lts of figure 4.7-b and figure 4. 10-b which both 

pass low frequency components and attenuate the high frequency components. The FIR 

fi lters are simpler to design and do not have stability problems. IIR filters are often more 

difficu lt to design and may suffer from finite word length effects. However, IIR filters 

tend to be of lower order than comparable FIR filters when fi lters with high selectivity 

are required. For such a high selectivity fi lter the direct implementation of the IIR filter 

requires less computation than the comparable FIR filter. 
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(a) (b) 

(c) (d) 

Figure 4.10 LPF IIR filter application. 
(a) After filter ing. (b) Log spectrum of (a) with k=20. 

(c) LPF IIR filter magnitude response image. (d) Log spectrum of (c) with k=20. 
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4.3 Example 2: Fan Filter 

The fan filter is used to highlight edges with a particular orientation in an image. 

An interesting use of a fan fi lter is in seismic image understanding [40). A seismic 

waveforms are composed of a reflection component due to acoustic reflection from sub­

strate formations and a surface wave called a ground roll. The ground roll component is a 

form of noise in that it is not part of the desired signal. Analysis of the ground roll shows 

that its spectrum falls on a line in the ffi 1-mi plane and in practice the line has an angle in 

the 3° to 5° range. The fan filter with a stopband that covers the region of the spectrum 

including the ground roll component can be used to remove this noise. 

Another possibility is to use a fan filter to extract features with a particular orienta­

tion from an image. This is done in this example using the images with horizontal and 

vertical rectangular features of figures 4.2-a and 4.2-g. The following section analyzes 

the filter in the spatial and frequency domains. The filter is applied to images with hori­

zontal and vertical rectangular features and the results are discussed. 

4.3.1 Fan Filter Analysis 

The coefficient filter mask listed in figure 4.11 is for a 20x20 order first-quadrant FIR fil­

ter. The coefficients' o rganization was described in the LPF FIR analysis section. 

Figure 4.12-a shows the impulse response as a surface plot. 

The step response is shown in figure 4 .12-b. This response indicates the spatial 

shift of features between the input and output images. 

Figure 4.12-c shows the magnitude response. The fan filter is so named because the 

magnitude spectrum resembles a fan with the ffi 1-ffi2 origin being the center of rotation. 

Alternately the fan can be described as three lines, two symmetric about the third with all 

three passing through the origin. Figure 4. 12-c shows that the passband is centered about 

the ffi2 axis. 

The phase response of figure 4. 12-d is linear. The ffiJ and ffi2 group delays of 

figures 4.12-e and 4.12-f, respectively, are constant corresponding to a linear phase. 

4.3.2 Fan Filter Application 

The FIR filter mask o f figure 4 .11 was app lied to the horizontal feature image of 

figure 4.2-a using the DFilterlmage program. The result is shown in figure 4.13-a. The log 
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Figure 4.11 Fan filter coefficients. 
h(k1,k2) = {h(k1,k2) IO$ k1 $ 20, 0 $ k2 $ 9 }. 
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F igure 4.11, continued. Fan filter coefficients. 
h(k1,k2) = {h(k1,k2) IO s; k1 s; 20, JO s; k2 s; 20 }. 
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(d) Phase response. (e) Group delay in ro1. (f) Group delay in ro2. 
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Figure 4 .1 3 FIR fan filter application to horizontal feature image. 
(a) Filtered horizontal feature image. (b) Log spectrum of (a). 

(c) Horizontal cross section. (d) Vertical cross section. 
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spectrum of the filtering result is shown in figure 4. 13-b. The log spectrum of fi gure 4.2-c 

is observed in figure 4.13-b except with darker regions on the left and right sides of the 

spectral image. These regions are the stopband regions where the frequency components 

are attenuated. 

From the log spectrum of figure 4. 13-b it would be expected that the vertical edge 

whose gradient is aligned with the horizontal (c.o1) axis would be attenuated. 

Figure 4 .13-a shows the horizontal edges highlighted and the vertical edges attenuated 

which confirms the expectation from observing the log spectrum. The horizontal and ver­

tical cross-sections through the center of the features of figures 4.2-a and 4.13-a are 

shown in figures 4.13-c and 4.13-d, respectively. A cross-section corresponding to 

figure 4.2-a is shown as a dotted line and from figure 4.13-a as a solid line. The delay 

shown in the step response can be clearly seen in the cross-sections. The attenuation of 

the vertical edge is observed in figure 4. I 3-c. Figure 4.13-d shows the highlighting of the 

horizontal edge. 

The FIR filter mask of figure 4. 11 was also applied to the vertical feature image of 

figure 4.2-g using the DFilterlmage program. The result is shown in figure 4.14-a. The 

log spectrum of the filtering resu lt is shown in figure 4.14-b. The spectrum of figure 4.2-i 

is observed in figure 4.14-b except for the dark stopband regions. 

Again the horizontal edges are highlighted and the vertical edges are attenuated 

which is confirmed in figure 4.14-a. The horizontal and vertical cross-sections through the 

center of the features of figures 4.2-g and 4.14-a are shown in figures 4.14-c and 4.14-d, 

respectively. A figure 4.2-g cross-section is shown as the dotted line and a figure 4.14-a 

cross-section as the solid line. The delay shown in the step response can be observed in 

the cross-sections. The attenuation of the long vertical edge is observed in figure 4.14-c. 

Figure 4.14-d shows the highlighting of the horizontal edge. 
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Figure 4.14 FIR fan filter application to vertical feature image. 
(a) Filtered vertical feature image. (b) Log spectrum of (a). 

(c) Horizontal cross section. (d) Vertical cross section. 
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4.4 Example 3: Edge-Detection Operators 

In image analysis, one method used to segment an image into a set of features is edge 

detection. An edge is defined as the boundary of a feature and can be characterized by a 

sharp intensity transition in an image. 

The problem of identifying edges in an image has been approached as a spatial­

domain problem. Maxima and minima in the gradient of an image correspond to changes 

in intensity. An edge map which is a binary image of edges is obtained from the gradient 

by thresholding and thinning. The threshold is a setting of steepness of the intensity 

changes (slope of the edges) above which is considered an edge. Thinning is necessary 

because an edge such as a ramp edge can have a constant slope over multiple pixels pro­

ducing a wide edge after thresholding. Feature extraction algorithms require edge maps 

with single pixe l wide edges. 

