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Abstract 

An edge-based segmentation scheme (i.e. boundary detector) for nuclear 

medicine images has been developed and consists of a multiresolutional 

Gaussian-based edge detector working in conjunction with a modified version 

of Nilsson's A* graph-search algorithm. A multiresolution technique of 

analyzing the edge-signature plot (edge gradient versus resolution scale) 

allows the edge detector to match an appropriately sized edge operator to the 

edge structure in order to measure the full extent of the edge and thus gain the 

best compromise between noise suppression and edge localization. The 

graph-search algorithm uses the output from the multiresolution edge detector 

as the primary component in a cost function which is then minimized to obtain 

the boundary path. The cost function can be adapted to include global 

information such as as boundary curvature, shape, and similarity to prototype 

to help guide the boundary detection process in the absence of good edge 

information. 
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1. INTRODUCTION 

In the field of nuclear medicine, a number of clinical tasks such as the 

determination of ventricular volume or the characterization of cardiac wall 

motion depend on the fundamental image-processing task of defining a single 

bright object from a dark background in the image. The extraction of a single 

object region in an image is the most basic case of the process of image 

segmentation. However, nuclear medicine images have low spatial resolution 

(typically 64 x 64 pixels) and high levels of noise which make it difficult to apply 

conventional image-segmentation schemes that have been 'borrowed' from the 

general field of image processing. 

One conventional approach to image segmentation is to classify each pixel in 

the image as belonging to either an object or background region based on 

some feature characteristic (e.g. gray-level value) which is specific to each 

region. Specific segmentation techniques that utilize this approach include 

histogram-based thresholding and clustering (these techniques are explained 

further in section 2.3). The most common histogram-based segmentation 

scheme involves examining the gray-level histogram of an image for bimodal 

behavior and then selecting the gray-level value that corresponds to the 'valley' 

between the two histogram modes. A pixel in the image is classified as an 
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object pixel if its gray level is greater than the threshold level or a background 

pixel if the gray level is lower than the threshold value. If the original gray-level 

image has fairly homogeneous object and background regions, then the 

histogram-based segmentation scheme will produce thresholded regions that 

are contiguous. 

A second approach to image segmentation relies on detecting the boundary 

between the object and background regions. The edge-based methods 

described in section 2.2 utilize this approach to segmentation. Edge-based 

segmentation methods rely on the edge information from an edge operator to 

define regions where the gray levels differ significantly. The edge regions are 

then thinned and linked together to form a closed boundary surrounding the 

object of interest. 

Both of the above mentioned segmentation approaches have inherent 

drawbacks that become more pronounced when the image quality is degraded 

by blurring and spurious noise. For histogram-based thresholding schemes, if 

an image is severely blurred then the gray-level histogram may no longer have 

a strongly bimodal shape. Also, the addition of noise will destroy the contiguity 

of the thresholded object and background regions. To compensate for the 

effects of blurring and noise, some histogram-based segmentation schemes 
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partition the image into smaller regions along the object boundary that may 

yield stronger bimodal histograms. In doing so, the advantage of producing an 

enclosed boundary is lost, and a linking routine is needed to interpolate values 

between these subimages. 

Edge-detection schemes also have problems when dealing with poor images. 

For example, an edge detector that is designed to detect a specific edge 

structure (e.g. step-edge profile) will yield erroneous spatial edge locations if 

the actual edge structures do not resemble the edge model due to noise or 

blurring. Edge operators can also have difficulty with blurred boundary regions 

because the spatial extent of the edge itself becomes questionable with 

increased blurring. In addition, an edge detector that does not measure the 

entire extent of the valid edge structure will react to spurious noise structure of 

smaller spatial extent. Most of the edge-detection schemes used for nuclear 

medicine images attempt to suppress noise via a spatial averaging process that 

'smooth* the gray-level transitions in the image. But this smoothing process 

further blurs the edge which makes it difficult to locate the exact boundary. A 

robust edge-detection scheme must be able to resolve the inherent conflict of 

achieving good noise suppression without sacrificing edge localization. 

In some cases, the blurring or noise in the image becomes so severe that the 
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boundary between the object and background regions is ambiguous or 

indistinguishable. In these situations, a segmentation routine needs to 

incorporate global information regarding the overall shape of the object in order 

to make an educated 'guess' as to where the actually boundary is located. 

Incorporating this global information into the histogram-based segmentation 

scheme is quite difficult - if not impossible. However, an edge-based 

segmentation method using graph-searching techniques can easily be adapted 

to include such global information as boundary curvature, shape, and similarity 

to prototype to help guide the boundary detection process in the absence of 

good edge information. 

In this thesis, an edge-based segmentation scheme (i.e. boundary detector) is 

developed that consists of a multiresolutional edge detector working in 

conjunction with a modified graph-search algorithm. Using multiresolution 

techniques allows the algorithm to match an appropriately sized edge operator 

to the edge structure to measure the full extent of the edge and thus gain the 

best compromise between noise suppression and edge localization. 

Chapter two provides an overview of some of the image-segmentation 

techniques used for biomedical images along with our justification for selecting 

an edge-based segmentation scheme incorporating a graph-searching 



16 

technique. Chapter three discusses the use of graph-searching algorithms ( A* 

algorithm) as it pertains to edge and boundary detection. The development of 

appropriate cost functions for these graph-search algorithms is also covered, 

and several examples of cost functions for boundary detection in biomedical 

applications are provided. Chapter three also introduces our concept of using a 

cost function based on least average cost as an alternative to the conventional 

cumulative-cost format. In chapter four, the application of multiresolution 

techniques to the edge-detection process is discussed, and we show how our 

multiresolution method of analyzing an edge-signature plot can provide an 

edge-cost parameter for the graph-search algorithm. Chapter five consolidates 

the concepts of chapters three and four to form our multiresolution graph-search 

(MGS) boundary detection algorithm. The MGS algorithm is then applied to 

some test images and the significance of using multiresolution techniques and 

least average cost in the graph-search algorithm is discussed. 
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2. SEGMENTATION SCHEMES FOR BIOMEDICAL APPLICATIONS 

2.1 Terminology 

The process of image segmentation is largely application dependent and, 

hence, ad hoc. Even within the biomedical imaging field, there exists a plethora 

of image segmenting techniques that have been tailored for very specific 

applications. The lack of a unanimously accepted deterministic model for 

images, or even edges, is what retards the development of a unified 

segmentation scheme for generic applications. To maintain some degree of 

consistency when discussing various segmentation schemes, some definitions 

of common terms are given below: 

Segmentation: Image segmentation is the division of an image into discrete, 

meaningful regions. Each region has some common feature that distinguishes it 

from the other regions. Segmentation techniques can be categorized into four 

broad classes: edge-based detection, histogram-based thresholding, clustering, 

and region-growing. Region-growing techniques have not been extensively 

used for segmenting medical images; hence this section will concentrate on the 

other mentioned segmentation classes. A good survey on region-growing 

techniques can be found in Zucker (1976). 
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Edge Detection: It is difficult to define the edge detection process because 

there does not exist a precise, deterministic model for edge structure. In a 

qualitative sense, edge detection is the process of detecting a significant 

change in gray level from one region to another. Each region must be of 

sufficient size so that the edge structure may be distinguished from random 

noise. 

Boundary Detection: Boundary detection is the process of combining edge 

segments into a contiguous outline that surrounds the object of interest. 

Thresholding: In its simplest form, thresholding involves choosing a gray-level t 

such that all pixels with gray-levels greater than t are classified as object pixels 

and all other pixels are classified as background. Thresholding an entire image 

with a single threshold value is referred to as global thresholding. Global-

thresholding techniques can be further classified as point-dependent and local-

area-dependent. Point dependency is realized when the threshold value is 

determined only from the gray level of each pixel, and local-area dependency 

implies that the threshold value is dependent on a local property in the 

neighborhood of each pixel such as an average gray level or an edge value. 

Variable or multilevel thresholding techniques involve partitioning an image into 
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subimages and then determining a threshold for each of these subimages. This 

partitioning process may yield discontinuities between two subimages in the 

thresholded image, and smoothing the boundary between these regions may 

be required. The subregions may be thresholded by either point-dependent or 

region-dependent methods. Although variable thresholding provides a different 

threshold level for different portions of the image, the image is still classified 

into two distinct regions (i.e. object and background). 

2.2 Edge-Based Methods 

A block diagram of a generic edge-based segmentation scheme is shown in 

Figure 2.1. The spatial operator that is applied to the image is typically a first- or 

second-derivative edge operator. Applying the edge operator to each point in 

the image creates an edge map which relates the edge magnitude to each 

spatial location in the original image. The size of the operator is of significance 

because the discrete convolution performed on the image in the spatial domain 

is equivalent to a filtering operation in the spatial frequency domain. Hence, if 

the edge operator size is too small, it will react to noise and other spurious, 

high frequency detail. Conversely, fine details in the image that are significant 

will be lost if the edge operator covers a large spatial extent. 
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FIGURE 2.1 Edge-Based Segmentation Scheme 
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Most segmentation algorithms resort to thresholding the edge map at a set 

magnitude level, followed by thinning and linking operations that attempt to 

connect edge segments of single pixel width into a closed boundary. The task 

of thresholding the edge map image is quite critical. If the threshold level is set 

too low, 'thick' edge segments result and the task of properly thinning the edge 

segments to a single pixel width increases in difficulty. A threshold level that is 

too high will result in large gaps between the edge segments, and consequently 

the burden of defining the boundary is placed on the linking process. 

The alternative route for the segmentor is to utilize a tracking, sequential graph 

searching, or dynamic-programming algorithm to connect the edge points into a 

contiguous boundary. These same techniques can also be used to perform the 

above-mentioned linking operation. The inherent assumptions of these 

techniques is that there is a definable starting and stopping point in the tracing 

of the boundary and that only one boundary is present for each tracking or 

searching operation. This type of segmentor is limited in that it cannot 

automatically construct closed boundaries for images containing an unspecified 

number of objects. 

2.2.1 Edge Detectors for Nuclear Medicine 

Many of the edge detectors and filters used in boundary detection schemes for 
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nuclear medicine have been borrowed from the general field of image 

processing (see Poppl & Herrmann,1982). First-derivative or gradient operators 

such as the Prewitt, Sobel, and Roberts operators, as well as second-derivative 

operators such as the Laplacian have been routinely applied to biomedical 

boundary detection schemes. Figure 2.2 shows the discrete kernel values for 

the Laplacian, Prewitt and Sobel edge operators. More detailed descriptions of 

generic edge operators can be found in the survey articles of Davis (1979) and 

Peli & Malah (1982). Chin et al (1988) show results of the application of several 

generic edge detectors (Sobel, Roberts, Kirsch, Marr-Hildreth, Haralick, Shen-

Casten, and Nalwa-Binford) to images from various medical imaging modalities 

including CT, MRI and PET. This section describes some of the edge operators 

that have been specifically designed for use in nuclear medicine images. 

Averaged Areas: 

Hawman (1979) used both first- and second-difference operators for edge 

detection or enhancement. Hawman's edge operators were based on the 

premise that spatial averaging was necessary in order to suppress the high 

level of noise in radionuclide images. The first-difference operator used by 

Hawman was originally developed by Rosenfeld (see 1982 reference) and 

computes differences of local gray-level sums from nonoverlapping adjacent 

regions. The discrete x and y gradient components from the first-difference 
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operator are defined as: 

ex (U) = w 

©y (i.j) = A2 - A6 , 

where An is the gray-level sum over an nxn region in the image that is adjacent 

to the region containing point (i,j). Figure 2.3 shows the relative positions of 

these regions. The edge magnitude from the first-difference operator is defined 

as: 

mag(i,j) = yJ[ex(i,J)f + (ey(i,j)]2 , 

The second-difference operator uses the average gray-level values from the 

adjacent regions: 

sxy(i,j) = A^ +AS - 2A^ , 

Sy(i.j) = + \ - 2A^ , 

syx (i.j) = A^ + A^ - 2A^ , 

('j) = ̂ 4 + ^8 " ^9 ' 

Here, the overbar indicates that an average gray-level value is used for that 

region in the image. The output from the second difference operator is defined 

as: 

S (i.j) = max (sxy(i,j), sy(i,j), syx(i,j), sx(i,j)} 
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The critical parameter for both the first- and the second-difference operator is 

the size of the neighborhood regions (nxn). Hawman empirically determined 

that a 3x3 pixel region provided good results for cardiac images having an 

average signal-to-noise ratio of ten. 
I n | 

Ai A2 A3 

A8 A9 a4 

A7 A6 As 

Note: point (i,j) is located in the center of region Ag. 

Figure 2.3 Neighborhood Region labelling for Hawman's First- and Second-
Difference Edge Operators 

Average Local Gradient: 

Jackson (1981) proposed an edge operator based on the summation of the 

absolute value of the count value (gray level) from each of the eight neighbors 

to the center pixel. The resultant magnitude is indicative of the average 

directional difference of the neighboring pixels. Jackson's operator is similar to 

the Laplacian operator with the exception that in Jackson's scheme, the 

diagonal neighbors of the center pixel are weighted differently than the 

horizontal and vertical neighbors. The edge magnitude from the 3 x 3 kernel 

can be expressed as: 
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+ 

Pa(i)-P<*.y) 

b 

where 
P .... = Count value from one of four diagonal neighbor pixels 

P . = Count value from one of four horizontal or vertical pixels 

P(x,y) = Count value from center pixel 

The 'a' weighting coefficient was empirically determined to be a=0.1 for b=1.0 

based on the results of applying the edge detector to 'noiseless' computer-

simulated phantoms. 

Nearest Neighbor Algorithm (NNA): 

The Nearest-Neighbor Algorithm (NNA) developed by Cahill and Knowles 

(1985) is an edge operator designed to adapt to the varying local image 

information density (i.e. the ratio of object count to background count). The NNA 

edge detection process consists of three steps: 

1. Determination of the a threshold-slooe value : The threshold-slope 

value is determined for each row j in the image and is defined as: 

STH(j> = |SB(j)| -f FG) 
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where Se(j) is the slope of the background region defined by the first and last 

pixels in row j. The factor F(j) was empirically determined by optimizing the 

detection of line source phantoms: 

where 

'a' is a constant (the authors use a=0.2), 

aSB(j) is the standard deviation of the background slope SB(j), 

B(j) is the average local-background-count value for row j (The division 

by 64 appears to serve some normalization requirement although the authors 

do not state this explicitly). 

