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ABSTRACT 

Topographic classification is a nonlinear technique used to enhance nuclear medicine 

images for tumor detection. Second-order directional derivatives are computed at 

each pixel location after performing a least-squares fit of the underlying surface using 

bivariate cubic polynomial. The eigenvalues and their corresponding eigenvectors 

computed from the Hessian matrix determine which topographic feature is assigned 

to the image pixel. Parameter selection for the mask size, curvature threshold, and 

angle thresholds are chosen to yield the "best" classified image. The classifier is 

applied to clinical images of cancer patients provided by the Department of Nuclear 

Medicine at the University of Arizona. Background noise associated with the photon-

starved data is suppressed using a DifFerence-of-Gaussians (DOG) filter prior to pixel 

classification. Results indicate the feasibility of using this technique to isolate possible 

tumor sites which will assist the clinician during patient examination. 



12 

CHAPTER 1 

Introduction 

1.1 Overview of Imaging in Nuclear Medicine 

The detection and discrimination of known signals in Gaussian noise is a well 

understood problem [1], [2]. Many authors have pointed out that this problem leads 

to the formation of a test statistic that is a linear function of the data [3]. Of 

more clinical relevance is the difficult problem of detecting a random signal in a 

noisy background. Barrett, Myers, and Wagner [4] have shown that the detection of 

signals with random parameters, in general, leads to a test statistic that is a nonlinear 

function of the data. 

The process by which a clinician perceives a noisy and blurred image, and arrives 

at a diagnosis, is a complicated task. According to Barrett [5], the three general steps 

in this process are detection, localization, and classification. Simple tumor detection 

requires the system resolution to barely resolve the tumor while maintaining the 

signal-to-noise ratio (SNR) as high as possible. Localization of the tumor with respect 

to other anatomical structures such as the liver or spleen, and the clcissification of it 

as either a normal or abnormal structure, places an additional constraint on image 
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resolution. The primary goal of this research is to propose a topographic classification 

scheme aimed at detecting spherically-shaped tumors. This thesis will concentrate 

on the detection problem and how it relates to the resolution and SNR in nuclear 

medicine images. Localization and classification will not be investigated. 

1.2 Detection of Cancerous Tumors using Indium-labeled Antibodies 

The use of tumor-localizing agents such as indium-labeled antibodies is critical in 

the detection of cancerous tumors. In the early 1970s tumors were imaged using radi

olabeled polyclonal antibodies. According to Davis [6] many of these compounds were 

based on a specific biochemical rationale, such as those that sought out melonomas. 

Some tumor-seeking agents were also based on compounds that intercalated with 

DNA, or those that were based on known highly successful anti-tumor chemothera-

peutic agents. Polyclonal antibodies suffer from insufficient target-to-nontarget ratio 

to allow the use of these materials with alpha- or beta-emitters for internal therapy. 

However, there was enough specificity, the ratio of the number of correct diagnoses 

when the object is not present over the total number of actually negative cases, for 

use with gamma-emitting radionuclides as external detectors of cancer. The devel

opment of monoclonal antibodies labeled with radionuclides such as indium-Ill or 

indium-125 was motivated by the anticipated increase in specificity of the monoclonal 

antibody compared to the polyclonal material. 
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The total activity of current available radiotracers in a tumor will be small if 

the tumor volume is small. The radiation that is emitted from the tumor will be 

attenuated or scattered before reaching the detector of a probe or gamma-camera 

resulting in poor photon statistics in the image. Moreover, there may be substantially 

brighter sources, such as large or superficial organs with modest uptake of the tracer, 

in the field of view. 