The computation of the image gradient is performed by computing the direction­

ally-oriented first derivatives in the X and Y directions. For ease of understanding, corre­

lation templates are used to describe the filtering. The correlation operation shown in 

equation 4.3 applies the template, d(x,y), to the image, l(x, y), to produce the result, R(x,y). 

R (x,y) = L L d(kl'k2)l(x+kl'y+k2) 

(k1, k2) e K 

(4.3) 

where K = {(k1,k2)I K1min 5k15 Kimax; K2min 5k2 5 K2111ax} . In the following dis­

cussion, the notation of equation 4.4 will be used as a shorthand notation for the correla­

tion template. 

d ( k 1 . , k2 . ) .. . d ( k 1 , k2 . ) mm min max nun 

d = (4.4) 

d (kl min' k2ma) · ·· d (kl max' k2ma) 

Correlation is quite similar to FIR filtering. The correlation template can be imple­

mented using as an FIR filter by reversing the order of the coefficients in both k1 and k2 

directions. For the correlation template in equation 4.5, the equivalent FIR fi lter coeffi­

cient mask is shown in equation 4.6. 



69 

li h g~ FIR filter mask = fed, K = { (k1, k2) I O ~ k1 ~ 2, 0 ~ k2 ~ 2} 

cha 

(4.6) 

The analysis was performed by converting the correlation templates into 2-D FIR 

filter masks and analyzing them as FIR filters. 

The gradient approximation image is computed from two directional-derivative fil­

tering results. Two methods for this computation are presented and discussed. From the 

gradient approximation image an edge map image is computed by thresholding and thin­

ning. 

4.4.1 First Directional-Derivative Operators 

The gradient of a continuous 2-D function, f (x, y) is defined in terms of the direc­

tionally-oriented derivatives in equation 4.7 [59,50) 

v tcx, y) = 

df (x, y) 
ax 

df (x,y) 
dy 

where x and y denote continuous variables. 

(4.7) 

The two-point approximations used to estimate the directionally-oriented deriva­

tives are shown in equations 4.8 and 4.9. 

a1 ex, y) Jex+ tix, y) - Jex, y) 
ax 

df(x,y) 
dy 

tix 
Jex,;+ tiy) - J <x, y) 

(4.8) 

(4.9) 

With digital images L\x = L\y = l and the two-point approximations to the direc­

tionally-oriented derivatives of equations 4.8 and 4.9 become the correlation operations 

Dx and Dy- Equations 4.10 and 4.11 are the image operation equations that correspond to 
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Figure 4.15 Position of two-point derivative approximations. 
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the operations Dx and Dy, respectively. Gix,y) and Gy(x,y) are images resulting from the 

application the directional-derivative operations Dx and Dy in the X and Y directions, 

respectively. 

G X ( X, y) = D X [ / ( X, y) ] = / ( X + I, y) - / ( X, y) 

Gy (x,y) = Dy [I(x,y)] = l (x,y+ l )- J(x,y) 

(4.10) 

(4.11) 

The cross-correlation templates dx and dy for equations 4.10 and 4.11 are shown in 

equations 4.12 and 4.13, respectively. 

dx = [- 11] ,K = {(kl'k2) l k 1 = {O, l},k2 = {O}} 

d, = [~~ .K = {(k,,k,) l k1 = {O},k,= {O, I }} 

(4.12) 

(4.1 3) 

Equations 4.10 and 4.1 1 best approximate the derivatives at the midpoint of their 

respective intervals. The problem is the approximations, Gx(x,y) and Gy(x,y), at a given 

point ( x,y) are at different locations than the input point I ( x,y) as shown in figure 4.15. 

For discrete derivative approximations, the central difference approximation of 

equations 4.14 and 4.15 positions the directional derivatives at the proper location. 

a1 ex, y) 
ax 

Jex+ ~x. y) - Jex- ~x. y) :::::: ----------
2 c~x) (4.14) 



df (x, y) 
ay 

Jex,;+ fly) -Jex, y- fly) ::::: ----------
2 (fly) 
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(4.15) 

With flx = fly = 1 , the central difference approximations of equations 4.14 and 

4.15 become the correlation operations Dex and Dey Equations 4.16 and 4.17 are the 

image operation equations that correspond to operations Dex and Dey, respectively. The 

scale factor of 1/2 is omitted during the filtering stage. It is later included in the selection 

of the threshold value. 

Dex [ / ( X, y) ] = I ( X + 1, y) - I ( x - 1, y) 

Dcy [l (x,y)] = l (x,y+ I ) - /(x,y- 1) 

(4. 16) 

(4.17) 

The correlation masks for Dex and Dey operations are shown as dcx and dcy in 

equations 4.18 and 4.19, respective ly. 

d ex = [-1 O 1], K = { ( k 1, k2) I k 1 = { - 1, 0, I }, k2 = { 0} } 

d,, = r-~1K = { (k1,k2)jk1 = { l }, k2 = {-1, 0, t} J 

(4.18) 

(4.19) 

The directional derivatives described so far tend to be sensitive to noise in the direc­

tion orthogonal to the operator. A method to reduce the effect of noise is to combine the 

derivative operators, dcx and dcy, with a component, dave• which averages orthogonally to 

the operator and thus reduces the effect of noise. This leads to a collection of 3x3 opera­

tors which consists of a profile (the directional-derivative operator) component and a pro­

jection (the component that averages) component [59). These edge operators are usually 

represented as the correlation templates dx and dy, shown in equations 4.20 and 4.21, 

respectively. 

d = d · d' y cy ave 

(4.20) 

(4.21) 

The Prewitt and Sobel operators are the two most common 3x3 directional deri va­

tion operators. Both operators use the dcx and dcy correlation templates of equations 4.18 

and 4.19 to obtain the directional-derivative images Gx(x,y) and G/x,y), respectively. 

But, the projection components are different. 
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The projection component, dave• of the Prewitt operators is simple three pixel aver­

aging shown in equation 4.22. 