2. Generation of the an array Afi.H: A first-difference operator is used to 

determine a slope value S(i,j) for each pixel in the image. The values in the 

A(i,j) array are set to [-1,0,1] depending if S(i,j) is greater than (A(i,j)=1), within 

(A(i,j) = 0), or less than (A(i,j)=-1) the threshold-slope value STHO) for a row j. 

That is, for each pixel in the image: 

If S(i,j) > STHG) then A(i,j) = 1 

If |S(i,j)| < STHO) then A(i,j) = 0 

IfS(i.j) < -STH(J) then A(i,j) = -1 
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3. Determination of the edges: A 3x3 region is centered on a pixel (i,j) and the 

values in the A(i,j) array corresponding to the nine pixels in this region are 

summed, and an edge is deemed present at pixel (i,j) if the absolute value of 

this sum exceeds a value of three. For each pixel (i,j): 

i+1 i+1 DS - X X A<i'f • 
j-1 i-1 

If |DS| > 3 then an edge exists at (i,j) 

Summing the values of A(i,j) over the 3x3 region automatically compensates for 

random noise spikes since these uncorrelated fluctuations imply neighboring 

A(i,j) values of +1 and -1. 

The authors claim that the NNA provides superior results over the Sobel and 

Roberts operators because the NNA locally adapts to the background 

conditions in each row. Thus, the critical parameter in this edge-detection 

algorithm is the threshold-slope value STHO). Unfortunately, this parameter 

seems to be somewhat arbitrarily determined (especially the F(j) factor). Also, 

the sign of the background slopeSB(j) should be considered in the calculation of 

the threshold-slope value. That is, if the background has an ascending slope 

for a given row then it seems logical that the threshold-slope value should be 

larger for ascending edges than for descending edges. 



29 

Hachimura-Kuwahara Filter: 

The Hachimura-Kuwahara Filter (a.k.a. H-K or V Filter) introduced by 

Hachimura (1977) is an edge-preserving, noise-smoothing, nonlinear filter that 

was originally designed for the processing of radionuclide angiocardiographic 

images. While the H-K filter has been used for more noise-smoothing 

applications, Minato et al (1987) has used it to define edges for boundary 

detection in SPECT images. The H-K filter replaces the value of the pixel of 

interest with the average value of the neighborhood quadrant that has the 

smallest variance (see Figure 2.4). A small variance is indicative of a smooth 

region whereas a large variance is likely to indicate the presence of an edge. 

Applying the H-K filter repeatedly to an image results in a fixed-point image that 

does not change under further filtering. The fixed-point image consists of 

homogeneous regions with a minimum dimension of (2W-2) x (2W-2) for a 

quadrant dimension of W x W. The edge-detection scheme used by Minato is 

performed as follows: 

1. The SPECT image is transformed to polar coordinates (r,0) where the origin 

of the polar coordinate is at the geometric center point of the object. 

2. The H-K filter with a quadrant size W=5, is iteratively applied until a fixed-

point image in polar coordinates is obtained . 

3. The edge points are defined at the locations between the homogeneous 

regions in the fixed-point image. 
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Minato uses an edge-tracing technique to select and link those edge points that 

will yield the largest closed contour (i.e. those edge points that exist on the 

border between the object and background). 

2.2.2 Edge Semantics: 

The basic process of edge detection involves the detection of a discontinuity in 

gray-level or, in the case of nuclear medicine images, count values. However, 

the diversity of edge structure makes it difficult to specify which discontinuities 

actually correspond to relevant boundaries in the image. The lack of a 

quantitative edge model is what makes it difficult to design an edge operator 

that will detect the edges only along the relevant boundary. This problem is 

exemplified in the tests performed by Chin et al (1988) where all of the edge 

detectors tested failed to produce satisfactory closed boundaries (most notably 

in the case of low-contrast PET emission and transmission scans). 

We now examine the task of determining what is meant by 'relevant boundary' 

or 'significant edge.' First, consider a simple step function as a profile 

representation of a perfect edge. The abrupt transition or discontinuity of the 

step occurs at only one spatial location, and hence there is no ambiguity as to 

the location of the edge. In this case, the significant edge location corresponds 

to the geometric location of the step. If the perfect edge is blurred or smoothed 
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by convolving the step with a symmetrical function such as a rect or Gaussian, 

the point of inflection or maximum gradient value corresponds to the edge 

location of the original step edge (see Figure 2.5). This inflection point can be 

found by determining the maximum magnitude of a first-derivative edge 

operator, or alternatively, by locating the zero-crossings of a second-derivative 

edge operator. This same argument will also hold for a ramp-like edge profile 

as depicted in Figure 2.6. If the edge is not modelled as a blurred step edge, 

then discrepancies can occur as to the exact location of the boundary of 

significance. For example, Figures 2.7 and 2.8 show a hemispherical edge 

profile and its blurred counterpart. Here, the maximum gradient value does not 

correspond to the true edge location of the unblurred hemisphere profile. 

Even if one adopts the blurred-step edge as being representative of the true 

edge structure, there can still be some confusion as to the relevant edge 

location. The controversy arises because the human observer often does not 

perceive the edge as the point of inflection but rather as the point of maximum 

slope change or high Laplacian value (Marr, 1976). Figure 2.9 shows a 

Laplacian edge operator response to a blurred-step edge. 

Hawman (1979) has shown that a first-difference operator such as the Roberts 

cross detects edges that are inside the perceived boundary, while a second-
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difference operator detects edges on the outside of the perceived boundary. He 

contends that phantom left-ventricle cross-sectional areas that result from 

application of the first- and second-difference operators may differ by a factor of 

two or more. The maximum response of the second-difference operator is 

about a blur width beyond the first- difference maximum response. Hawman 

suggested that an unbiased edge magnitude could be accomplished by 

combining the magnitudes from the first- and second- difference operators: 

where 

magi(x,y) is the edge magnitude from the first-difference operator. 

mag2(x,y) is the edge magnitude from the second-difference operator. 

'a' is an arbitrary weighting factor. 

When complex edge structure is present in the image, the choice of an 

appropriate edge operator becomes less obvious. Cahill (1985) presented 

several clinically significant edge types where the object and background can 

be combined to create various edge shapes (see Figure 2.10). Consider the 

edge created by two overlapping structures as in the case of left and right 

ventricle activity. The human observer would perceive the edge as being at the 

E(x,y) = a[mag1 (x,y)] + (1 -a^mag2(x,y)) or 
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'valley' of this overlapping structure corresponding to a high Laplacian value. 

However, the overlapping structures interfere with the normal background level, 

and an edge operator is forced to operate on a truncated region of activity. On 

the side, where there is no overlapping structure, the full edge is present and a 

first-difference edge operator can be used. 

The bottom line is that it is very difficult to select an appropriate edge-detection 

or boundary-detection technique for nuclear medicine images without knowing 

how the edges in the image relate to the actual object being imaged. The 

problem with edge semantics can only truly be resolved when appropriate 

object models are developed and the system transfer function for the imaging 

system is known. However, even if we make simplifying assumptions 

regarding the edge (e.g. blurred-step model), there are still significant problems 

in developing a suitable boundary detection scheme. Thus, it is worthwhile to 

pursue the development of robust boundary-detection schemes even if we do 

not have an exact quantitative model for edges in nuclear medicine images. 

2.2.3 Graph-Searching Techniques and Boundary Trackers: 

One of the disadvantages in using an edge-based segmentation scheme for 

medical images is that the image itself often has borders that have very weak, 

blurred, or even nonexistent edge components. In these situations, an edge-
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based segmentation scheme, which relies primarily on edge information, must 

have an alternative means of guiding the boundary-detection process (e.g. 

using a boundary outline from a prototype). Graph-searching techniques or 

dynamic programming are the preferred edge-based segmenting techniques in 

these situations because supplemental image information that will compensate 

for poor edge information can be incorporated into the algorithm . Graph-

searching algorithms have been used by Eichel et al (1988) for determining 

coronary arterial edges in cineangiograms and by Gerbands (1982) in his 

Minimum-Cost-Contour technique for isolating left ventricles in gated blood-

pool scintigraphy. The methodology of these algorithms is similar to that of the 

heuristic graph-searching algorithms to be explained in Chapter Three. 

Examples of dynamic programming for boundary detection in left-ventricular 

cineangiograms and X-ray ventriculography can be found in Leeuwen (1987) 

and van Meurs et al (1987). 

Boundary-tracking algorithms trace the boundary one pixel at a time, and each 

adjacent successor pixel along the contour is selected on the basis of its edge 

magnitude. Boundary-tracking algorithms are generally used for boundaries 

with high contrast and low noise. If the boundary is not well defined, the 

boundary tracker may stray from the true boundary and not be able to recover 

from tracing the erroneous path. 
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Seitz and Ruegsegger (1983) developed a fast boundary tracker for low-dose 

CT scans that can be adapted somewhat for different conditions of noise and 

artifacts. The algorithm is initialized by two parameters that determine the 

desired 'rigidness' against noise. The first parameter sets the number of 

connected pixels required for a contour segment to be defined. The second 

parameter is the number of eligible successor pixels for each segment. The 

spatial positions of successor candidate pixels are dependent on the 

orientations of the previous pixels in a defined contour segment. The tracker 

proceeds to trace the contour by selecting the first successor pixel that exceeds 

a set threshold level. If no successor values exceed the threshold, the tracker 

selects the pixel that favors a counterclockwise direction. 

Boundary-tracking algorithms are susceptable to straying off the true boundary 

path because these algorithms use only local information. Graph-searching 

algorithms however, utliize both global and local information. For example, 

Figure 2.11 shows a portion of a boundary path as a set of points with links 

between them. The values shown alongside the links are analogous to edge-

magnitude values. The boundary-tracker will trace a series of points of high 

edge magnitude one at a time and will choose the path on the left side. A 

graph-search algorithm will try to maximize the total edge-magnitude values 
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across the entire path and will select the path on the right side. Thus, graph-

searching algorithms are inherently more powerful than boundary-tracking 

algorithms because of their ability to 'look beyond* the next pixel and globally 

optimize a path. 

2.3 Histogram-Based Thresholding Methods 

A generic description of the processes involved in histogram-based 

thresholding is depicted in Figure 2.12. The point-dependent, local-area-

dependent, and variable thresholding methods are depicted as three levels, 

where the processes at the lower levels are subsets of the higher level 

processes. Sections 2.3.1 - 2.3.3 provide specific examples of these methods. 

2.3.1 Point-Dependent Methods: 

For nuclear medicine images, a fixed threshold level is often expressed as a 

percentage of maximum pixel count values (gray level). In clinical practice, a 

fixed threshold level is typically determined through visual inspection, or by 

selecting a level that was empirically found to correspond to a specific 

measurement task such as volumetric measurement. For example, Tauxe 

(1982) determined that the 'correct' threshold value for volume correlation in 

elliptical phantoms was 46% of maximum count; whereas Kawanura et al 
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(1984) found, for kidney phantoms, that the volume correlation was closer to 

51%. For left ventricle volume measurement with gated SPECT images, 

Underwood et al. (1985) suggested a fixed threshold level of 43% of maximum 

count. Additional fixed threshold values for various clinical and phantom 

measurements are mentioned by Mortelmans et al. (1986). Point-dependent 

methods provide a less arbitrary means of selecting and evaluating a threshold 

value based on the global characteristics of the image represented by the gray-

level histogram. 

The histogram-mode method is the cornerstone of point-dependent methods 

and is typically used for well-behaved images with fairly homogeneous and 

distinct object and background regions. The mode method relies on the distinct 

difference in gray levels between object and background to provide a strongly 

bimodal gray-level histogram of the image. A threshold value can then be 

selected at that gray level that corresponds to the valley in the histogram. 

One particularly robust histogram-mode method of threshold selection was 

developed by Otsu (1979) and has been tested for applicability in SPECT 

ventricular volume determination by Mortelmans et al (1986). The Otsu method 

is nonparametric and unsupervised and can be considered semi-automatic. 

That is, the operator needs only to define a rough region of interest (ROI) 



45 

around the object of interest. Otsu based his method on discriminant analysis, 

and he defines the optimal threshold at the gray-level value that maximizes the 

separability of the resultant classes (modes) of the gray-level histogram. The 

threshold selection process partitions the object and background pixels into 

two classes at a gray level that maximizes the between-class variance. The 

between-class variance was selected because it can be calculated from first 

order statistics (class means), and thus it is the simplest measure with respect to 

the threshold level. Otsu's method is summarized as follows: 

The between-class variance o^and the total variance is calculated from first-

order statistics (class means): 

where the class mean levels H0. M-1 and total mean level M-p are given by 

L i L 

and the probabilities of class occurrence are defined as 
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•"o^Pi • ®1 = X Pi • 
i - 1  i - t +  1  

where 

L 

2>r1 • Pi = 
Number of pixels at gray level i 

Total number of pixels 
i - 1  

The discriminant criterion measure, or measure of class separability is defined 

by 

Since the total variance is independent of the threshold level selected, the 

optimal threshold t* is the one that maximizes the between-class variance over 

the whole gray-level range, L: 

Sahoo et al (1988) have shown the Otsu method to be one of the better global 

thresholding methods in terms of preserving image uniformity and shape. 

However, Kittler and lllingworth (1985), have argued that the Otsu method 

breaks down in the case in which the population sizes of object and 

background pixels become greatly disparate. 

og<n-ira*L<£(t) 
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Another point-dependent method is the Sense-and-Cut algorithm developed by 

Costabile and Pieroni (1981) for use in scintigraphic maps of the thyroid where 

the histogram did not exhibit a strong bimodal behavior. The Sense-and-Cut 

algorithm examines the histogram over some finite interval along the gray-level 

axis, starting with the lowest gray-level value. The gray-level value with the 

highest frequency of occurrence in the interval is subtracted from the original 

image's gray-level values, and all resultant negative gray-level values are set to 

zero. The resultant image is smoothed and a new histogram is created. The 

interval is incremented along the gray-level axis of the histogram, and the 

subtraction process is repeated. The operation is iterated until the highest 

frequency of occurrence has a zero value for the current gray-level interval 

being examined. The background subtraction process essentially shifts the 

histogram towards smaller gray levels and lowers the overall histogram 

population by the number of pixels that are set to the zero gray-level value. 