1.3 Evolution of Intraoperative Probes 

The main goal of the intraoperative or surgical probe is to distinguish small, bright 

sources near a probe from larger, deeper sources based on the principle that radiation 

from deeper sources is more likely to be scattered. For several years researchers in 

the Department of Nuclear Medicine at the University of Arizona have designed and 

tested small radiation-detector probes for cancer detection. According to Barber [7], 

these probes are more sensitive than conventional gamma-camera systems for localiz

ing sites of high activity, such as tumors, if the probes can be maneuvered to within 

1-2 cm of a possible tumor site. Probe performance, however, is limited by variations 

of the background count rate in the detectors; these variations are caused by different 

activities in different normal tissues of the body. 

A single detector may have difficulty distinguishing nearby activity variations, 

such as those due to tumors, from background activity variations caused by different 

uptakes of radiopharmaceuticals in normal tissues [8]. An increase in the count rate 
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as the probe is moved may arise from a tumor near the detector or from the change 

of the detector position or orientation with respect to a distant organ of high activity. 

The development of a dual probe reduces the possibility of false responses as a result 

of spatial inhomogeneity in the background associated with a simple probe. The 

dual probe consists of two concentric Nal(Tl) scintillation detectors and two lead 

collimators arranged so that an inner detector views sources in a region of interest 

near the probe and sources in the background, and an outer detector views only 

background sources. 

Diagnostic measurements using a radiation detector probe yield random data since 

each measurement gives slightly different results. According to Woolfenden [8], one 

source of this random variation is movement of the probe with respect to a spatially 

non-uniform activity distribution, such as a patient, so that the detectors of the 

probe view new regions of radioactivity. If measurements are made on more than one 

patient, the results will also vary since tissue distribution of the radioactive tracer 

differs between patients. Even if the probe were fixed with respect to a single patient 

and all other conditions are kept constant, the data will suffer from Poisson random 

noise. 

Imaging probes permit feature extraction and topographic classification of image 

data. They can get close to the area of interest which reduces scatter and attenuation, 

but they actually provide more information to the clinician. The sources of the 

background variable caused by normal structures can be identified by correlating the 
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image with known anatomy. Another type of imaging probe for use during surgery 

is the 2-D array probe utilizing a 21-element 2-D array consisting of a planar array 

of 21 CdTe detectors located behind a paxallel-hole collimator. This device behaves 

like a miniature gamma-camera with a spatial resolution at the surface of the probe 

of 0.3 cm [7]. 

1.4 Previous Tumor Detection Strategies 

The detection of a tumor edge in a radiograph or radioisotope scan by computer 

processing is particularly difficult for a number of reasons. In both types of data 

picture, the optical density along the edge changes significantly as one progresses 

around the edge, and in some instances the edge disappears over a short arc length. 

In a chest radiograph, the missing edges problem is increased by the presence of 

other objects, such as ribs, which may be superimposed in a confusing way over the 

sought-after tumor. In a radioisotope scan, the problem of other objects in the image 

is increased due to high noise levels usually present. 

Ballard and Sklansky's detection method [9] tackles these difficulties in a three-

step process as outlined in Fig. 1.1. After the input data are digitized by an optical 

scanner, edge enhancement techniques are used to obtain a good approximate replica 

of the edges in the original picture. However, the desired edges may not be completely 

apparent; whereas, undesired edges, such as rib edges, may be evident. 
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Detection by 
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Figure 1.1: Block diagram of a tumor detection scheme [9]. 

In the second stage, Ballard used an algorithm by Montanari [10] for detecting 

smooth curves in noisy backgrounds. The algorithm extracts a set of closed curves 

within some specified perimeter range and maximum curvature. This step produces 

a set of closed curves which are globally optimum with respect to a certain cost 

function. Although the algorithm overcomes the problem of missing edges, not all 

closed curves are related to tumor edges. That is, some closed curves may consist 

of portions of a tumor edge, and some closed curves may consist of portions of a rib 

edge. 