(4.22) 

Equation 4.23 shows how the dave and dcx combine to form the X-oriented 3x3 Pre­

witt correlation template that enhances vertical edges aligned on the zeros (59, 60). It 

takes the X-direction gradient at the center of the template. Equation 4.24 shows the Y-ori­

ented 3x3 Prewitt correlation template that enhances horizontal edges aligned with the 

zeros of the template. It takes the Y-direction gradient at the center of the template. 

d x = d ave · d ex = [:le-1 0 i] = '=: ~ :l 
;J l~ I O ~J 

(4.23) 

d, = d,, d;,, = [~j[I 1] = [-~I -~I -~l (4.24) 

K = { ( k 1, k2) I k 1 = { - I, 0, 1 }, k2 = { - 1, 0, 1 } } 

The Sobel operators also use three pixel averaging but with extra weight on the cen­

ter pixel with dave shown in equation 4.25. 

(4.25) 

Equation 4.26 shows how the dave and dcx combine to form the X-oriented 3x3 

Sobel correlation template that filters for vertical edges aligned on the zeros of the tem­

plate (50, 59, 60]. It takes the X-direction gradient at the center of the template. 

Equation 4.27 shows the Y..oriented 3x3 Sobel correlation template that filters for horizon­

tal edges aligned with the correlation template's zeros. It takes the Y..direction gradient at 

the center of the template. 
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dx = dave · d cx = r~l [-1 O 1] = r=~ ~ ~l 
1J l~ 1 o J 

(4.26) 

K = { ( k I' k2) I k 1 = { -1, 0, 1}, k2 = { - 1, 0, 1 } } 

d, = d,, d;,, = r~J G 2ij = ~ I -r~J (4.27) 

K = {(k1,k2)lk1 = {-1,0, l},k2= {-1, 0, l}} 

A set of operators attributed to Rosenfeld and Thurston [60] use simple three pixel 

averaging as did the Prewitt operators but added averaging to the profile component 

which averages the gradient. Equation 4.28 shows how the dave and dcx combine to form 

the X-oriented 5x3 Rosenfeld-Thurston correlation template that filters for vertical edges 

aligned with its zeros. It takes the X-direction gradient at the center of the template. 

Equation 4.29 shows the Y-oriented 3x5 Rosenfeld-Thurston correlation template that fil­

ters for horizontal edges aligned with the zeros. It takes the Y..direction gradient at the 

center of the template. 

d x = d ave · d ex = ft I - I O I 1] = [= : = : ~ : :l 
;J - 1 -101J 

(4.28) 

- I - 1 - 1 - 1 

-) -1 -1 -1 
d = d · d ' 

y cy ave = 0 [1 1 U = 0 0 0 (4.29) 

4.4.2 Directional-Derivative Operator Analysis 

The magnitude of the frequency responses for the X -direction simple difference, Prewitt, 

Sobel and Rosenfeld-Thurston correlation operators are shown in figure 4.16. The corre-
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Figure 4.16 Magnitude responses for dx directional derivative operators. 
(a) Simple operator. (b) Prewitt operator. 

(c) Sobel operator. (d) Rosenfeld-Thurston operator. 

74 

7t 

7t 



75 

sponding Y-direction magnitude responses are the same as the X-direction magnitude 

responses except they are rotated 90° on the ffi1-ffi2 plane. Figure 4. I 6-a is the magni­

tude response for equation 4.12. This response indicates a highpass filter in the ffi 1 direc­

tion which in the spatial domain corresponds to the orientation of the X axis and the 

profile component of the operator. The projection component in the Y direction is an 

allpass filter in the ffi2 direction. This filter has poor noise performance in the Y di rec­

tion due to the a llpass projection component. This can result in a discontinuous edge 

where a constant edge should be. 

The magnitude response for the Prewitt dx operator is shown in figure 4. 16-b. The 

profile component, in the ffii direction, is a bandpass filter. This provides better noise per­

formance. The projection component is also a bandpass filter but the stopband has a large 

ripple at the ±1t positions on the ffii axis. This allows high frequency noise to be passed 

in the direction of the projection component. 

The magnitude response for the Sobel dx operator is shown in fi gure 4. 16-c. The 

profi le component, in the ffi 1 direction, is a bandpass fi lter with the same response as the 

Prewitt operators. Again this provides good noise performance in the profile component 

direction. The projection component is also a bandpass filter with no ripples in the stop­

band at the ±1t positions on the ffii axis. This provides better noise performance in the 

projection component direction. 

The magnitude response for the Rosenfeld-Thurston dx operator is shown in 

figure 4. 16-d. This is a bandpass filter in both the profile and projection directions. It has 

the ripple like the Prewitt operator in the projection component as well as in profile com­

ponent direction. 

The step responses for these four operators are shown in figures 4.17-a to 4.17-d. 

These responses indicate the coverage of the corre lation operators. The width of the step 

response is the minimum feature that will be enhanced by the operator. Figure 4.17-a 

shows the simple difference operator has a width of two pixels. The Prewitt and Sobel dx 

operators have a three pixel width shown in figures 4.17-b and 4.17-c, respectively. The 

Rosenfeld-Thurston dx operator has a five-pixel width shown in figure 4 .17-d. The effect 

of the width is exhibited in the blurring of the edge profiles. Comparison of the filtering 

results of figures 4.18-a to 4.18-d shows an increasing blurring of the vertical edges from 

the simple difference to the Rosenfeld-Thurston operators. 



0.5 

0 

30 

30 

30 

(a) 