2.3.2 Local-Area-Dependent Methods: 

Because most point-dependent methods are so heavily dependent on the 

bimodal behavior of the histogram, many methods pre-process the histogram 

to make it more amenable to mode analysis. Rather than selecting a threshold 

directly, these methods use a local property to transform the gray-level 
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histogram of the image into one with deeper valleys and/or sharper peaks, so 

that a point -dependent method, such as the histogram-mode method, can then 

be applied to determine the threshold. For example, Weszka, Nagel, & 

Rosenfeld (1974) proposed that a histogram consisting only of points of high 

Laplacian values (e.g. 90th percentile) will have more symmetrical peaks and a 

deeper valley. There will be low Laplacian values at regions where the gray 

levels create a near constant slope, such as at the center of the edge structure 

and in the object and background regions. These points having low Laplacian 

values are not used to produce the enhanced gray-level histogram. High 

Laplacian values exist at the 'shoulders' of the edge structure, those points 

where there is a transition between the edge/object region, and the 

edge/background region. Only the points at these transition regions are the 

ones that are used to create the enhanced histogram. Since the transition 

areas from object to background and background to object have relatively 

equal numbers of light and dark points, the resultant modes of the enhanced 

histogram will be more symmetrical than the modes of the original histogram. 

A unimodal histogram will result from using the points with high edge values 

from a first-difference edge operator such as the Sobel, Roberts and Prewitt 

operators. The threshold level can then selected at the gray level corresponding 

to the peak of this mode, or alternatively by averaging the gray levels from only 
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high gradient pixels (Katz, 1965). 

Weszka and Rosenfeld (1974) and Morrin (1974) unified the methods of using 

edge operators to enhance the gray-level histogram by developing the gray-

level-vs.-edge-value scatterplot for threshold selection. If the image has fairly 

homogeneous object and background regions, then a scatterplot of gray level 

vs. edge value will consist of three clusters of points (see Figure 2.13). Two of 

these clusters are located near the gray-level axis where the edge values for 

these points are fairly low. These two clusters represent the homogeneous 

object and background regions, and a projection of these points along the gray-

level axis at a low edge value produces a strongly bimodal gray-level 

histogram. The third cluster is located at a high edge-value level and a 

projection on to the gray-level axis at this edge-value level creates a unimodal 

gray-level histogram. The threshold level can then be selected at either the 

valley of the bimodal gray-level histogram projection or the peak of the 

unimodal gray-level histogram projection. In the ideal case, these two gray-level 

threshold values should be the same. 

In a similar scatterplot technique, Kirby and Rosenfeld (1979) used a scatterplot 

of gray level versus average gray level to form an enhanced histogram (see 

Figure 2.14). The average gray-level value for a point is calculated over a 3 X 3 
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window centered around the point. Points located on the diagonal of the 

scatterplot, where the gray level equals the average gray level, are points that 

have local gray-level homogeneity. Since the object and background regions 

are homogeneous by definition, a plot of the values on or near the diagonal 

should form a strongly bimodal gray-level histogram. Off-diagonal entries will 

yield a unimodal gray-level histogram. The threshold can be selected from 

either the on-diagonal valley or from an off-diagonal peak. 

Instead of applying an edge operator to the image, Wu and Rosenfeld (1982) 

introduced a technique to simplify the original image in order to create an 

enhanced gray-level histogram. Their technique is based on the premise that 

the standard deviation of the gray levels in a homogeneous region is small, 

whereas in a nonhomogeneous region, the standard deviation is high (recall 

the H-K filter in section 2.2.1). The regions with significantly high standard 

deviations are successively divided into smaller regions until an acceptable 

level of homogeneity is reached. Thus, the original image is partitioned into four 

regions, and this process is repeated for each quadrant until it is reasonable to 

approximate the gray-level of each quadrant by the mean gray-level. This 

resultant simplified image is called the quadtree or Q-image and a gray-level 

histogram of this image will typically have sharper peaks and deeper valleys 

than the original image. 
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2.3.3 Variable Thresholding Techniques: 

Variable thresholding techniques are required when there is a significant gray-

level nonuniformity in the object or background regions. In such a situation, 

determining a single threshold value for the entire image is not sufficient to 

produce an accurate segmentation. The initial work in developing a variable 

thresholding scheme for biomedical applications was performed by Chow and 

Kaneko (1972). In their technique, an original cineangiogram image is 

partitioned into subimages with dimensions of 7 X 7 pixels. The subimages with 

bimodal histograms are thresholded by approximating the histogram as a sum 

of two Gaussian distributions and then minimizing the classification error 

between them with respect to a threshold value. This method is different from 

Otsu's although the underlying philosophy is similar. Subimages that do not 

have bimodal histograms have their thresholds interpolated from the threshold 

values of neighboring subimages. The technique of Chow and Kaneko was 

also applied for contour extraction in gated blood-pool studies by Bunke et al 

(1982) in which variable thresholding was used to define the heart boundary 

and an edge detector was used to track the septum. 

Fernando and Monro (1982) proposed an alternative variable-thresholding 

technique that does not rely on partitioning the original image, but instead, 
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computes a separate threshold value for each pixel. In this algorithm, an n x n 

window is centered on a pixel. A gray-level histogram is created from the pixels 

within this window, and the threshold value for the center pixel in the window is 

selected as the median gray-level value in the histogram (the median value is 

the middle gray-level value in the histogram). The center pixel is then classified 

as being an object or background pixel depending on whether its gray-level 

value is greater than or less than the threshold value, respectively. The window 

is then shifted over one row or column and a new threshold value is determined 

for the center pixel, and this process is repeated until all pixels have been 

classified. When applying this technique to left-ventricular angiograms, the 

optimal window size was empirically determined to be 61 x 61 pixels for a 128 x 

128 image. The authors state that the selection of the window size is critical; a 

window size that is set too small results in the detection of spurious regions, but 

too large a window size results in a loss of fine detail. 

2.4 Clustering Methods: 

Clustering methods for image segmentation can be viewed as a 

multidimensional extension of the concept of thresholding (Fu and Mui, 1981). 

Figure 2.15 shows the processes involved in a clustering technique for image 

segmentation. If the number of features is restricted to two, then the feature 
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space can be represented by a scatterplot. However, instead of using a 

projection of the scatterplot onto a single feature axis (e.g. gray level) as in the 

techniques outlined in section 2.3.2, a clustering technique forms a decision 

boundary or cluster grouping in 2-D feature space. Applying clustering 

techniques to discriminate between object and background pixels in a feature 

space or scatterplot draws a subtle distinction from previous attempts to use the 

information in the scatterplot to simply enhance the bimodal nature of the 

histogram. 

Panda and Rosenfeld (1978) discuss using a linear classifier on a scatterplot of 

gray level versus edge value to separate the object and background pixels. The 

linear classifier is defined by two points in the scatterplot. The first point is 

located at the valley of the projected gray-level histogram at low edge values. 

The second point is defined at the peak of the projected gray-level histogram at 

high edge values. One of the problems in using this technique is determining 

the precise location of the appropriate peak and valley of the projected gray-

level histogram. The clusters of points at low and high edge values are not 

'compact' for images with moderate blur and noise. Milgram and Herman 

(1979) suggest using a scatterplot of average gray level versus edge value to 

smooth the effects of noise in order to create more compact clusters in the 

scatterplot. 
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The main problem in implementing a clustering scheme is defining a set of 

decorrelated features that will yield compact clusters corresponding to object, 

edge, or background pixels. Ahuja et al (1980) used the gray level of a pixel 

and each of its neighbors as a set of features. The authors report that using this 

feature set provides segmentation results comparable to those obtained by 

using a feature set comprised of local functions of the gray levels (e.g. edges). 

Coleman and Andrews (1979) also conclude that the best features for clustering 

are derived functions of the gray level of the image. They state that the best 

features to use are the single-pixel gray level of the unprocessed image and 

the single-pixel gray level of mode-filtered images with filter sizes of 3x3, 7x7, 

and 15x15pixels (The mode filter is a nonlinear, edge-preserving filter that 

replaces every pixel in a region with the most frequently occurring pixel 

brightness value. If there are no redundant brightness values in the region then 

the pixel in the region remains unchanged). 

In general, using additional features to modify the gray-level histogram, or 

create some other feature space for clustering, results in only a modest 

improvement in segmentor performance (Schachter et al, 1979). 
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2.5 Hybrid Methods 

Hybrid segmentation techniques combine the methods of threshold-based or 

clustering with edge-based segmentation techniques. For example, Zamperoni 

(1982) uses a scatterplot of gray level vs. edge value to determine successor 

pixels in a boundary-tracking scheme. In this method, the next pixel along the 

border contour is selected among the eight-neighbor candidate pixels on the 

basis of proximity to the contour region in the scatterplot. Figure 2.16 shows the 

scatterplot with the object, background and contour regions. A function F(g,k) of 

the gray level g and of the edge value k is used to evaluate how close each 

candidate pixel is to the contour region in the scatterplot: 

.  H ,+H
g  

9 n F(g,k) = a x k -

where 

'a' is a constant dependent on the edge operator used (the author sets 

a=0.5), and Hi, H2 are representative gray levels (e.g. average or median 

gray levels) of the background and object respectively. 

The candidate pixel that maximizes F(g,k) is selected as the successor pixel. 

Figure 2.16 shows how an increase in F(g,k) corresponds to a move away from 

the object and background regions, and towards the contour region in the 

scatterplot. 
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Another hybrid-segmentation technique involves the use of an edge map to 

refine the results of a region-based thresholding operation. This technique is 

exemplified by the Global-Local Edge Coincidence (GLEC) segmentation 

algorithm proposed by Hwang et al (1979) and related techniques are also 

discussed by Hertz and Schafer (1988) and Selfridge and Prewitt (1979). 

The GLEC algorithm defines a set of 'boundary' pixels in the thresholded image 

and then determines if the neighbors to these boundary pixels need to be 

reclassified based on how well these neighbor pixels correspond to edge pixels 

in an edge map. A pixel in the thresholded image is labelled as a 'boundary 

pixel' if it has fewer than four adjacent neighbors belonging to the same class 

(object or background) as that pixel. Eight neighbor pixels are defined around 

each labelled boundary pixel and each of these neighbor pixels are initially 

classified as object or background in accordance to the thresholded image. 

The edge map is formed by applying a Sobel edge operator to the original 

image and then labeling the edge pixels as those pixels that have an edge 

magnitude in the upper 20th percentile. Each neighbor pixel of a labelled 

boundary pixel is compared with the spatially corresponding pixel in the edge 

map, and a simple test is used to determine if a neighbor pixel needs to be 

reclassified. In this test, called a global-local edge coincidence test, a neighbor 

pixel is classified as being in a different region from its boundary pixel if the 
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corresponding neighbor pixel in the edge map is an edge pixel with at least four 

neighbors that are also edge pixels. The neighbor pixel may or may not be 

reclassified depending on its initial classification. A new boundary is created 

when the neighbor pixel is classified as being in a different region than the 

boundary pixel. 

2.7 Selection of a Segmentation Scheme 

We have opted to base the design of our boundary detector on an edge-based 

segmentation scheme rather than a thresholding or clustering scheme for the 

following reasons:. 

1. We have produced scatterplots of gray level versus average gray level and 

gray level versus edge value for synthetic data simulating a nuclear medicine 

image, and have found that the clusters produced are not easily separable. In 

our test case, the synthetic image consisted of a blurred bright rectangular 

object on a dark background with added poisson noise. Figure 2.-17a depicts 

a scatterplot of gray level versus average gray level and Figure 2.17b shows a 

scatterplot of just the object pixels. The average gray level for each pixel was 

computed over a 3x3 region surrounding the pixel, the scatterplots show that 

some of the background pixels are clustered tightly at low gray levels and 

average gray levels, but the object and edge pixels are not easily grouped into 
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a discrete cluster. 

2. Thresholding and clustering schemes do not make use of spatial information, 

and there is no guarantee that the segmented object region will be contiguous. 

Thus, for clustering and thresholding schemes, the feature set is limited to only 

local information. A robust segmentation scheme should have a means of 

incorporating both feature similarities among image pixels (local information), 

as well as the relative spatial position of each pixel (global information). 

3. Biological visual systems appear to make use of edge detection but not 

thresholding (Rosenfeld, 1982). Also, edge detectors can be designed to 

respond to different types of edge structure. For example, first-difference 

operators respond to the maximum gradient value whereas second-difference 

operators measure the slope of gradient. 

4. If a graph-search method is used in conjunction with an edge operator, then 

both local and global information can be incorporated into the algorithm to help 

guide the boundary detection process when there is a lack of well-defined edge 

structure. 

5. Many of the edge detectors mentioned in section 2.2.1 do a good job of 
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detecting the relevant edges if spatial averaging is performed over some n x n 

window, and multiresolution techniques may be used in automatically 

determining this appropriate window size. 
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3. BOUNDARY COST FUNCTIONS FOR GRAPH-SEARCH 
TECHNIQUES 

3.1 Basic Concepts & Definitions: 

Graph-search methods (a.k.a. heuristic- or sequential-search) are concepts 

originally developed for artificial intelligence applications. The appealing 

characteristic of these algorithms is their ability to incorporate problem specifics 

or 'knowledge' into the task at hand. At the most general level, graph-search 

methods involve creating a graph tree and then using an appropriate cost 

function to determine an optimal path through the tree. The application of graph 

search methods for edge detection was first introduced by Martelli (1976). 

Martelli translated the problem of edge detection into one of finding an optimal 

path in a graph tree where the cost function contained properties of the edge. 

The real power behind using graph-searching techniques for boundary 

detection is the flexibility in defining a cost function to fit specific applications or 

image characteristics. 

A graph tree consists of a set of nodes and arcs connecting these nodes. 

Typically, a node in the graph tree represents a single pixel in the gray-level 

image, although it is not mandatory that every pixel have a one-to-one 

correspondence with a node. For example, a set of pixels comprising an edge 
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segment could correspond to a single node. Grouping pixels in this manner 

can significantly reduce the total number of nodes in the graph tree. 