The third step uses a linear function to select the closed curves which represent 

tumor edges. The linear function consists of two terms, the sum of the curve gradient 

moduli divided by the perimeter length, and the area of the curve divided by the 

square of its perimeter. The first term provides the mean gradient modulus or a 

measure of how well a candidate curve fits the edge picture while the second term 

provides a measure of circularity of the closed curve, and was selected because the 

type of tumor sought is almost always roughly circular. The dynamic programming 

algorithm selects the best set of locally convex closed curves containing possible tumor 

candidates. 
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Lai [11] proposed another method for detecting one type of breast tumor, circum

scribed masses in mammograms. The technique relies on a combination of criteria 

such as shape, brightness, contrast, and uniform density of tumor areas. The method 

uses a modified median filter to enhance mammogram images followed by template 

matching to detect breast tumors. A set of training images is used to fine-tune pa

rameters. Consequently, the performance of the scheme is dependent on how well the 

training set actually match the true data. 

Finally, one other form of automated detection and classification of tumors in dig

itized mammograms is described by Brzakovic [12]. The analysis of mammograms is 

performed in two stages. First, the system identifies pixel groupings that may corre

spond to tumors. Next, the detected pixel groupings are subjected to classification. 

The essence of the first processing stage is multiresolution image processing based on 

fuzzy pyramid linking. The second stage employs a classification hierarchy using a 

Bayes classifier with input measurements based on the shape and intensity charac

teristics of the tumors. Although the method does a good job of detecting suspicious 

regions, the tumor classification results were relatively poor [12]. 

1.5 Topographic Classification Approach 

Topographic classification (TC) is a nonlinear technique that maps every pixel 

into a topographic feature such as a peak, pit, ridge, ravine, saddle, or flat. The 

basic idea is to regard the gray-scale image obtained by an imaging system as a 
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topographic map, with the number of counts at each pixel corresponding to terrain 

elevation. The topographic classifier is based on the local facet model described by 

Haralick and Watson [13]. In this model, a patch of the intensity surface surrounding 

each pixel is fitted by a bivariate cubic polynomial. We estimate the first and second 

directional derivatives of surface topology using the coefficients of the cubic. Finally, 

we perform the classification based on the eigenvalues and eigenvectors from the 

estimated second directional derivatives associated with each pixel. 

The topographic classification technique offers many advantages over previous 

detection strategies. One main advantage is the low computational cost compared 

to other systems. Processing requires only one pass through the image and the 

parameter selection process is straightforward. Another advantage is TC's ability to 

detect small tumors which are barely visible to the eye. The detection of the smallest 

possible tumor leads to early detection. This is critical in increasing the patient's 

survival by allowing for early resection and early treatment. 

The topographic classifier appears well suited to probe data. The inherent smooth

ing of the local surface fitting is essential for the photon-starved data characteristic 

of the probes. In addition, the topographic features provide the correct level of image 

description. Use of the classifier with probes does not require explicit identification of 

background structures but rather discrimination between tumors and unwanted clut

ter caused by adjacent structures. For example, a tumor would most likely appear as 

a peak surrounded by convex hills or saddles, whereas a blood vessel would probably 
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be described as an extended ridge. Disregarding the topographic features other than 

those associated with tumors provides a powerful means of background suppression. 

Moreover, the TC approach offers a reasonable anatomical interpretation as well as 

highlighting tumor sites in lumpy backgrounds. 

1.6 The Gaussian Tumor Model 

A suitable tumor model is needed to evaluate the performance of our classifier 

for tumor detection. Although tumors can vary in shape and size depending on the 

disease and stage, we will constrain our tumor to be a roughly spherical mass. As 

a. result the 2-D projection of the tumor will be circular, with a profile close to a 

semicircle. However, due to the nonuniform uptake of the radiotracers, photon scat

tering, and Poisson noise, we can approximate the projection by a two-dimensional 

Gaussian profile described by: 

The above equation is a discretized version of the two-dimensional Gaussian func

tion <7(r), where r is the two-dimensional position vector. Myers et al. [14] use a 

similar Gaussian function to model the detection of known signals in an inhomoge-

neous or lumpy background. 