............ 0/0/)~ 

~~~:-.,_ 

30 

- I 

(c) 

3 
2.5 

2 
1.5 

I 
0.5 

0 

30 

6 
5 
4 
3 
2 
I 
0 

30 

(b) 

(d) 

Figure 4.17 Step responses for dx directional derivative operators. 
(a) Simple operator. (b) Prewitt operator. 

( c) Sobel operator. ( d) Rosenfeld-Thurston operator. 
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4.4.3 Directional-Derivative Operator Application 

The directional-derivative operators, dx and dy, for simple difference, Prewitt, Sobel and 

Rosenfeld-Thurston operators were applied to the VLSI probe station image of figure 4.4 

using the DWeightedAveragelmage program. This program implements the cross-correla­

tion operation. It assumes that the cross-correlation mask has odd dimensions so that the 

output is placed at the center of the operator. This is a form of four quadrant fi ltering. 

Figures 4.18-a to 4.18-d show the fi ltering results, G x(x,y ), for the simple difference, Pre­

witt, Sobel and Rosenfeld-Thurston X directional derivative operators, respectively. The 

corresponding Y directional derivatives, Gy(x,y), are shown in figure 4. l 9. The images in 

figures 4.18 and 4.19 have been histogram equalized for printing clarity. The dark areas 

indicate a negative slope and the light areas indicate a positive slope in the images of 

figure 4 .18. Taking an arbitrary row of pixels through the probe shows a dark area at the 

left of the probe. This negative slope represents the intensi ty trans ition from white to 

black along a corresponding row of pixels in figure 4.4 while moving from left to right. 

4.4.3.1 Gradient Image Computation 

The directional-derivative operators are used to obtain directionally-oriented edge infor­

mation. It is also desired to obtain directiona lly invariant edge information. This is 

achieved by computing an approximation to the gradient based on Gx(x,y) and Gy(x,y). 

One method of computing the gradient is to take the magnitude (MaG) of Gx(x,y) 

and Gy(x,y) as in equation 4.30 [59, 50]. 

MaG[Gx(x,y), Gy (x,y) ] = Jc;(x,y)+G~(x,y) (4.30) 

The problem with this method is that a bias of Ji. is introduced to edges at 45°. 

An alternate method that is computationally simpler and does not introduce a bias 

is the Maximum of the Absolute (MoA) values of the G.x(x,y) and Gy(x,y) shown in 

equation 4.31 [59]. 

(4.3 1) 

The X and Y directional-derivative filtering results, G.x(x,y) and G/x,y), post-fil­

tered by MaG and MoA methods to obtain gradient images are shown in figures 4.20 and 

4.2 1, respectively. These images have been histogram equalized and negated to display 



(a) 

(c) 

Figure 4.1 8 Filtering results: Gx(x,y). 
(a) Simple operator. (b) Prewitt operator. 

(b) 

(d) 

(c) Sobel operator. (d) Rosenfeld-Thurston operato r. 
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(a) 

(c) 

Figure 4.19 Filtering results: Gy(x,y). 
(a) Simple operator. (b) Prewitt operator. 

(b) 

(d) 

(c) Sobel operator. (d) Rosenfeld-Thurston operator. 
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(a) (b) 

(c) (d) 

Figure 4.20 Magnitude of Gx(x,y) and Gy(x,y). 
(a) Simple operator. (b) Prewitt operator. 

(c) Sobel operator. (d) Rosenfeld-Thurston operator. 
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(a) (b) 

(c) (d) 

Figure 4.21 Maximum of Absolute of Gx(x,y) and Gy(x,y). 
(a) Simple operator. (b) Prewitt operator. 

( c) Sobel operator. ( d) Rosenfe ld-Thurston operator. 
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the gradient clearly. The darker intensity levels correspond to steeper gradients and the 

lighter levels indicate a slight gradient. 

4.4.3.2 Edge Map Computation 

MaG and MoA methods are used to compute gradient images. For feature extrac­

tion algorithms an edge map of distinct edges is required. To obtain an edge map the gra­

dient image is thresholded at a value that defines a certain gradient steepness as an edge. 

The resulting binary image can have edges that are multiple pixels wide which are not 

distinct. The edges in the thresholded edge map image are then thinned to single pixel 

width. The thresholding and thinning are performed by the same program which was 

developed based on the DEDIP libraries and the algorithms described in (61, 62]. 

Figures 4.22-a to 4.22-d show the thresholded and thinned MaG computed gradient 

images for the simple difference, Prewitt, Sobel and Rosenfeld-Thurston operators, 

respectively. The threshold values are 8, 30, 48 and 60 for the respective operators. The 

selection of the threshold values can vary the quality and quantity of the feature edges. 

Figure 4.23 shows the corresponding thresholded and thinned edge maps for the MoA 

computed gradient images. The images in figures 4.22 and 4.23 have been negated to 

show edges as black lines. 

Comparing the different operators in figures 4.22-a to 4.22-d shows many missed 

feature edges in the simple difference operator of figures 4.22-a while the Rosenfeld­

Thurston operators produce a fairly detailed edge map from the MaG gradient images. 

The variation can be attributed to the operators, the threshold value and the bias intro­

duced by the MaG computations. 

The MoA edge maps of figures 4.23-a to 4.23-d have variations between the opera­

tors similar to that of the MaG edge maps. Graphical comparison of the MaG and MoA 

operators are less clear but the MoA edge map method has the advantages of unbiased 

edge grad ients and ease of computation. 



(a) (b) 

(c) (d) 

Figure 4.22 Thresholded and thinned MaG images. 
(a) Simple operator. (b) Prewitt operator. 

(c) Sobel operator. (d) Rosenfeld-Thurston operator. 
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(a) (b) 

(c) (d) 

Figure 4.23 Thresholded and thinned MoA images. 
(a) Simple operator. (b) Prewitt operator. 

(c) Sobel operator. (d) Rosenfeld-Thurston operator. 
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4.5 Example 4: Laplacian of a Gaussian: 
Separable Implementation 

One limitation of the first derivatives is their sensitivity to 2-D ramp edges where the 

edge's gradient is spread over many pixels. The first derivative operation returns the slope 

which must be thresholded to determine if the slope is large enough to be considered to 

be an edge. After thresholding, a ramp edge will produce a multiple pixel wide binary 