For our boundary detection task, we use a one-to-one pixel-to-node 

correspondence and the arcs connecting the nodes in the graph tree are 

defined to ensure that the boundary path is connected in the spatial domain of 

the original image. Hence, each node can have a maximum of eight arcs which 

is representative of an eight-neighbor connectiveness in the spatial domain (i.e. 

each pixel has eight adjacent neighbors). If we assume that the boundary to be 

detected is smooth and convex then we can reduce the number of arcs from a 

node by using a directionallity constraint based on the edge direction. That is, 

an arc will be established from a parent node (n-1) to a successor node n only 

if the edge directions of both nodes are sufficiently aligned: 

mod 2iz [<(>(n) - )] <-|-

Here, $ is the edge direction as determined from an edge operator. 

The graph tree is seldom defined in its entirety prior to applying the graph-

search algorithm because of the potentially large number of nodes and arcs 

involved. Instead, the graph tree is generated 'on-the-fly' ,one path at a time, as 

part of the overall graph-search process. 
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Each node in the graph tree has an associated cost. The node cost is a critical 

factor because the optimal boundary is determined by selecting a path through 

the graph tree that minimizes these node costs. Some authors use the term 'arc 

cost' instead of 'node cost' since each node can have a number of arcs 

associated with it in the overall graph tree. However, for any single path being 

traced in the graph tree, each node has only one parent node and only one arc 

connecting that node to the parent node. Because our search algorithm will 

explore only one path at a time, we can assume that there is a single cost 

associated with a node that is equivalent to the arc cost from node n-1 (the 

parent node) to node n. The node cost c(i) is proportional to either the 

reciprocal of the edge magnitude or a difference from the maximum edge 

magnitude: 

r  1  

c(i) a < 

mag(i) 

or 

magmax - mag(i) 

Here, mag(i) is the magnitude from the output of an edge operator for node i, 

and magmax is the maximum edge magnitude over all nodes in the graph tree. 

Both node cost functions yield small costs for large edge magnitudes. It is 

important to note that the node cost does not have to be defined in terms of only 

edge magnitude. In subsequent sections we shall discuss how to incorporate 
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additional features into the node cost. 

3.2 Algorithm A* 

Algorithm A*, as defined by Nilsson(1971), is a graph-search algorithm that is 

designed to minimize a cost function having the form: 

?(n) = g(n) + fi(n) 

where 

§(n) is a cost estimate of the minimum-cost path that is defined from the start 

node to the node n. In other words, §(n) is the sum of the node cost of the 

estimated minimal-cost path from the start node to an intermediate node n that 

exists somewhere between the start and goal nodes: 

§(n) = ]£c(i) ' 
i -  1  

where i is the node index (i=1 corresponds to the start node), 

c(i) is the cost of node i. 

fi(n) is the heuristic component and is a cost estimate of the minimal-cost 
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path from node n to the goal node: 

fi(n) = £e<i) • 
i - n  

where G is the index for the goal node, 

8(i) is an estimated cost for node i (this has to be an estimated cost 

since we do not know the exact cost of the nodes that have not yet been 

defined). 

?(n) is the total estimated cost of a minimal-cost path from the start node to the 

goal node that is constrained to go through node n. Since g(n) represents the 

cumulative cost from the start node to an intermediate node n, 

and fi(n) represents the estimated cumulative cost from node n to the goal 

node, the addition of these two cost components should provide an estimate of 

the complete path from the start node to the goal node that goes through node 

n. When looking for an optimal path, the A* algorithm will always seek out the 

node which has the smallest ? value and build a path from this node. 

The following terminology is used by Nilsson in the description of the A* 

algorithm: 

Node Expansion: This is the process of generating all of the successor nodes 

for a given parent node. 
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Pointers: These are directional indicators set up from each successor node 

back to its parent node. These pointers will indicate a path back to the start 

node when a goal node is finally found. 

OPEN list: This list contains all of the eligible successor nodes that have not 

yet been used to explore a path. The OPEN list is updated whenever successor 

nodes are generated. The f values are stored with the nodes on the OPEN list. 

CLOSED list: The CLOSED list is used to keep track of all the nodes that 

comprise the current path being explored. Candidate successor nodes are 

selected and removed from the OPEN list and placed on the CLOSED list. The 

nodes on the CLOSED list contain the node pointers. 

The A* algorithm is enumerated below, and a flow chart is depicted in Figure 

3.1. 

ALGORITHM A* 

(1) Place the start node on the OPEN list and compute the node cost. 

Go to step (3). 

(2) Check the OPEN list. If it is empty then no solution path was found and the 

program terminates. 

(3) Search the OPEN list for a node n whose f value is the smallest and 
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Note (1) f(new) is the new value 
of the current successor 
node 

f(old) is the previous value 
stored for the successor 
node 

FIGURE 3.1 A* Flowchart 
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place this node on the CLOSED list. Ties for minimal f are resolved arbitrarily 

but always in favor of the goal node. 

(4) If n is a goal node then exit the routine and obtain the solution path by 

using the pointers on the CLOSED list to trace back from the goal node to the 

start node. 

(5) Expand node n and calculate the f values for each of the successor nodes. 

If there are no successors, go back to step (2). 

(6) Those successors that are on neither the OPEN nor the CLOSED lists are 

placed on the OPEN list along with their f values and their pointers are set to 

the parent node. 

(7) If a successor is already on either the OPEN or CLOSED list, check if the 

current f value for the node is lower than the value already stored on the OPEN 

or CLOSED list. If it is, replace the f value of that listed node with the lower f 

value and redirect the pointer to the corresponding parent node. If the updated 

node was on the CLOSED list then place it back on the OPEN list. 

(8) Go to step (2) 

The graph-searching procedure of the A* algorithm is probably best understood 

by means of a simple example. Figure 3.2 depicts a graph tree where a 

minimal cost path is to be found between the START and GOAL nodes. For 

simplicity, no heuristic component is used in the cost function in this example 
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Table 3.1 Output Values for A* Example in Figure 3.2 

CLOSED List Successor OPEN List 
current node / pointer setting Nodes (node. f(n) cost) 

START A, B (A.1), (B.2) 

A/START C.D (B.2). (C.5). (D.4) 

B/START D.E (C.5). (D.3), (E.7) 

D / B  G.H (C.5). (E,7). (G.4). (H.11 > 

G / D  GOAL. J (C.5). (E.7). (H.11), (J.5).(Goal.5) 

GOAL/G 

[START] 

/ 
/ • 

FIGURE 3.2 Graph Tree For A* Example 
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(i.e. ?(n) =g(n) ). The expansion of each node is limited to a maximum of two 

successors, and the node costs are shown along side their respective arcs in 

the graph tree. Table3.1 shows the contents of the OPEN and CLOSED lists as 

the A* algorithm is applied to the graph tree. When the search is completed, the 

solution path is contained in the CLOSED list and this path is traced back from 

the goal node to the start node by using the pointer settings of each successive 

current node. In this example, the path is traced back as follows: 

Goal G => D => B => Start 

Note that during the tree-search process A* will continue to build up a path as 

long as the f value at the present node does not exceed the cost of any node 

already on the OPEN list. Each time the OPEN list is searched, the node on the 

OPEN list having the smallest f value is the node estimated to be on the 

lowest cost path and will be the next node to undergo expansion. Thus, when 

A* expands a node, it has already found the lowest cost path up to that node. 

3.3 Least Average Cost vs. Cumulative Cost 

As mentioned in the previous section, the g(n) component in the cost function is 

defined as the cumulative sum of the individual node costs up to node n. In our 
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application, the node costs are related to the edge strength. However, this may 

not be the best method for translating the edge information into a cost 

parameter. The definition of g(n) assumes that the best path is a compromise 

between good edge values and a low total number of arcs or nodes in the path. 

This assumption is more applicable when applying a graph-searching algorithm 

to a 'logic' problem where the number of decision steps (i.e. nodes) along the 

path to the solution (goal node) is also a solution criterion and should be as few 

as possible. For example, consider the case of the Rubik's cube puzzle in 

which the goal is to manipulate parts of the cube until a single color is shown on 

each face of the cube. If we interpret a single manipulation of the cube as a 

node in a graph tree, then the optimal path is one that will yield the solution to 

the puzzle in the fewest possible manipulations. 

However, In the case of boundary detection, the length of the solution path is 

arbitrary and the shortest path does not necessarily correspond to the 'best' 

boundary. Thus, the edge information should be evaluated separately from the 

boundary length which implies that nodes costs should not be summed along a 

path. The only exception to the above condition is if the actual boundary 

between start and goal nodes is known to approximate a straight line (i.e. the 

shortest path is the actual path). 
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A cost function based on cumulative sums can pose a problem especially when 

attempting to detect an edge that is severely blurred or noisy in which case the 

difference in edge magnitude between adjacent pixels along the edge can be 

quite small. In this case, the A* algorithm may forego tracing a long path of 

high edge values for a shorter path of moderate edge values, if the sum of the 

costs along the high edge path exceeds that of the moderate edge path. The 

result of the above condition is a 'punch-through* effect which occurs when the 

A* algorithm is tracing a closed path around a curved object (see Figure 3.3). 

A more appropriate cost function for boundary detection should rely on the 

average cost per node or arc. By using the least average cost as the path 

criterion, the optimal path is based on the edge information and not the number 

of nodes or arcs on the path itself. This allows the A* algorithm to trace a 

boundary of high gradient values independent of the boundary path length. 

Now, the §(n) component is defined as: 

§<n>=N-£C(i) . 
i - 1  

where 

N is the number of nodes or arcs on the current path up to node n. 
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c(i) is the individual node cost at node i along the path from the 

start node to node n. 

3.4 Heuristics & Cost Functions 

The purpose of incorporating heuristic information (serving to aid discovery) 

into a graph-search algorithm is to limit the search effort required to find the 

optimal path by limiting the expansion of nodes that exist along 'fruitless' paths. 

This is accomplished by using heuristic information to increase the cost 

differential between optimal and non-optimal paths. 

Heuristic information can be incorporated into the graph-search algorithm in 

three ways: 

1. Retaining the heuristic component fi(n)as part of cost function: 

?(n) = §(n) + fi(n). 

2. Incorporating more features into the g(n) component. 

3. Simplifying the graph tree. 

All of these methods are aimed at minimizing the search effort by either 

reducing the number of node expansions necessary to find an optimal path or 

by reducing the number of nodes (successors) in each expansion operation. 
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3.4.1 The fi(n) Component 

The use of an appropriate heuristic component to the cost function results in a 

greater disparity between the f values of optimal and non-optimal paths and 

this implies that fewer nodes will undergo expansion during the search process. 

The heuristic component must satisfy two criteria if the search algorithm is to 

maintain its admissibility (Nilsson states that a search algorithm is admissible if 

it terminates with an optimal path to the goal whenever such a path exists). The 

criteria for admissibility are: 

1. fi(n) £ h(n): The heuristic component should be a lower bound on h(n), the 

actual cost from node n to the goal node. That is, the estimated cost of the 

heuristic component cannot exceed the actual cost. Note that when fi(n) s 0 , as 

in our example in section 3.2, this criterion is maintained. 

2. fi(n-1) - fi(n) ^c(n) : This is the consistency criterion where (n-1) is defined 

as the parent node of node n, and c(n) is the node cost from the parent node (n-

1) to the successor node n. 

The justification for this criterion is as follows: 

Given: 
c(n) = §(n)-§(n-1) , 

?(n) = g(n) + fi(n) , 

f(n-1) =g(n-1) + fi(n-1) , 



7 9  

we need ?(n-1)^?(n) (^(parent) <?(successor)) , 

then §(n-1) + fi(n-1) £g(n) + fi(n) , 

and g(n-1) + fi(n-1) <c(n)+g(n-1) + fi(n) , 

thus, fi(n-1) - fi(n) ^c(n) . 

Unfortunately, we have found it very difficult to formulate a suitable heuristic 

component for the boundary detection task because the additive nature of 

§ and fi require that both these components have the same measurement 

units. If § is expressed in units of edge magnitude then ft must also have 

these same units. This can present significant problems because we cannot 

accurately predict what the edge magnitudes will be from any given node to the 

goal node. Only in very limited cases can we assume that the edge magnitude 

is constant through out the boundary path. Also, if we are using a g component 

based on cumulative cost instead of least average cost, we need an estimate of 

the number of nodes in a path from the intermediate node to the goal node. 

Since the length of the boundary path is arbitrary (see section 3.3) it is difficult 

for us to make this estimate with a good degree of accuracy. 

Lester (1978) formulated a heuristic component for edge detection by making 

simplifying assumptions about the node costs and boundary shape: 
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fi(n) = d(n.g) x bcostavg . 

Here, d(n,g) is the Euclidean distance between node n and the goal node g as 

measured in the spatial domain of the image, and bcostavg is a conservative 

estimate of the average node cost based on previous searches. The d(n,g) 

term assumes that the minimal-cost path from an intermediate node to the goal 

node is a straight path. For Lester's application of finding the boundary 

between touching white blood cells, the straight path assumption for the 

boundary is considered to be the least objectionable. Under this assumption, 

the heuristic component does not have to be precisely defined. That is, if the 

heuristic component consistently underestimates the cost of the remaining path, 

then the algorithm will increase the search effort and explore more potential 

paths, whereas if the heuristic component consistently over estimates the cost, 

then the solution path is forced to conform to a straight line. 

In an effort to ease the constraints in defining the heuristic component, Davis 

(1976) proposed an alternative form for the A* cost function that does not 

sum the g and fi components. Davis' cost function uses a logical operation to 

relate g and fi : 

let 

, 6(1^)} , 

and 
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?(n
2) = {§(n2), fi(n2)} , 

and the logical operation is defined as follows: 

i^6(n1)<i(n2)+t then <?(n2) , 

else if fifn^ <fi(n2) then < ?(n2) , 

where t is a user-specified threshold value. 

The heuristic component has been given the role of a 'tie breaker* to resolve the 

cost function when the g(n) values between nodes do not vary significantly. 

This cost function avoids the problem of dealing with incompatible 

measurement units, but it can violate the consistency criterion because the cost 

function can take on values of either §(n) or fi(n) and there is no guarantee 

that: 

- fi(n2) sc(n2) . 

3.4.2 The §(n) Component: 

One method of circumventing the problem associated with defining an 

independent heuristic component is to eliminate it from the cost function. By 

setting fi(n) s 0 , admissibility is maintained and we do not have to worry about 

the effects of incompatible measurement units for § and fi . By incorporating 

more heuristic information or features into the g component, the cost differential 

between optimal and non optimal paths increases just as in the case of using a 
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separate heuristic component ft. 