edge. Thinning is required to produce a single pixel wide edge whose position is depen­

dent on the method for thinning of the binary edge, not the location of the edge. 

The second derivative produces zero crossings that correspond to the edges. The 

location of the zero crossing of a ramp edge closely approximates its mjdpoint. In the cal­

culation of the zero crossings, sub-pixel accuracy can be realized [62, 63]. 

The Laplacian of a Gaussian (LoG) operator is a popular rotationally-invariant sec­

ond-derivative operator. The LoG operator combines a Gaussian smoothing filter and the 

Laplacian operation to perform the second derivative operation. It is considered to be a 

close paraJlel to biological vision systems [52, 53]. 

4.5.1 Laplacian of a Gaussian Operator 

The description of the Laplacian of a Gaussian (LoG) operation uses continuous, 2-D 

functions. The LoG filtering operation is described in two steps which will be rearranged 

into a single, continuous fi ltering kernel that can be sampled for filtering digital images. 

In the fi rst step, a continuous image, f (x, y) is convolved with a 2-D Gaussian ker­

nel, YCJ• defined in equation 4.32 [52]. 

Ycr(x,y) = <lexp X +y ( 
-2 -2] 

2cr
2 

(4.32) 

The second step is the Laplacian operation shown in equation 4.33 which is applied 

to the result of the Gaussian filtering. 

2 2 
v2 c. ) = i <. ) + i c.) 

ax2 a/ 
(4.33) 

The LapJacian of a Gaussian fi ltering is shown in equation 4.34 where ** denotes 

2-D convolution. 
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2 2 
a

2 
(f(x, y) ** q

0 
<x, y)) + a

2 
(f(x, y) ** q

0 
<x, y)) (4.34) 

ax ay 
The 2-D convolution and Laplacian operations are linear and can have their order 

of operations changed as in equation 4.35. The LoG operation can be considered as the 

convolution of an image with the Laplacian of a Gaussian which can be performed in 

one filtering step. 

2 2 
= J<x, y) ** a

2 
q

0 
(x, y) + J<x, y) ** a

2 
q

0 
<x, y) 

ax a; 
= J(x, y) ** ( v2 q

0 
<x, y)) 

(4.35) 

Equations 4.36 and 4.37 show the second partial derivatives of the Gaussian in the 

X and Y directions, respectively. 

(4.36) 

Lq(J(x,y) = [i- 1Jexp[ i+iJ 
".\-2 2 

2 
2 

oy cr cr 
(4.37) 

Equation 4.38 defines the Laplacian of a Gaussian kernel [52]. An arbitrary scale 

factor can be appl ied to the LoG kernel [59). In some papers a negative scale factor has 

been used. The important information in LoG filtering is the zero crossings on which the 

scaling has no effected. 

[

-2 -2 J [ -2 - 2 J = x + y - 2 exp -x + y 
2 

2 
2 

cr cr 
(4.38) 

A sampled version of the LoG operation is denoted by v'2 q
0 

(x, y) where x and y 

are integer variables. This kernel could be used for FIR filtering except that it has an infi-
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nite extent. The extent can be limited by truncating the kernel to a certain size because the 

significant extent of the kernel is bounded. 99% of the area under a Gaussian curve is 

within ±3a of the origin. The distance between zero crossings of the LoG kernel is 

w= 2J2cr [52, 59]. As a general rule, the LoG operator dimensions should be 3 to 4 w to 

provide adequate trade-offs between computational requirements and maximum Gauss­

ian support. 

The LoG kernel has special properties that allows it to be realized as a modified 

separable filter [59, 62]. The LoG mask can be split into the summation of two separable 

filters of equation 4.39. 

= LoG + LoG 
X )' 

(4.39) 

The block diagram for the modified separable LoG fi lter implementation is shown 

in figure 4.24. 

I (x, y) 

Figure 4.24 Signal flow graph for separable LoG fi lter. 
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4.5.2 Scale-Space Representation 

Pyramidal or multi-scale image analysis involves the computation of a sequence of 

images of various spatial resolutions or scales [65, 59). A fine scale shows considerable 

detail which in many cases is extraneous while a coarse scale causes some features to be 

lost or distorted. A scale-space representation can be found by convolving an input image 

with a filter mask which depends on a scale parameter. The LoG kernel has the constant, 

cr, which is used as a scale parameter. The scale-space representations from fine to coarse 

scale is computed by convolving the input image with a LoG kernel having increasing 

values for the space constant, cr. The finest possible scale is limited by the input image. 

Consistency of response to features between scales is important. Features should 

not appear and disappear randomly in the scale-space sequence. The LoG kernel satisfies 

this condition. As the scale-space sequence varies from coarse to fine scale, zero cross­

ings in a LoG kernel response never disappear but new ones can appear [59). The zero 

crossings obtained from a LoG scale-space sequence can be used to identi fy major feature 

boundaries at a coarse scale and then obtain the most accurate position of the zero cross­

ing at the fine scale. 

4.5.3 Laplacian of a Gaussian Analysis 

Figures 4.25-a and 4.25-b show the LoGx and LoGy coefficient masks for cr= 1.061. The 

full FIR filter has the dimension 9x9 which would have resulted in 81 multiplications and 

80 additions per pixel. The modified separable implementation resulted in 36 multiplica­

tions and 33 additions per pixel. 

Figures 4.26-a and 4.26-b show the LoGx and LoGy coefficient masks for 0'=2.121. 

The full FIR filter has the di mens ion 17x 17 which would have resulted in 289 multiplica­

tions and 288 additions per pixel. The modified separable implementation resulted in 68 

multiplications and 65 additions per pixel. 

Figures 4.27-a and 4.27-b show the LoGx and LoGy coefficient masks for 0'=3.182. 

The full FIR filter has the dimension 25x25 which would have resulted in 625 multiplica­

tions and 624 additions per pixel. The modified separable implementation resulted in I 00 

multiplications and 97 additions per pixel. 

Figures 4.28 and 4.29 show the LoGx and LoGy coefficient masks for cr=4.243. The 

fu ll FIR filter has the dimension 33x33 which would have resulted in 1089 multiplica-



DEDIP2.0 
Type : Separable FIR Filter Mask 
Aulhor : Al Keddy 
Dale : Tue Aug 14 15:27:40 1990 
Comment : ( 0 line(s) ): 
History : ( 0 line(s) ): 
Format : ascii 
Word Representation : Big Endian 
Height: 9 
Width : 9 
Depth: 64 

0.009590360321027 0.1 1396390859482 I 0.38393155615786 I -0.063326309518092 
-0.888889169073428 -0.063326309518092 0.38393 I 556 157861 0.1 I 3963908594821 
0.009590360321027 

0.000815986006057 0.018315615795834 0.169013220696257 0.641 180298605545 
I .000000000000000 0.641180298605545 0.169013220696257 0.0 183 15615795834 
0.0008 15986006057 

DEDIP2.0 
Type : Separable FIR Filter Mask 
Author : Al Keddy 
Date:TueAug 1415:27:40 1990 
Comment : ( 0 line(s) ): 
History : ( 0 line(s) ): 
Format : asci i 
Word Representation : Big Endian 
Height : 9 
Width: 9 
Depth: 64 

(a) 

0.000815986006057 0.018315615795834 0.169013220696257 0.641180298605545 
l .000000000000000 0.6411 80298605545 0. 169013220696257 0.0183 156 15795834 
0.0008 15986006057 

0.009590360321027 0. I J 3963908594821 0.38393155615786 I -0.063326309518092 
-0.888889169073428 -0.063326309518092 0.38393155615786 I o. 113963908594821 
0.009590360321027 

(b) 

Figure 4.25 LoG operator coefficients for cr= 1.061. 
(a) LoGx separable operator. (b) LoGy separable operator. 
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DEDIP2.0 
Type : Separable FIR Filter Mask 
Author : Al Keddy 
Date : Tue Aug 14 16:34: 12 1990 
Comment : ( 0 line(s) ): 
History : ( 0 line(s) ): 
Format : ascii 
Word Representation: Big Endian 
Height: 17 
Width: 17 
Depth: 64 
0.002397590080257 0.009493849580040 0.028490977148705 0.062944124353538 
0.095982889039465 0.08175 l 038464049 -0.015831577379523 -0.154663615027680 

-0.222222292268357 -0.154663615027680 -0.015831577379523 0.081751038464049 
0.095982889039465 0.062944124353538 0.028490977148705 0.009493849580040 
0.002397590080257 

0.000815986006057 
0.169013220696257 
l .000000000000000 
0.!69013220696257 
0.000815986006057 

DEDIP2.0 

0.004320232060007 
0.367879325213062 
0.894839285474353 
0.062 J 76469581825 

Type: Separable FIR Filter Mask 
Author : Al Keddy 
Date : Tue Aug 14 16:34: I 2 1990 
Comment : ( 0 line(s) ): 
History : ( 0 line(s) ): 
Format : ascii 
Word Representation : Big Endian 
Height : 17 
Width: 17 
Depth: 64 

0.0008 15986006057 
0. 169013220696257 
I .000000000000000 
0. 169013220696257 
0.000815986006057 

0.004320232060007 
0.367879325213062 
0.894839285474353 
0.062176469581825 

0.018315615795834 
0.641180298605545 
0.64 l 180298605545 
0.018315615795834 

(a) 

0.018315615795834 
0.64 I l 80298605545 
0.641 180298605545 
0.0 18315615795834 

0.062 l 76469581825 
0.894839285474353 
0.367879325213062 
0.004320232060007 

0.06217646958 1825 
0.894839285474353 
0.367879325213062 
0.004320232060007 

0.002397590080257 0.009493849580040 0.028490977148705 0.062944124353538 
0.095982889039465 0.081751038464049 -0.015831577379523 -0. 154663615027680 

-0.222222292268357 -0.154663615027680 -0.015831577379523 0.08 1751038464049 
0.095982889039465 0.062944124353538 0.028490977148705 0.009493849580040 
0.002397590080257 

(b) 

Figure 4.26 LoG operator coefficients for cr=2. l 2 l. 
(a) LoGx separable operator. (b) LoGy separable operator. 
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DEDIP2.0 
Type : Separable FIR Filter Mask 
Author : Al Keddy 
Date: Tue Aug 14 16:40:26 1990 
Comment : ( 0 line(s) ): 
History : ( 0 line(s) ): 
Format: ascii 
Word Representation: Big Endian 
Height: 25 
Width: 25 
Depth: 64 
0.00I065595189179 0.002747889977804 0.006283248738253 0.012662654748506 
0.02228496854323 I 0.033728334651138 0.042659063756359 0.0422 I 83376 I 8 I 20 
0.026005909498858 -0.007036252688317 -0.049037632008330 -0.08472202 17 l 7624 

-0.098765470630655 -0.084722021717624 -0.049037632008330 -0.0070362526883 l 7 
0.026005909498858 0.042218337618 120 0.042659063756359 0.03372833465 JI 38 
0.02228496854323 l 0.012662654748506 0.006283248738253 0.002747889977804 
0.001065595189 I 79 

0.000815985571283 0.002540711870722 0.00716696122977 I 0.018315610306442 
0.042404742983545 0.08894349215967 I 0.169013198182865 0.290960318723642 
0.453788628636543 0.641180277253452 0.820754745047804 0.9518 I 6766085440 
I .000000000000000 0.951816766085440 0.820754745047804 0.641180277253452 
0.453788628636543 0.2909603 I 8723642 0.169013198182865 0.08894349215967 I 
0.042404742983545 0.018315610306442 0.007166961229771 0.002540711870722 
0.000815985571283 

DEDIP 2.0 
Type: Separable FIR Filter Mask 
Author : Al Keddy 
Date : Tue Aug 14 J 6:40:26 1990 
Comment : ( 0 line(s) ): 
History : ( 0 line(s) ): 
Format : ascii 
Word Representation : Big Endian 
Height: 25 
Width: 25 
Depth: 64 

0.000815985571283 
0.042404742983545 
0.453788628636543 
l .000000000000000 
0.453788628636543 
0.042404742983545 
0.00081598557 1283 

0.00254071 I 870722 
0.088943492 15967 1 
0.641180277253452 
0.951816766085440 
0.290960318723642 
0.018315610306442 

(a) 

0.007 I 66961229771 
0.169013198182865 
0.820754745047804 
0.820754745047804 
0.169013198182865 
0.007166961229771 

0.018315610306442 
0.2909603 18723642 
0. 951816766085440 
0.641180277253452 
Q088943492l59671 
0.002540711870722 

0.00 I 065595189179 0.002747889977804 0.006283248738253 0.012662654 748506 
0.02228496854323 I 0.033728334651 J 38 0.042659063756359 0.042218337618120 
0.026005909498858 -0.0070362526883 I 7 -0.049037632008330 -0.084722021717624 

-0.098765470630655 -0.084 72202 l 7 l 7624 -0.049037632008330 -0.0070362526883 I 7 
0.026005909498858 0.042218337618120 0.042659063756359 0.033728334651138 
0.02228496854323 I 0.012662654748506 0.006283248738253 0.002747889977804 
0.001065595189179 

(b) 

Figure 4.27 LoG operator coefficients for cr=3. 182. 
(a) LoGx separable operator. (b) LoGy separable operator. 
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DEDIP2.0 
Type: Separable FIR Filter Mask 
Author : Al Keddy 
Date: Tue Aug 14 16:43:06 1990 
Comment : ( 0 line(s) ): 
History : ( 0 line(s) ): 
Format: ascii 
Word Representation : Big Endian 
Height: 33 
Width: 33 
Depth: 64 
0.000599397520064 0.001233344079722 0.0023734623950 IO 0.0042624595 l I 624 
0.007122744287176 0.01 1030115077639 0.015736031088385 0.0204942938955 I 7 
0.023995722259866 0.024529788618534 0.0204377596 16012 0.0 I 0788477752599 

-0.00395789434488 I -0.021633353380565 -0.038665903756920 -0.05 I 03173 I 084459 
-0.055555573067089 -0.051031731084459 -0.038665903756920 -0.021633353380565 
-0.00395789434488 I 0.010788477752599 0.020437759616012 0.024529788618534 