A cost function may now assume the form: 

f(n)=i(n) = ^c.(p1,p2... pN) 
i - 1  

where 

c j(Pv P2- PN) = w^fl) + w2p2(i) +... wNpN(i) ( 

and 
wN is a weighting factior, 

pN(i) is a feature characteristic such as edge strength, 
curvature, or similarity to prototype. 

Section 3.5 provides several examples on how to implement feature 

characteristics into the cost function. 

3.4.3 Graph-Tree Simplification 

Heuristic information can also be used to limit the number of nodes or arcs in 

the graph tree. The result is that the graph tree is simplified and the search 

effort is potentially reduced. Martelli (1976) mentions two methods of 

simplifying the graph tree by reducing the number of nodes in the graph tree: 

Staged search: Here the graph tree is 'pruned' at the lower levels when the 

number of nodes exceeds a specified value. 

Limitation of successors: After the expansion of a node, only some successors 

are to be retained, namely those that have the smallest cost values. 
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A third method of simplifying the graph tree is our method of selective node 

expansion and this is the method we use for our boundary detection problem. 

Selective node expansion is incorporated into the algorithm as a set of 

constraints that place a limit on the number of successor nodes that can be 

generated from each parent node. The expansion of a parent node is limited to 

the three successor nodes. The spatial coordinates of each of these three 

nodes form a vector that is directionally consistent with the edge direction of the 

parent node to within ± 45 degrees (see Figure 3.4.). Limiting the expansion of 

successor nodes in this manner allows for smoother boundary paths and 

reduces the chances of creating looping paths. However, placing this limitation 

on the successors prevents the boundary detector from exploring all possible 

paths that have eight-connected adjacency to the parent node. Even with 

selective node expansion, there can be situations in which a candidate path will 

start to loop onto itself. To avoid this problem, the graph tree is examined for a 

looping condition after each expansion, and if a loop exists then no arc is 

established between the current successor node and its parent node. 

Successor nodes that create a path loop are not placed on the OPEN list. 
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U) 
FIGURE 3.3 Example of the 'Punch-Through' Effect 

u 
Bold outlines indicate Parent Nodes. 

Thin outlines indicate Successor Nodes. 
Arrows indicate the edge direction of the Parent Nodes. 

FIGURE 3.4 Selective Node Expansion 

Lowest cumulative cost path 
(higher cost per arc but fewer arcs) 

Least average cost path 
(lower cost per arc but longer path) 
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3.5 Glossary of Cost Functions fbr Biomedical Applications 

3.5.1 Cost Functions Using a Heuristic Component: 

The techniques outlined in this section use a cost function of the form: 

?(n)=§(n) + fi(n) , 

where the heuristic component fi(n) is of the form defined by Niisson, and the 

g(n) component has the form: 

§(n) = ]£c(i) 

where n is the current node being examined and c(i) is the cost for node i. 

Lester (1978): This algorithm was developed to segment images of touching 

white blood cells. The node cost function is the product of three terms; an edge 

cost, a gray-level similarity component, and a diagonal-path adjustment. The 

node cost c(i) is minimal for a successor node of a nondiagonai pixel of high 

edge magnitude where the average gray level in the immediate area is close to 

the desired gray-level value. The basic cost function has the form: 

(T-GLO)) xdadjust(i) 

where, 
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dadjust(i) = J~2 if the image pixel corresponding to the parent node is a 

diagonal neighbor to the pixel corresponding to node i. Otherwise dadjust = 

1.0. 

mag(i) is the edge magnitude from a 3x3 Prewitt edge operator at the spatial 

location corresponding to node i. 

T is the desired gray-level value for the edge region. 

GL(i) is the average gray-level over a 3x3 neighborhood surrounding node i. 

a,p are scaling factors that determine the relative contributions of the edge 

component and the gray-level similarity component. Lester used a = 0.5, p = 

1.0 although he notes that the scaling factors a and P have little effect on the 

solution path primarily because the gray-level similarity component does not 

vary as much as the edge component. 

Lester's heuristic component is as described in section 3.4.1. 

Merickel (1986): This cost function was originally developed for Magnetic 

Resonance Imaging (MRI) applications and incorporates both local (edge) and 

global (curvature) information into the basic cost function: 

The mag(i) term is the magnitude from a nxn Laplacian of Gaussian (LOG) 
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edge operator applied at the image spatial location corresponding to node i. 

The size of the LOG operator can be adjusted to emphasize coarser or finer 

image details, but Merickel makes no attempt to combine the response of 

several size LOG operators. The <j>(i) component is a measure of contour 

curvature and is defined as the angle between the line defined by connecting 
fm A rn 

the previous (n-m) node with the [ 2  J  node, and the 2  n o d e  with the 

current node n (see Figure 3.5). In other words, <>(i) is a rough indication of how 

much the path curves over the last m pixels. The parameter m is a user 

specified parameter in which larger m values provide a more global estimate of 

the boundary curvature. <t>desired is a user specified desired curvature angle. 

The heuristic component is similar to that of Lester's and is defined as: 

fi(n) = d(n,g) + cost 
avg 

where d(n,g) is the Euclidean path length from the present node n to the goal 

node g, and costavg is the average cost of previously expanded nodes. 

Grattoni & Bonamini (1985): This technique was used to outline the left 

ventricular cavity from end-diastolic angiographic images in right anterior 

oblique projections in humans. Grattoni defines the nodes in the graph tree as 
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a set of left- ventricle contour segments instead of a set of individual image 

pixels. The graph- search process is then used to link together those segments 

that comprise the left- ventricle border. The contour segments are extracted 

from the image by smoothing the image with a running average filter, applying a 

27 x 27 Sobel edge operator, and then thresholding the resultant gradient 

image. The thresholding operation is used only to flag the contour segments 

and the contour points still retain a gradient magnitude and a gradient direction. 

An edge thinning operation is used to reduce each contour segment to a single 

pixel width. 

The basic cost component describes the local curvature behavior between two 

contour segments (see Figure 3.6): 

c(i) = 
f . \ 

+ Z. D
MJN 

2 HT x Z„ 

HM,i 
ht is the Euclidean distance between the head of the parent node segment 

(i-1) and to the tail of the successor node segment i. 

is the Euclidean distance from the tail to the head of the segment node i. 

Z1. Z2 are curvature weighting parameters: 

Z = tan (a - y ) + 1 > 

Z2 = tan (|3 - y ) + 0.33 ) 
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FIGURE 3.5 Merickel's Cost Function Parameters 
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FIGURE 3.6 Grattoni & Bonamini Cost Function Parameters 



Z3 is a function of the edge magnitude to gray-level ratio and is used to favor 

outward contours where the gray level is lower: 

Let, 

max(X.) = 
max edge magnitude over all pixels on the contour segment (node i) 

max gray level over all pixels on the contour segment (node i) 

and 

— average edge magnitude of all pixels on the contour segment (node i), 
1 ~ average gray level of all pixels on the contour segment (node i) 

then max(X.) - X. 

X. 
+ 1.0 . 

Although Grattoni states that the heuristic component is an estimate of the 

minimal cost path between the present node and the goal node, he does not 

provide a means for calculating this parameter. 

3.5.2 Cost Functions With No Heuristic Component ( fi(n) = 0 ): 

Because of the difficulty in defining an appropriate heuristic component, many 

of the contemporary graph-search cost functions used for edge detection do not 

have a heuristic component at all. 

The cost functions described in this section are of the form: 

n 
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Ashkar and Modestino (1978): The cost function is defined such that the 

graph- search algorithm maximizes the cumulative path costs. The graph-

search algorithm used is the Zigangirov-Jelinek (ZJ) stack algorithm, which 

assumes that the cumulative paths monotonically increase along the correct 

path and decrease along incorrect paths (Jelinek, 1969). This assumption 

permits negative costs to be defined. The basic cost function is comprised of 

three submetrics and has the form: 

c(i) = aA(i) + pB(i) +yC(i) , 

where the submetrics are described as follows: 

A(l) contains the local information from the edge detector 

B(i) contains the path curvature information 

C(i) provides some measurement of correspondence to a prototype outline 

The submetrics are all normalized so as to have the same maximum value (e.g. 

100),and the weighting coefficients a,j3 and y are empirically adjusted within 

the interval [0,1]. 

The submetric A(i) combines the gradient and directional information from the 

edge operator into a single parameter: 

A(i) = mag(i) + H[A<|>(i)] 
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Here, mag(i) represents the gradient magnitude at node i, and A<f»(i) is the 

difference in edge direction between the successor node and the parent node. 

The function H[A<J>(i)] rewards small angular displacements between parent and 

successor and penalizes any angular deviation over 90 degrees. 

The B(i) submetric reflects curvature information and is used to provide a 

degree of discrimination against highly irregular paths. The directional 

displacements for the last four arcs are used to determine the maximum net 

displacement in the x or y spatial directions. The assumption behind this is that 

smooth path segments do not backtrack and therefore they have a greater 

displacement in either the horizontal or vertical direction. 

Submetric C(i) is a means of using information of a global nature by measuring 

the similarity to a given prototype shape. Using a prototype can serve two 

purposes: first, it localizes the search process in order to avoid extended 

unproductive paths; and second, it provides a means to guide the path in the 

absence of good edge information. The submetric is defined in terms of a 

minimum distance and directional consistency to the prototype outline 

C(i) = F(d) - A0 , 

where F(d) is a monotonically decreasing function dependent on the Euclidean 

distance d from the successor node coordinate to a coordinate on a specified 
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segment of the prototype outline that is closest to the successor coordinate. The 

parameter A6 is the angular difference between the direction defined by the 

parent and successor node and the direction of a corresponding move along 

the prototype outline. 

Ashkar and Modestino mention that the performance of the algorithm is not 

sensitive to variations in the weights a,{5, y and that for small amounts of noise, 

weighting values of a = p = 1 and y = 0.1 provide optimum performance in terms 

of speed and accuracy. If the noise level in the image is increased, the weights 

are adjusted to place more emphasis on the prototype parameter (i.e. y is 

increased). 

Tsuji & Yachida (1980): This algorithm was designed to trace the 

boundaries of cineangiogram images, where it is assumed that smoothness is 

an inherent property of the heart wall. The assumption of smoothness allows 

the boundary to be approximated by a sequence of linear segments. Thus, the 

nodes are defined to be a set of linear segments, each of which has been fitted 

to a set of edge pixels. The curve to be determined is then represented as a 

sequence of linear segments instead of a sequence of consecutive points. This 

reduction in the set of nodes yields a significant savings in computing time and 
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storage space. The cost function used to determine the optimal path for the set 

of linear segments is defined as: 

c(i, = miU'+ki'A,|><i"1'1>' +k
2lA9(M'i>! ' 

where, 

mag(i) is proportional to the mean edge strength of the edge points used to 

define the linear segment i. 

A<|>(i-1 ,i) is the difference in slope values between the current segment i and the 

previous segment i-1. 

Ag(i-1 ,i) is the difference in the mean gray value of the current segment i and 

the parent segment i-1 

ki and k2 are relative weighting factors. 

Duncan (1988): This cost function reflects a knowledge-based approach to 

left- ventricle boundary finding that uses global information about each view to 

help guide the boundary search. Duncan first uses a preprocessing step that 

transforms the gray-level image to a gradient image via a 5X5 first-derivative 

Gaussian operator. The gradient image is thresholded and the edge points 

thinned and linked into segments not exceeding ten pixels. The A* algorithm is 

then applied to these variable-length segments in order to form a complete 

boundary. The basic cost function has the form: 
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c(i) - w^fl) + w2P2(i) +...wNPN(i) 

Here, wi ...wn are relative weighting factors . PI ...Pn are individual merit 

functions that have parameters which correspond to different image features. 

There are three general forms for these merit functions: 

1) Comparison of similarity of edge segment directionality: 

,,, 
direction^ ' m Zmd 4 • 

k-1 

where 

<|)d is the desired directionality (8-direction coded). 

m is the total number of edge points in the segment i. 

<(>(k,i) is the direction of the kth edge point in segment i. 

2) Comparison of relative spatial Euclidean distances: 

[D-D(i.k)f 
p m _ —l 1—'a 

distancev' r n2 ' 
ma>:[D - D(i,k)j 

D is the spatial location of a reference point from which the distance to a point 

in segment i will be measured. 

D(k,i) is the spatial location of the point of interest k, in the segment i. 
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3) Comparison of gray-level similarity: 

[G-G(kj)f 
P , ,(i) = — . 

gray-levelv' r 2. 

mp[G-G(k,i)j 

G is a fixed or computed reference gray-level 

G(k,i)is an average gray-level computed over 3x3 neighborhoods adjacent to 

point k, along segment i. The average is taken over all points k, comprising 

segment i. 

3.6 Summary of Heuristic or Graph-Search Techniques 

Graph-search techniques provide a means of combining local and global 

information about the desired contour in a single cost function. Several types of 

information can be combined, including those that describe the local 

characteristics of the boundary such as edge gradient and also those involving 

more global image characteristics such as curvature or adherence to 

prototypes. The problem-dependent information is incorporated into a cost 

function that can be readily modified to accommodate different images. If an 

appropriate cost function is used, the execution time or algorithm efficiency 

becomes a function of the image quality. Thus, when encountering poor quality 
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images the search algorithm will perform a more extended search instead of 

'breaking-down.' 

The heuristic component as defined by Nilsson is difficult to implement for the 

task of boundary detection unless the nature of the true boundary is known 

beforehand. Because of this difficulty, the heuristic component is often omitted 

from the cost function. 

Table 3.1 lists some of the features used in cost functions for graph-searching 

boundary detection in biomedical images. The feature that is common to all of 

the techniques is the edge information. This is the parameter that we wish to 

emphasize in our modified graph-search boundary detector in which a 

multiresolution edge- detector is used to provide the edge information for the 

graph-search operation. 
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Table 3.2 Features for Boundary Cost Functions 

Cost Function Feature Reference Source 

Edge Magnitude 1,2,3*,4,5*.6* 

Edge Direction 4,5,6 

Diagonal Dist. Adjustment 1 

Gray-Level Similarity 1,3,5,6 

Curvature 2,3,4,5 

Prototype Similarity 4,6 

Contour Segments 3,5,6 

* Method uses edge magnitude to generate contour segments. 

Reference Key (see Reference section for full title listing): 

1. Lester (1978) 

2. Merickel (1986) 

3. Grattoni & Bonamini (1985) 

4. Ashkar & Modestino (1978) 

5. Tsuji & Yachida (1980) 

6. Duncan (1988) 
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4. APPLYING MULTIRESOLUTION IN THE COST FUNCTION 

Multiresolution or multiscale methods originated from the idea that significant 

features in an image exist simultaneously at different levels of spatial scale or 

resolution. Edges can be considered an image feature having varying spatial 

extent and structure at various levels of resolution. Since the resolution scale of 

the edge feature is often unknown and can vary throughout the image, applying 

multiresolution techniques to the edge-finding task may have some merit. In 

this chapter we introduce some multiresolution concepts that pertain to the task 

of edge detection. We also develop our scheme to use multiresolution 

techniques to define the edge magnitude value to be used in the cost parameter 

c(i) in our graph-search algorithm for boundary detection. 

4.1 Resolution Parameter Representations 

For all of the multiresolution concepts covered in this chapter, the scale of 

resolution is represented by a scale parameter a. The scale parameter is 

essentially a blurring parameter. That is, for fine resolution scales there is little 

blurring in the image and the a value is small. However, for a coarse resolution 

scale, the blurring can be quite severe and the a value is increased accordingly. 
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There are two common graphical methods of depicting edge behavior as a is 

varied: the scale-space plot and the edge-signature plot. The scale-space 

concept was originated by Witkin (1983) and involves plotting the extrema from 

a gradient operator as a function of a (vertical axis) and the image pixel location 

(horizontal axis). Marr (1976) introduced the edge-signature representation as 

a means of identifying the extent of an edge profile and to justify the need for 

multiple masks in the edge-detection process. 

4.1.1 Scale Space: 

Figure 4.1 shows an example of a scale-space plot. The 'snake-like' contours 

of the gradient extrema points provide some qualitative description of the edge 

composition and location. Witkin proposed two simplifying assumptions to 

describe the contours in a scale-space plot: the identity assumption and the 

localization assumption. 

The identity assumption presumes that those gradient extrema points that do 

not shift significantly in spatial location across different resolution scales 

correspond to a single underlying edge structure. For example, the well-

defined edge position (localization) of a step edge typically does not shift 

through several resolution scales and this corresponds to a straight vertical line 

in the scale-space plot. 
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FIGURE 4.1 Witkin's Scale-Space Plot 
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FIGURE 4.2 Marr's Edge-Signature Plot 
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The localization assumption states that the 'true* spatial location of an edge, 

giving rise to an extremum at some a value, is located at the point where g=0 

(i.e. no blurring). Thus, extrema points that define edges at some coarse scale 

should be tracked to a fine scale level in order to localize their spatial position. 

If the spatial location of the edge is not clearly defined because it has a wide 

spatial extent or there exists additional edge structure on a smoothly sloping 

edge, then the lines in the scale-space plot may begin to curve and distort as 

the scale parameter is increased. The distortion of the scale-space contours 

depicts the shift in the spatial location of the edge as the image is blurred. Thus, 

gradient-extrema points of inflection at a very coarse scale do not necessarily 

correspond to the same pixel locations at finer resolution scales. Scale-space 

structures will tend to merge at coarser resolutions as the blurring becomes 

more severe. The merging of scale-space contours as a increases is indicative 

of how the image is simplified as fine details in the image are lost at coarser 

resolutions where the blurring is severe. 

4.1.2 Edge Signatures: 

In this scale-parameter representation, the mask size or a value is plotted 

against the peak gradient value or peak edge magnitude as shown in Figure 

4.2. The edge signatures show that as long as a consistent edge structure 
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exists, enlarging the mask size will yield larger edge-magnitude values. At first 

glance it may not seem obvious that the edge magnitude will increase in 

proportion to the scaling parameter. But, If we consider that more spatial 

averaging is performed as the mask size increases, then it becomes more 

apparent that an edge continuing to extend outward from the point where the 

edge mask is applied will yield higher average values over one half of the mask 

and lower average values on the other half. Hence, the gradient, which is the 

difference between the average values on both sides of the mask, increases. 

However, a notable exception to this rule is the edge signature of a step edge in 

which the edge magnitude remains constant over the extent of the 'plateau' of 

the step edge. 

Mar^s mask-selection criterion selects a mask size that corresponds to a peak 

or a near asymptotic a value in the edge signature plot. With Marr's criterion, 

some edge profiles will have more than one optimal mask size as in the case of 

an extended ramp with a sharp glitch in the center. 

Figure 4.3 shows a family of edge signatures for a neighborhood of pixels along 

a blurred step-edge profile with no added noise. The true edge location is at 

the pixel marked column 15. In the absence of noise or other spurious 

structure, any mask size selected would still designate the pixel in column 15 as 
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FIGURE 4.3 Family of Edge Signatures for Pixels Along a Blurred Edge. 
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the edge pixel because the relative gradient value at each a level indicates that 

this pixel location has the highest gradient value 

However, ideal noise-free edge configurations are seldom encountered in real-

world images. Without knowing the characteristics or extent of the edges under 

examination, it may be erroneous to assume that a single fixed-width edge 

operator can provide adequate and unambiguous edge responses for the 

entire image. Various regions of an image may have edge structures with 

different spatial extents, and various mask sizes are required to accurately 

measure the gradient values of these differing edges. 

4.2 Multiresolution Methods for Edge Detection: 

The original use of multiple mask widths for image segmentation was by 

Rosenfeld and Thurston (1971). The intent of their edge detection scheme was 

to detect 'spots' or 'streaks' where the profile of the edge structure was defined 

as being step-like with additive noise. Recall from the previous section that a 

step-like edge profile does not increase in gradient value as the mask size 

increases. The mask size is 'matched' to the width of the streak or spot and not 

the edge structure per se. In this algorithm, the gradient operation is performed 

by subtracting the average gray level from adjacent neighborhoods which are 
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defined over 2k x 2k regions. The authors state that the best neighborhood 

size is defined to be the one for which the next smaller size does not produce a 

significantly higher gradient value. That is, 

ek a *eK-, • 

where, X = 0.75 

Ek is the gradient value from the present neighborhood size. 

Ek-i is the gradient value from the next smaller neighborhood size. 

The drawback to this algorithm is that it is limited to the detection of step-like 

edges and thus cannot be used with images with blurred edges. 

The Rule-Based Composite Gradient Edge Operator (RBCGEO) developed by 

Patton (1987) is an attempt to incorporate the responses from edge detectors of 

three different sizes. The premise of this algorithm is that valid edge structures 

have properties that carry through several spatial scales while spurious noise 

does not. The RBCGEO uses a set of logical rules derived from the composite 

response from three different size gradient masks to determine the edge 

magnitude, direction, and an edge-confidence value. The edge-confidence 

value adds additional insight to the edge interpretation by supplying a 

somewhat quantitative measure of edge reliability stated in terms of edge 

directional stability which is independent of the gradient value. The advantage 

of using this value is that low-magnitude edge points of a stable, high-
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confidence, nature can still be considered valid. The RBCGEO uses three 

different size Prewitt edge operators (3x3,5x5,7x7) each of which are applied in 

horizontal, vertical and the two diagonal directions. Patton reasoned that the 

3x3 operator is good for edge localization, while the 7x7 operator minimizes the 

influence of noise. The 5x5 operator provides an intermediate response that 

aids in the interpretation of the edge response from the other operators. 

The set of logical rules is divided into two levels: the first level provides the edge 

magnitude response and the second level determines the edge direction and 

confidence. The first-level rule states that the 'true' edge magnitude is 

determined from the average gradient value of the three different size operators 

only if the gradient value from each operator increases with the operator size 

and none of the gradient values are zero, otherwise the edge magnitude is set 

to zero. The second-level rules determine the edge direction and confidence 

value based on the overall consistency of the edge directions from the different 

operators. Different combinations of edge directions from the operators are 

classified as a set of edge patterns. The edge patterns are ranked in 

accordance with their degree of directional agreement, and a edge-confidence 

level within the interval [0,1] is associated with each ranking. For example, if 

the directions from all three operators are in agreement, then an edge-

confidence level of 1 is assigned to that edge point. If two consecutive edge 
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directions are in agreement and a third within 45 degrees, then a confidence of 

0.9.is established etc. 

There are two major disadvantages to Patton's RBCGO algorithm: 

1. The edge-confidence value does not eliminate the problem of determining 

an appropriate edge-threshold level for retaining valid edge points. Instead of 

using an edge-magnitude-threshold level, the RBCGEO algorithm requires that 

we determine an edge-confidence- threshold level which is not any easier to 

determine. 

2. Patton's logical rules for combining edge-operator responses are not easily 

extended to incorporate more than three mask sizes. 

In order to take full advantage of multiresolution concepts, an algorithm should 

be able to use the responses from an arbitrary number of mask sizes or 

resolution scales. The algorithm should also allow the mask size to vary in 

order to accomodate the full spatial extent of the edge. Two methods that use a 

varying scale parameter to consolidate the response from multiple mask sizes 

are Bergholm's Edge-Focussing procedure (1987) and Korn's scale-space 

procedure (1985). 

In Edge Focussing, the scale parameter of a Gaussian-blurring function is 
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varied such that a continuous coarse-to-fine tracking of edges can ultimately 

yield edge points of high positional accuracy in the presence of noise. The 

algorithm has three parameters that must be initially established: a resolution-

scale value for the initial coarse-level image, a gradient threshold at this level, 

and a resolution-scale value for the fine-level image. 

Bergholm's Edge Focussing procedure is outlined as follows: 

1. An initial coarse-level edge map is created by applying a Gaussian-based 

edge detector with an initial coarse resolution parameter to the gray-level image 

and then thresholding the resultant edge map. (The details of a Gaussian-

based edge detector are discussed in section 4.3.1) 

2. A scale-step length is selected such that the edge points do not move farther 

away than one pixel for an adjacent lower or higher resolution scale. Bergholm 

determined that the maximum interval of scale-space resolution that satisfies 

this criterion is A a = 0.5. 

3. The edge-focussing operation is performed by decrementing the resolution 

scale of the edge detector by A a and applying this edge detector to the image 

pixels corresponding to the edge points defined on the current edge map plus 

the neighbors of these points. That is, the edge detection at successively finer 

resolutions is performed only around a thin border region surrounding the old 

edges of the previous coarser-resolution gradient image and not the entire 

image. Edge points are defined as the maximum derivative in the gradient 



110 

direction. 

4. The old (coarse) edge points are eliminated and the new edge points are 

used to guide the edge operator for the next, finer resolution scale. 

5. Steps 4 and 5 are repeated until the resolution parameter for the final, fine-

level image is reached. 

The Edge-Focussing procedure was designed to roughly define the edge points 

at a coarse resolution where spurious noise is adequately suppressed, and 

then use successively finer resolutions to refine the spatial locations of these 

edge points. However, if the final resolution scale is set too small, the final edge 

points will create ragged contour segments that may not be contiguous. 

Contrary to Bergholm's coarse-to-fine Edge-Focussing algorithm, Korn's scale-

space method advocates a fine-to-coarse tracking of gradient extrema points in 

Witkin's scale space. The tracking operation identifies the valid edge points as 

the maxima or asymptotic values of gradient extrema over the range of 

resolution scales (see Figure 4.4). The final edge image is the consolidated 

output of all the valid edge points from all the resolution scales. This tracking 

procedure can become quite difficult as the gradient extrema points begin to 

merge with increasing a. Also, Korn's method does not guarantee a closed 

boundary since the edge pixel locations are allowed to shift during the tracking 

operation. 
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FIGURE 4.4 Korn's Method of Valid Edge Point Identification 
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4.3 Determining the Edge Cost Using Multiresolution 

The main problem to be resolved by a graph-searching algorithm for boundary 

detection is determining which successor node is best classified as an edge as 

opposed to detecting if an edge is present or not (we assume that there is a 

single boundary). We contend that an edge cost that is derived from some 

'optimal' resolution scale that is specific to each candidate node will provide 

better discrimination between candidate boundary nodes than an edge cost 

based on an arbitrary fixed resolution scale. The determination of the edge cost 

for each node in the graph tree is a two-step process: 

1. Edge magnitudes are determined over a range of resolution scales. 

2. An optimal resolution scale a* is determined, and the edge cost is calculated 

from the edge magnitude corresponding to this optimal resolution scale. 

To determine the edge magnitude at a specific node (pixel) for various 

resolution scales, we use a first-difference Gaussian edge operator which 

combines a Gaussian blurring operation with a gradient operation. The size of 

the discrete convolution kernel for this edge operator is proportional to the scale 

of resolution (a detailed description of this edge operator is given in section 

4.3.1). 
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For our application, the optimal resolution scale is defined as the scale of the 

edge operator that has the best compromise between noise suppression and 

edge distortion. The mask selection process which determines a* for each 

node is discussed in section 4.3.2. 

4.3.1 Gradient of a Gaussian Edge Operator 

The use of the gradient or first-derivative of a Gaussian as a convolution kernel 

for edge detection has been discussed by several authors (Canny 1986, Korn 

1985, Bergholm 1986). For the Gaussian edge operator, the resolution scale 

parameter corresponds to the standard deviation of the Gaussian function. The 

two-dimensional form for the Gaussian function is described as: 

In order to detect edges of a particular orientation, we differentiate g(x,y,a) in the 

direction normal to the edge direction. So, the gradient operators in the x and y 

directions are defined as the respective partial derivatives of g(x,y,a): 



114 

A plot of the gradient edge operator is shown in Figure 4.5 along with one-

dimensional profiles for several a values. 

in unit intervals and truncating the function values in both the x and y 

directions that are less than 4% of the maximum function value . The kernel 

values, which represent weighted sums of the areas on either side of the edge, 

are normalized to unity (Figure 4.6). Asymmetric kernel dimensions are used at 

larger scale factors because at these levels the edge operator is more 

adequately sampled, and also the kernel values normal to the edge direction 

decline more slowly than those along the edge direction. 