0.023995722259866 0.0204942938955 I 7 0.01573603 1088385 0.011030115077639 
0.007122744287 I 76 0.0042624595 1 I 624 0.0023734623950 IO 0.001233344079722 
0.000599397520064 

0.000815986006057 0.00 I 930450333145 0.004320232060007 0.009145933504955 
0.018315615795834 0.034696648886849 0.06217646958 I 825 0.1053991498 !0957 
0.169013220696257 0.256375646692885 0.367879325213062 0.499351679294092 
0.641180298605545 0.778800721700425 0.894839285474353 0.972604468600450 
l.000000000000000 0.972604468600450 0.8948392854 74353 0. 77880072 I 700425 
0.641180298605545 0.499351679294092 0.3678793252 13062 0.256375646692885 
o.169013220696257 0.105399149810957 0.062176469581825 0.034696648886849 
0.018315615795834 0.009145933504955 0.004320232060007 0.001930450333145 
0.000815986006057 

Figure 4.28 LoGx operator coefficients for cr=4.243. 

92 



DEDIP2.0 
Type: Separable FIR Filter Mask 
Author : Al Keddy 
Date: Tue Aug 14 16:43:06 1990 
Comment : ( 0 line(s) ): 
History : ( 0 line(s) ): 
Format: ascii 
Word Representation : Big Endian 
Height: 33 
Width: 33 
Depth: 64 

0.000815986006057 0.001930450333145 0.004320232060007 0.009145933504955 
0.018315615795834 0.034696648886849 0.062176469581825 0.105399 149810957 
0.169013220696257 0.256375646692885 0.367879325213062 0.499351679294092 
0.641180298605545 0.778800721700425 0.894839285474353 0.972604468600450 
I .000000000000000 0.972604468600450 0.894839285474353 0.778800721700425 
0.641180298605545 0.49935 1679294092 0.3678793252 I 3062 0.256375646692885 
0.1690 l 3220696257 0.105399149810957 0.062176469581825 0.034696648886849 
0.018315615795834 0.009145933504955 0.004320232060007 0.001930450333145 
0.0008 15986006057 

0.000599397520064 0.001233344079722 0.0023734623950 IO 0.0042624595 JI 624 
0.007122744287176 0.011030115077639 0.015736031088385 0.020494293895517 
0.023995722259866 0.024529788618534 0.020437759616012 0.0 I 07884 77752599 

-0.00395789434488 I -0.021633353380565 -0.038665903756920 -0.05 I 031731084459 
-0.055555573067089 -0.05 I 031731084459 -0.038665903756920 -0.021633353380565 
-0.00395789434488 I 0.010788477752599 0.020437759616012 0.024529788618534 
0.023995722259866 0.0204942938955 I 7 0.01573603 1088385 0.011030115077639 
0.007122744287176 0.004262459511624 0.0023734623950 IO 0.001233344079722 
0.000599397520064 

Figure 4.29 LoGy operator coefficients for cr=4.243. 

93 



94 

tions and 1088 additions per pixel. The modified separable implementation resulted in 

132 multiplications and 129 additions per pixel. 

The impulse responses of the four LoG fi lter masks with the Gaussian space con­

stants of cr= 1.061, 2.121 , 3. 182 and 4.243 are shown in figure 4.30. The impulse 

responses show the shape of the Laplacian of a Gaussian function. As the scale changes 

from fine to coarse the extent of the LoG kernel impulse response increases. 

The magnitude responses of the four LoG filter masks with the Gaussian parameter 

cr=l.061 , 2.121 , 3.182 and 4.243 are shown in figure4.31. There are some interesting 

points to note from the magnitude responses. The LoG filter is a circularly-symmetric 

bandpass fi lter with a response independent of the orientation of the edge: it is a rotation­

ally-invariant derivative operator. Comparing the differences as the scale-space resolu­

tion decreases (the Gaussian space constant increases) it is observed that the fine scale of 

cr=l.061 allows more high frequency components to pass through the filter than the 

coarse scale of 0"=4.243. This increased attenuation of the high frequency components 

will decrease sharp intensity changes and blur the detail for a coarse view of an image's 

features. 

Comparing the general shape of the scale-space representation for the impulse and 

magnitude responses an inverse relationship with respect to the width is observed. At the 

fine scale the impulse response has a small width and the magnitude response has a wide 

width. The correlation operation uses the information from a few pixels and keeps consid­

erable feature detail. The magnitude response shows that the filter allows considerable 

high frequency components to pass which leads sharp intensity changes. These sharp 

intensity changes form the feature details. 

At the coarse scale the impulse response is wide and the magnitude response is nar­

row. The correlation operation uses the information from many pixels and reduces fea­

ture detail considerably. The magnitude response shows the fi ltering passes very little 

high frequency components with considerable blurring. The feature detail is reduced and 

small-scale discontinuities disappear. 

The step responses of the four LoG filter masks with the Gaussian space constants 

of cr= 1.061 , 2.121, 3. I 82 and 4.243 are shown in figure 4.32. As was discussed with the 

first directional-derivative operators, the delay observed in the step response is reflected 

in wide, blurred edges. The fine scale step response has a very small delay and has a very 
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Figure 4.30 Laplacian of a Gaussian operator: impulse response. 
(a) cr= 1.061. (b) cr=2. l 2 l. (c) cr=3.182. (d) cr=4.243. 
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Figure 4.31 Laplacian of a Gaussian operator: magnitude response. 
(a) cr= 1.061 . (b) cr=2. l 2 l. (c) cr=3.1 82. (d) cr=4.243. 
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Figure 4.32 Laplacian of a Gaussian operator: step response. 
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sharp response to edges. The coarse scale step response is large and has very wide, 

blurred edges. 

4.5.4 Laplacian of a Gaussian Application 

Figure 4.33 shows the results of filtering the test image of figure 4.4 with the four 

LoG filters with the Gaussian space constants of cr=l.061, 2.121, 3.182 and 4.243. The 

blurring of the features as the space constant increases expected from the analysis can be 

observed. Figure 4.34 shows the zero crossings of figure 4.33. The increase in feature 

detail of scale-space sequence from the coarse scale resolution of figure 4.34-d to the fine 

scale resolution of figure 4.34-a is clearly observable. 



(a) (b) 

(c) (d) 

Figure 4.33 Laplacian of a Gaussian operator: filter result. 
(a) cr= 1.061. (b) cr=2. l 2 l. (c) cr=3. l 82. (d) cr=4.243. 