The discrete kernel sizes are formed by sampling the gradient function 
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FIGURE 4.5 Gradient of a Gaussian Edge Operator. 
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FIGURE 4.6 Kernel Values for Gradient of a Gaussian Edge Operator 
for Various a Values. 
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Table 4.1 Scale Parameter and Corresponding Kernel Size 

a [Vgj^ Kernel Size (row x col) * 

0.1 1 x 3 
0.5 3 x 3  
0.8 5 x 5  
1.0 5 x 7  
1.5 7 x 9  
2.0 11 x 13 

* The [Vg^ and [Vgj^ functions differ only by a rotation of 90 degrees, hence the 

rows and column sizes for the [Vg]^ operator are interchanged. 

Applying the Gaussian kernel mask to a gray-level image f(x,y) involves 

summing the products of the kernel members with the corresponding pixel gray-

level values surrounding a point in the image. This is equivalent to a discrete 

convolution in the spatial domain. Due to the associativity of convolution, the 

gradient of the image after smoothing with a Gaussian filter can also be viewed 

as the convolution of the image with the gradient of a Gaussian enabling both 

the smoothing and gradient operation to be performed in one step. : 

[V[g(x,y,a)*f(x,y)]l = [Vg(x,y,a)] * f(x,y) . 
L Jx or y x°ry 

Here, the symbol 'V' represents a gradient operation and represents a 

convolution operation. 
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Gaussian smoothing is a good compromise for satisfying the conflicting 

requirements of having a spatially localized kernel and a bandlimited frequency 

spectrum. In the frequency domain, the gradient of a Gaussian behaves as a 

bandpass filter that suppresses high spatial frequency components as the scale 

parameter a increases. Since the Gaussian function is essentially bandlimited 

in both the spatial and frequency domains, spurious effects at higher 

frequencies are minimized. Smoothing functions that are abruptly truncated in 

the spatial domain, such as a 'rect' function, yield undesirable high-frequency 

effects similar to the Gibbs phenomenon. The choice of the Gaussian function 

for the gradient operation becomes more critical for larger kernel sizes where 

the number of pixels sampling the function is significant enough to form a good 

approximation to the Gaussian. 

The edge magnitude is defined as: 

The cost parameter for our graph-search algorithm can now be defined as: 

and the edge direction: 

<|>(x,y,a) = arctan 
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C(i) = ; [ r r 
mag(x,y,a*) +1 , 

where o* is the 'optimal' scale parameter determined for node i. 

The additive '1' in the denominator is to prevent a singularity when the edge 

magnitude is zero. 

4.3.2 Mask-Selection Method (a*Determination) 

For the edge operator described in the previous section, the resolution 

parameter is proportional to the edge operator's mask size. Thus, the process 

of determining a* is equivalent to determining the mask size that provides the 

best compromise between noise suppression and accurate spatial localization. 

The optimal mask size for a particular node is selected by analyzing the 

corresponding edge-signature plot. The edge-signature plot is formed by 

mapping the edge-magnitude from the first-derivative edge operator as a 

function of the resolution parameter cr. The analysis of the edge-signature plot 

is based on the premise that the edge magnitude will increase with mask size 

as long as consistent edge structure is present over the mask area (Marr's 

criterion). 

The shape of the edge-signature plots can vary quite considerably. However, 
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FIGURE 4.7 Edge Signature Categories. 
Vertical axis corresponds to Edge Magnitude. 

Horizontal axis corresponds to Scale Parameter o. 
Dashed line indicates where the 'optimal' sigma value is located. 



121 

we have determined that each signature can be placed into one of four 

categories: Peaked, Asymptotic, Extended or Downward Sloping. Figure 4.7 

shows several examples of edge signatures for each of these categories. 

Although each signature is assigned to only one category, some of the plots 

shown in Figure 4.7 have a combination of features. For example, the addition 

of noise to the edge structure in the image causes the edge signature to have a 

negative slope at smaller mask sizes (finer resolution) followed by a positive 

slope at larger mask sizes (coarser resolution). The minimum in the edge-

signature plot indicates a point where the noise has just been adequately 

suppressed and the valid edge structure is beginning to be recognized. 

The categories of the edge signatures are prioritized such that signatures with a 

combination of features are classified according to the feature category having 

the highest ranking. This priority ranking resolves any ambiguities arising from 

signatures that have a combination of features. The edge-signature categories 

are ranked in descending priority as follows: 

1. Peaked 

2. Asymptotic or Extended 

3. Downward Sloping 

Our mask-selection method examines the edge-signature plots for defining 

characteristics inherent to each category in the priority order shown above. 
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An edge signature is placed in the Peaked category if the plot has any maxima. 

A maximum is defined at a a value if the adjacent a values both have smaller 

edge magnitudes. Under this definition, neither the smallest nor the largest c 

value can correspond to a local maximum. The global maximum is the 

maximum with the highest edge magnitude. The optimal mask size 

corresponds to the a value at the global maximum. In this way maxima are 

resolved in favor of the highest edge magnitude. 

If there are no maxima in the signature plot and the largest edge magnitude in 

the plot corresponds to the largest mask size, or if there exists a minimum, then 

the signature is categorized as being either Asymptotic or Extended. To 

determine if the signature is asymptotic, a second-difference operator is applied 

to the edge-signature plot starting at the a value with the lowest edge 

magnitude. The second-difference operator is used to detect the rate of change 

in the slope of the edge-signature plot (see Figure 4.8). It is the rate of change 

in the slope of the edge-signature plot that is of significance and thus the 

optimal mask size is not always the mask size with the highest edge magnitude. 

If the value from the second-difference operator is greater than zero then the 

signature is classified as Asymptotic and the optimal mask size corresponds to 
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f(0) 

V Z f (O)<0 
^1(0) = 0 

V 2 f (0 )>  0  

Second Difference Operator: 

V2 f (a) • 2 f (o) - [f (o + 1) + f (o -1)] 

FIGURE 4.8 Determining Between the Extended and Asymptotic Edge 
Signature Categories using the Second-Difference Operator 
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the current o value being examined. If the second-difference operator has a 

nonpositive value over the range of a values then the edge signature is 

placed in the Extended category, and the largest mask size is selected as the 

optimal mask size. Nonpositive values from our second-difference operator 

indicate that the rate of change in the positive slope portion of the signature plot 

is constant or increasing, and this implies that the mask size of the edge 

operator has not sufficiently covered the spatial extent of the edge structure. In 

this case, the next larger mask size should be selected. 

If the edge signature has a negative slope over the a range then the edge 

signature is categorized as Downward Sloping. The a value corresponding to 

largest negative magnitude from the second-difference operator is used to 

select the optimal mask size. The large negative magnitude from the second-

difference operator corresponds to a leveling-off in the downward slope of the 

edge-signature plot. 

In a special case of the Downward Sloping category, the output from the first 

and second mask sizes are compared. If these two edge magnitudes are equal 

then the second mask size is selected. The agreement between these two 

mask sizes indicate a consistent edge structure in a 3x3 region, which we 
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assumed to be the smallest region over which consistent edge structure can 

exist. 

A summary of the edge-signature plot analysis is as follows: 

1. Determine if there any peaks. 

2. If there are no peaks, check for the Asymptotic or Extended case by using the 

second-difference operator starting at the a value corresponding to the 

minimum. 

3. Check if the signature is in the Downward Sloping category. If so, use the 

second-difference operator to find the location where the signature plot begins 

to level off. 

4. Check if the edge magnitudes for the first and second mask sizes are equal 

(within 1%). If this condition is true, then select the second smallest mask size. 

4.3.3 Examples of Edge-Signature Analysis: 

In the following examples, discrete mask sizes corresponding to c values of 

0.1, 0.5, 0.8,1.0,1.5 and 2.0 are used to define the edge-signature plot. 

DOUBLE STEP EDGE WITH NO NOISE OR BLURRING (Fig. 4.9) : The double 

step-edge profile shown in the Figure 4.9 illustrates the smallest edge structure 
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that can be recognized. The edge-signature plot is a special case of the 

Downward Sloping category in which the signature plot is constant over the first 

two resolution scales but then slopes downward with increasing a values. This 

indicates that the edge structure is not maintained beyond the 3x3 mask region. 

The a values of 0.1 and 0.5 correspond to edge masks of areas 1x3 and 3x3 

respectively. This edge is easily identified because the gradient magnitude 

from the 1 x3 and 3x3 operators are equal. If the smaller mask size yields a 

higher gradient value then the conditions for a 'perfect' step edge can no longer 

be assumed and the signature must be examined for other identifying features. 

However, for this 'perfect' edge example, the second mask corresponding to a 

= 0.2, is selected as the optimal mask size. 

BACKGROUND POISSON NOISE WITH NO EDGE (Fig 4.10): When no edge 

structure is present over a large area of background noise, the edge signature 

has a downward slope, bottoming out near the zero gradient value. This edge 

signature is placed in the Downward Sloping category. The difference in the 

gradient values for the first and second mask sizes distinguishes this noise 

profile from that of the small double edge. The noise-smoothing properties of 

the larger operators are responsible for the low gradient values at higher a 

values. Applying the second-difference operator to the signature plot locates 
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the 'heel' in the plot corresponding to a = 1.5. 

BLURRED EXTENDED EDGE (Fig 4.11): The extended edge has a very 

smooth characteristic and tapers off gradually to a constant level in the object 

and background regions. The edge signature plot has no maxima, but the 

consistent increase in gradient value with respect to the scale parameter 

indicate that a consistent edge structure does exist over an extended distance. 

The extent of the edge corresponds to the location on the edge-signature plot 

where the gradient values begin to level off to some asymptotic value. The 

positive value from the second-difference operator determines the a value 

where the signature plot just begins to level off (a= 1.5), and also classifies the 

edge signature in the Asymptotic category. 

BLURRED EXTENDED EDGE WITH NOISE (Fig. 4.12): Adding Poisson noise 

to the extended-edge example creates an edge signature with a minimum. The 

second-difference operator is applied from this minimum point (c=0.8) and the 

optimal mask size corresponding to the near asymptotic point on the signature 

plot is identified at a=1.5 . This edge signature is also categorized as 

Asymptotic. 
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SMALL BLURRED DOUBLE EDGE (Fig. 4.13): The edge signature in this 

figure corresponds to the edge structure on only one side of the 'hill.' The rapid 

drop in gradient value after the global maximum in the edge-signature plot 

shows how the extent of one edge structure is limited by the edge structure on 

the other side. The peak in the edge-signature plot identifies the optimal at 

0=1.5 and the edge signature is placed in the Peaked category. 

SMALL BLURRED DOUBLE EDGE WITH NOISE (Fig. 4.14): In this example, 

the gradient values at low a values are higher than those at the other resolution 

scales. However, there still exists a peak in the edge-signature plot at a = 1.5 

indicating that edge structure does exist. The optimal mask size still 

corresponds to the peak in the signature plot and the signature is still placed in 

the Peaked category. 
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5. A MULTIRESOLUTION GRAPH-SEARCH BOUNDARY DETECTOR 

5.1 Algorithm Description: 

The goal of designing the Multiresolution Graph-Search (MGS) boundary 

detector was to create an open 'shell' algorithm that could be modified to 

adapt to various boundary shapes. As discussed in Chapter Three, the key 

parameter in the design of graph-searching boundary detectors is the value of 

the edge component in the cost parameter. In the absence of any other 

features specified in the cost function, the boundary detector should still trace a 

boundary based on just the edge information. Incorporating additional features 

such as curvature, shape and adherence to prototype is application specific 

and should be treated as an option rather than a requirement for this algorithm. 

Recall that in our definition of an edge (section 2.1) we assume that there is 

some intensity or gray level change between an object and background region. 

Therefore, when there is no detectable intensity change, no edge exists and a 

boundary does not technically exist. In the situation in which there is no edge, 

the use of additional features or heuristic information serves to make a 

knowledgeable guess as to where the boundary should be located. Since we 

wish to test if the edge-signature analysis provides good edge information, the 

general MGS algorithm is designed to utilize edge information only. 
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The following assumptions have been made in the development of the MGS 

algorithm: 

1. There is a boundary of single pixel width that is to be traced that will isolate a 

single object from the background. Thus, we are only concerned with defining 

edge pixels or nodes that contribute to this single boundary. 

2. The start and goal nodes for the graph-searching procedure can be defined 

by the user. For our algorithm, the start and goal nodes are selected to be 

adjacent (eight-connected adjacency) to each other and have the highest edge 

magnitude over several resolution scales in an unambiguous region containing 

the object border. 

3. The object boundary does not contain any "loops' that will intersect the 

boundary path. 

The MGS algorithm uses a modified version of the A* graph-searching 

algorithm where the cost function to be minimized is based on the least average 

edge cost and is defined as: 

n 
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where N is the total number of nodes in the current path being evaluated up to 

node n. 

i is the node index (i=1 is the start node). 

The edge-cost parameter Cedge(i), as described in section 4.3.1, is designed to 

have low cost values for high edge magnitudes and a maximum cost of unity 

when the edge magnitude is zero: 

c . (i) = rr—- . 
edgsv' mag(i) + 1 

where mag(i) is the edge magnitude from the optimum size mask (resolution 

scale) at node i. The edge magnitude is derived from the gradient of a 

Gaussian edge operator also defined in section 4.3.1, and the optimum size 

mask for each node is determined by analyzing the edge-signature plot for that 

node as described in section 4.3.2. 

The edge direction is discretized into one of eight angular bins (see figure 5.1). 

Using a modulo-eight description for the edge direction (as opposed to modulo-

four), provides a means of distinguishing where the light and dark regions are 

with respect to an edge direction. According to our definition, the border 

surrounding a bright object on a dark background will be traced in a 

counterclockwise fashion. Defining the edge direction in this fashion has the 

advantage of preventing the boundary detector from straying and selecting 
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FIGURE 5.1 Edge Direction Assignment 

Each edge drection is ciscretized into one of sight equiangular 
bins. The shaded regions dspict the relative intensity of the edge 

such that the tracing of a bright object on a dark backg'ound is done 
in a counter-clockwise fashion. 
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edges from adjacent structures. For example, consider the case where there 

exists two adjacent bright structures such as the left and right ventricles (see 

figure 5.2). If a region of interest is roughly defined around the left ventricle 

such that it encompasses all of the left ventricle and only part of the right 

ventricle, then paths that are explored along the right ventricle edge are 

eventually terminated at the border of the region of interest. Only the path 

following the edge direction in a counterclockwise direction will be traced to 

completion. 

We also modify our graph tree to limit the number of successor nodes to three 

via the selective-node-expansion technique described in section 3.4.3. In 

addition, the range of possible edge directions for each of the successors is 

also limited to prevent the algorithm from producing paths that backtrack or 

point back to the parent node. This angular range is based on the spatial 

relationship of the parent and the successor node. That is, the generation of 

successor node locations are determined by the edge direction of the parent, 

but the valid range of edge directions for each successor is determined by the 

spatial location of the successor node with respect to the parent node (see 

Figure 5.3). For example, if a parent node has an edge direction code of 3, then 

the edge direction of the successor node is limited to the range of 1 - 5 (i.e. 90 

degrees). In this way, the successor node will not in turn generate successors 
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that backtrack on to the parent. 

5.2 Image Test Results: 

The original synthetic test image used to test the MGS algorithm consists of a 

single object with a. circular boundary outline as shown in Figure 5.4. The 

object and background gray levels were set at 100 and 40, respectively. The 

edge profile between object and background is step-like. Three modified 

versions of the original test image were then used to test the MGS algorithm: 

Case 1: Blurred Image without Added Noise: The image was successively 

blurred (5 times) by averaging the gray-level values from a 3x3 region around 

each pixel. 

Case 2: Blurred Image with Noise: poisson noise is added to the image in 

case 1. 

Case 3: Blurred Image with Noise and Variable Background: A background 

gray level of 60 was established on half of the image such that half of the object 

had an adjacent background gray level of 60 and the other half had a gray level 

of 40. The image was then blurred successively and poisson noise was added. 

Figure 5.5 shows an isometric plot of the gray levels along with a center-slice 

profile of the test image for this case. 
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Four versions of the A* graph-searching algorithm were applied to each of the 

test images, and the search efforts required for these versions are shown in 

Tables 5.1 - 5.3. For the boundary-schemes using a cumulative cost, the cost 

function has a form: 

?(n) = 3(n> = £ W'' • 
i - 1  

The boundary schemes listed as using a multiresolution method use our 

method of edge-signature analysis to determine an optimal mask size from 

which the edge magnitude and Cadge(i) are derived. The schemes that are listed 

as having a fixed operator do not use the edge-signature analysis, but derive 

the edge magnitude from the specified fixed-sized operator only. 

The headings in Tables 5.1 - 5.3 are explained as follows: 

Number of nodes opened: This is the number of expanded 'parent' nodes that 

were selected from the OPEN list during the search process. Note that during 

the search process not all of the successor nodes generated are selected as 

parent nodes. 

Number of Nodes in Path: This is the total number of nodes (pixels) in the 

'optimal' path found by the search algorithm. 

Accuracy percentage: This percentage is based on the ratio of the number of 



145 

'true' boundary nodes determined by the search algorithm to the total number of 

nodes in the path determined by the search algorithm. A 'true' boundary node 

is one that exists on the boundary of the original image. The accuracy 

percentage is a simple estimate of the boundary detector performance. 

Table 5.1 Search Effort Associated with Synthetic Image 
Case 1: Blurred image without added noise 

Boundary Scheme Number of 
Nodes Opened 

Number of 
Nodes in Path 

Percent 
Accuracy 

Least Avg. Cost 
MGS 15 16 100% 

Cumulative Cost 
with Multiresolution 90 11 36% 

Cumulative Cost 
(3x3) fixed size 82 11 36% 

Cumulative Cost 
(7x9) fixed size 90 11 36% 
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Table 5.2 Search Effort Associated with Synthetic Image 
Case 2: Blurred image with noise 

Boundary Scheme Number of 
Nodes Opened 

Number of 
Nodes in Path 

Percent 
Accuracy 

Least Avg. Cost 
MGS 25 17 88% 

Cumulative Cost 
with Multiresolution 80 11 36% 

Cumulative Cost 
(3x3) fixed size 78 10 40% 

Cumulative Cost 
(7x9) fixed size 84 11 36% 

Table 5.3 Search Effort Associated with Synthetic Image 
Case 3: Blurred image with noise and variable background 

Boundary Scheme Number of 
Nodes Opened 

Number of 
Nodes in Path 

Percent 
Accuracy 

Least Avg. Cost 
MGS 25 18 72% 

Cumulative Cost 
with Multiresolution 74 11 36% 

Cumulative Cost 
(3x3) fixed size 75 9 33% 

Cumulative Cost 
(7x9) fixed size 78 11 36% 
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For the image 1, the MGS algorithm determined the correct boundary path with 

the least number of nodes opened. The edge structure in the case 1 image is a 

step-edge blurred by a symmetric function and the edge location is 

unambiguously defined at the point of inflection. With a clearly defined edge 

location, the MGS algorithm behaves like a boundary tracker (section 2.2.3) 

and performs no backtracking in the boundary-tracing operation. The graph 

-search methods using a cumulative-cost function fail to produce good 

boundaries in all three cases due to the 'punch-through' effect (recall section 

3.3). A plot of the boundary produced by the cumulative-cost graph-search 

method is shown in Figure 5.6. All cumulative-cost methods shown in Table 5.1 

produced the same boundary path. 

The addition of Poisson noise to the image (case 2) leads to an increase in the 

number of nodes opened (i.e search effort) by both the MGS algorithm and the 

cumulative-cost methods. Adding the different background level (case 3) does 

not increase the search effort but does lead to more misclassified boundary 

points for the MGS algorithm and a hence a worse accuracy percentage. 

Figures 5.7a and 5.7b depict the boundaries traced by the MGS algorithm for 

the case 2 and case 3 images respectively. 

A graph-search technique using the least-average-cost method with a fixed 
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FIGURE 5.6 Test Image Boundary Produced by Cumulative-Cost Method. 
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mask size was also applied to the case 3 image and the results are tabulated 

in Table 5.4. The MGS algorithm (Table 5.3) produced the same boundary as 

the least-average-cost method with a mask size corresponding to a scale 

resolution of o = 1.5. Due to the symmetric blurring of this image, the edge 

signatures for the boundary nodes were all similar and the analysis of these 

edge-signature plots determined that the optimal scale of resolution of the edge 

detector was o = 1.5 for all of the boundary nodes . The best results for the 

synthetic image were obtained using the least-average-cost method with o = 

2.0. Because the synthetic image is based on a blurred step-edge model, the 

inflection point corresponding to the edge location will not change unless the 

image is blurred by a very large size averaging window. For the synthetic 

image, it appears that the requirements for edge localization are not as critical 

as the need for noise suppression. A larger size mask in this situation provides 

this extra noise immunity. However, if the assumptions of the step-edge model 

are violated, then the sensitivity of the edge localization to mask size becomes 

more significant. In selecting an optimal mask size, the MGS algorithm attempts 

to measure the full extent of the edge structure and does not base the mask 

selection on a particular edge model such as the blurred step-edge model. 
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Table 5.4 Search Effort Associated with Synthetic Image 
Using Least-Average-Cost Method with Fixed Mask Size 

Image is blurred with noise and variable background 

Scale factor a 
(mask size) 

Number of 
Nodes Opened 

Number of 
Nodes in Path 

Percent 
Accuracy 

a = 0.5 
(3x3) 23 15 33% 

o=1.0 
(5x7) 30 21 43% 

a = 1.5 
(7x9) 25 18 72% 

a = 2.0 
(11 x 13) 26 17 88% 

A planar heart study image (left anterior oblique view) with several center slice 

profiles are shown in figure 5.8. A region of interest of 25 X 18 pixels 

encompasses the left ventricle region in the image. 

The search effort for the MGS algorithm and several other methods are given in 

Table 5.5. Due to the punch-through effect, the cumulative-cost method 

produces a smaller path with almost half the number of boundary points than 

the MGS method. 



FIGURE 5.8 Planar Heart Image with Center Slice Profile 
(Left Anterior Oblique view) 
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Since we don't know the true boundary of this image, we can only qualitatively 

assess the performance of the MGS algorithm by observing the overall shape of 

the determined boundary. Figure 5.9 a-e show how the boundary shapes vary 

with increasing mask size (o) for the algorithms using least-average cost and a 

fixed mask size. Figure 5.9f shows the boundary determined by the MGS 

algorithm. The boundary shapes determined by applying small edge operators 

have more local curvature variations. However, the boundary determined by 

using the largest mask appears truncated at the vertical edge segments. This 

truncation effect suggests that the edges from the planar image do not adhere 

to the blurred-step edge model and thus noise suppression without regard to 

edge localization creates erroneous edge points. In a qualitative sense, the 

boundary determined by the MGS algorithm or the least-average-cost method 

with a fixed mask ( a = 1.5) looks the most promising. 

A map of the optimal mask size (as determined by the MGS algorithm) for each 

node in the graph tree is shown in Figure 5.10. The nodes correspond to the 

spatial location of the pixels and the boundary outline is indicated by the circled 

values. For most of the boundary, mask 5 corresponding to a o = 1.5 is 

selected as the optimum mask size. This would explain why the boundary 

shape detected by the MGS algorithm closely resembles the boundary 
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FIGURE S.10 Optimal Maak Size for NodM (pixel*) in Planar Heart Imaga. 
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determined by the fixed mask method when a=1.5. 

A gray-level histogram of the heart image is shown in Figure 5.11. The mode 

method was used to determine a gray-level threshold of 105. Figure 5.12 

shows a thresholded intensity map of the pixels with the MGS boundary nodes 

superimposed. The thresholded image shows that a single threshold level 

does not isolate the overlapping structure between the left and right ventricles 

(i.e. septum edge). Increasing the threshold level to isolate the LV results in a 

truncation of the boundary points where the edge structure is not overlapping. 

The MGS boundary resolves the septum edge and appears to agree with the 

boundary determined by the thresholding operation on the boundary portions 

away from the septum edge. 
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Table 5.5 Search Effort Associated with Heart Image 

Boundary Scheme Number of 
nodes opened 

Number of 
boundary points 

Least Avg. Cost 
MGS 64 42 

Cumulative Cost 
with Multiresolution 295 22 

Least Avg. Cost 
Fixed mask size 

a = 0.5 111 47 

a = 0.8 78 44 

Q
 II o
 

72 43 

o= 1.5 66 40 

a = 2.0 64 36 

Cumulative Cost 
Fixed mask size 

a = 0.5 111 11 

a = 0.8 195 9 

Q
 II o
 

303 25 

a= 1.5 297 23 

a = 2.0 282 23 
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6. CONCLUSIONS 

A boundary detector that works on all images does not exist. As a rule of 

thumb, the sophistication of a segmentation scheme is generally dependent on 

both the type of image features used and the method of incorporating these 

features into the algorithm. 

In the development of the MGS algorithm, we assumed that the primary feature 

in a boundary is the edge structure and that this edge structure needs to be 

matched to a specific resolution scale in order to gain the best compromise 

between noise suppression and spatial localization. In this way, the edge 

structure is not arbitrarily blurred in high signal-to-noise situations, and 

conversely, in low signal-to-noise situations, the edge detector does not 

respond to high-frequency structure. A multiresolution technique of analyzing 

the edge signature of each candidate boundary pixel was used to determine 

the optimal resolution scale (i.e. mask size) for the edge detector to be used at 

each pixel. As it turns out, for low-resolution images a single mask size is 

usually sufficient to characterize the edges in the whole image. That is, if the 

blurring and noise level are constant throughout the image, then there is 

typically a single mask size that will yield good results. However, the 

multiresolution technique provides a means to determine this 'optimal' mask 
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size automatically. 

Incorporating the edge information into a graph-searching algorithm proved to 

be a convenient method of forming a boundary detector that produces a closed 

boundary of single pixel width without having to perform a thresholding or 

thinning operation on an edge map of the image. In using graph-searching 

techniques for boundary detection, the minimization of the least-average cost 

instead of the cumulative cost provides better results - particularly for images 

with blurred edges. The use of cumulative-cost methods results in a truncated 

boundary path that overlooks high-magnitude edge nodes over a long path 

length in lieu of lower-magnitude nodes on a shorter path between the start 

and goal nodes. 

One of the reasons why we emphasized a graph-search algorithm as a means 

of boundary detection is that the algorithm can be modified to accommodate 

various image conditions by simply changing the cost function. For images that 

have a detectable edge (such as the test images used in chapter 5) a cost 

function can be defined based on edge information only. If the image lacks 

boundary information in certain regions, then an additional similarity-to 

-prototype cost parameter containing global boundary information can be 

added to the cost function to enable the algorithm to complete a closed 
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boundary. The similarity-to-prototype cost parameter can be based on the 

prototype-cost parameter defined by Ashkar & Modestino (1978) or Duncan 

(1988) (see section 3.5.2) in which a high cost is attached to nodes that do not 

conform to a prototype outline. Of course, the prototype outline is highly 

application dependent and must be determined a priori. The cost function for 

the MGS algorithm would then take the form: 

where N is the number of nodes in the current path being evaluated up to node 

n, 

i is the node index, 

Cedge(i) is the edge cost parameter, 

Cproto(i) is the similarity-to-prototype cost parameter, 

a is a weighting parameter. 

One of the disadvantages in using both multiresolution and graph-search 

techniques is the conceivably high computational costs involved in both the 

Gaussian blurring and the graph-searching process. However, both these 

processes consist of redundant operations that may be performed in a parallel 

manner. For example, the operations of each of the edge convolution kernels 

n 
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can be done in a parallel fashion for each node. In addition, each candidate 

successor node can be evaluated in parallel and then compared to determine 

the best successor. Also, the image boundary itself may be partitioned into 

several starting and ending nodes with each start node being adjacent to the 

previous end node. The graph-search algorithm can then be applied in parallel 

to determine the path for each of these edge segments. 

Producing a closed boundary should not be the only goal of the boundary 

detector. Ultimately, the region that is isolated by the boundary detector must 

be correlated to some other task such as a volume measurement. If the 

boundary detector is based on an edge-detection method, then it is assumed 

that some feature in the edge structure directly corresponds to the 'true' 

boundary of the object. The problem is that we often don't know what feature in 

the edge structure actually corresponds to this 'true' boundary. So it becomes 

very difficult to construct an edge or boundary detection scheme when we do 

not have an adequate edge model that will describe the true boundary of 

significance. Thus, more work needs to be done to determine what edge model 

would be appropriate for the various images of interest. 
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