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(a) (b) 

(c) (d) 

Figure 4.34 Laplacian of a Gaussian operator: zero-crossings. 
(a) cr=l.061. (b) cr=2.121. (c) cr=3.182. (d) cr=4.243. 
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Chapters 

Summary 

5.1 Summary 

A software package DEDIP has been developed to provide an efficient environment for 

DIP algorithm development. A particular focus of DEDIP is the implementation of 2-D, 

LSI filters for DIP applications. Although many general image-manipulation environ­

ments are available, none of the ones surveyed provide a general application of 2-D LSI 

filtering beyond simple convolution. 

5.1.1 DEDIP 

DEDIP is a two-level programming environment which is composed of a function library 

and programs. A DIP researcher can combine existing programs to process digital image 

data files from the CLI or create new programs using the function libraries. The filtering 

examples demonstrated the CLI level programs. 

The library and programs were developed using structured programming tech­

niques. The modularity and information hiding simplified development to small, easy-to­

understand modules. The encapsulation of the data structures and functions made the pro­

gramming of algorithms much easier. The focus was on the development of the algo­

rithms, not the auxil iary functions such as the IO functions. Though the library level was 

not demonstrated here, the programs that implemented the MaG, MoA, thinning and 

zero-crossing algorithms for the examples were developed using the library level. 

The system presented in this thesis provides the ability to analyze and apply 2-D 

linear, shift invariant digital fi lter coefficient masks. The filtering aspects of DEDIP were 

demonstrated using FIR, IIR and SFIR filter implementations. 
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The first example showed the ability to analyze and apply lowpass filters imple­

mented as FIR and IIR filters. The two implementations' performance was discussed. 

DEDIP does not consider the problem of designing 2-D digital filters but the body of 

knowledge for designing 2-D digital filters is richer for FIR filter design. 

The second example demonstrated the fan filter. It is a frequency domain specifica­

tion of a filter that highlights edges with a particular orientation. 

The third and fourth examples described and demonstrated edge-detection filtering 

designed and specified in the spatial domain. 

The third example described the historical development of common directional first 

spatial derivative cross-correlation masks. This example also showed the result of differ­

ent stages of nonlinear filtering used to produce edge maps. 

The fourth example discussed the implementation of the rotationally-invariant sec­

ond spatial derivative operator, Laplacian of a Gaussian (LoG). It is implemented as a 

modified separable FIR fi lter. This implementation improved the computational effi­

ciency of the LoG processing. To complete the edge map processing, the results of non­

linear filtering to obtain an edge map from the zero crossings in the LoG filtering results 

is shown. 

The examples demonstrated many properties of 2-D linear, shift invariant (LSI) dig­

ital fi lters. DEDIP contributes the method and mechanisms for a general interface of pro­

grams and C functions that can analyze and apply 2-D LSI digital coefficient masks to 

images, as demonstrated in the examples. 

5.1.2 Other Research Projects 

DEDIP has already been used in several digital image processing research projects 

and has proved to be useful for algorithm development. The following briefly describes 

these projects and the contribution of DEDIP to each project. 

Mr. A. El Maleh used DEDIP in research of 1-D vector quantization image coding 

techniques [66]. Mr. El Maleh wrote programs using the DEDIP libraries for the evalua­

tion of image compression algorithms using 2-D and 1-D vector quantization. His 

research also investigated different modifications to the 1-D vector quantization to evalu­

ate the perceived image quality improvements. 

Another area of research that used DEDIP was in reconstruction of 3-dimensional 
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representations from 2-dimensional slices [67]. In the course of her research, Ms. J. Li 

used the LoG filtering demonstrated in example four of chapter 4 to obtain edge contours 

that represented feature boundaries in the slice. The feature boundaries from multiple 

slices were then converted to a 3-D triangular objects that were rendered to visualize the 

original object. 

Motion estimation research using block matching algorithms is being performed 

using DEDIP by Mr. J. Chana [68]. Mr. Chana has used DEDIP to implement and com­

pare the performance of a number of efficient block matching algorithms. Programs writ­

ten using DEDIP are also being used to manipulate frames in a raw video sequences and 

the DXDisplay program is used to evaluate the subjective quality of predicted frames. 

5.2 Future Directions 

DEDIP's future development goes in two different directions. The first direction is the 

further development of DIP tools through the implementation of new algorithms such as 

2-D filter design. The second one is improving the software implementation by using 

new features of recently-developed compiler languages. 

The DEDIP system was developed using the Kernigan and Richie (K&R) version of 

the C language [41]. A problem with K&R C is weak function parameter type checking 

and no type checking on macros. ANSI C [69] and C++ [70] provide strong function 

parameter type checking through function prototypes. C++ also provides inline functions 

which allow fast execution without function call overhead as do macros but also pro­

vides function parameter type checking. 

Future development of DEDIP using C++ is under consideration. In addition to the 

type-checking advantages, C++ classes provide an interesting method of encapsulating 

functions and data as well as controlling access to different parts of a class. C++ can also 

be used to overload existing operators such as*,/,+ and-. A common example is a user 

defined complex data type including the basic arithmetic operators. 
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