The size and shape of tumors can vary significantly between cancer patients. Tu

mor size and shape also depend on the particular cancer, stage of the disease, and 

imaging dosage. We will constrain our research to the detection of spherically-shaped 

(1.1) 



21 

tumors which are simulated using the 2-D Gaussian function described by equation 

(1.1). Tumor contrast relative to the image background is achieved by varying the 

width or height of the tumor. It follows that tumors with high contrast have higher 

probabilities of detection, while tumors with low contrast may be masked by un

wanted background clutter resulting in lower probabilities of detection. 

1.7 Overview of Topographic Classifier Evaluation 

We evaluate TC performance in two ways. In the first method we plot the detection 

results in the form of receiver operating characteristics (ROC), then measure the area 

under the curve (AUC) to gauge performance [15]. In the second method, detection 

accuracy is measured at varying SNR's by placing a simulated tumor of fixed size 

and intensity at a random location in a series of images. Using a machine observer, 

the computer decides whether or not a tumor is present based on the number of 

contiguous peak pixels found inside a rectangular window placed at the known tumor 

site. Finally, we examine the TC outputs and see how well they correlate with the 

original images. 

1.8 Overview of Experimental Data 

The image Sets 1 and 2 are provided by the Department of Nuclear Medicine at 

the University of Arizona. These images were taken from a clinical gamma-camera 

study. We will process these images to generate the "best" looking maps using the 
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topographic classification technique. We will also superimpose simulated Gaussian-

shaped tumors in the data set to determine how well the tumors are mapped in the 

TC outputs. This is achieved by selecting the appropriate free parameters to yield 

the best mapping for a tumor of a particular size. 

This thesis will concentrate on the implementation of the topographic clcissifier 

algorithm discussed in Chapter 2. Chapter 3 focuses on the selection of three free 

parameters to generate the best images possible. We apply the parameter selection 

rules to the simple case of classifying an image containing a 2-D Gaussian function in 

noise-free and noisy backgrounds. Chapters 4 and 5 discuss testing the topographic 

classifier on digital gamma-camera images. We added simulated Gaussian-shaped 

tumors to these data, and evaluated tumor detectability using the classifier. Results 

were encouraging, and demonstrated the feasibility of detecting small tumors that 

were only marginally visible in the original images. ROC curves provide a measure of 

performance between the clcissifier method and the matched filter method for detect

ing simulated tumors. We will also examine the detection accuracy of the classifier 

in isolating tumor sites as the SNR is varied. Finally, Chapter 6 summarizes the 

results presented in the previous chapters, and offers suggestions on future research 

and feasible applications of the topographic classification technique. 
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CHAPTER 2 

The Topographic Classifier 

2.1 Background 

The topographic classification approach is based on the estimation of the first- and 

second-order directional derivatives of the underlying surface proposed by Haralick et 

al. [16]. Let the function f(r, c) represent the pixel's gray level at the row and column 

location (r,c) in the image. We consider the rate of change of / to be dependent 

on the direction of the change. The directional derivative of / at the point (r, c) in 

the direction of 0 is denoted by f'g{r,c). From advanced calculus [17], the directional 

derivative is given by 

where the angle 6 is taken in the clockwise direction from the column axis. Thus, 

The second derivative of / at (r, c) in the direction 6 is denoted by fg(r,c), and it 

follows that 

f'g(r,c) = lim 
f(r + h sinO, c + h cosO) — /(r, c) _ (2.1) 

fg(r, c) = ^(r, c) sine + ^(r, c) cosO. (2.2) 
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Thus, the gradient magnitude, ||V/|| 

(2.4) 

is the maximum rate of change of / at that point, and 

(2.5) 

is the corresponding direction in which the underlying surface has the greatest rate 

of change. 

2.2 Mathematical Properties 

The following notation describes the mathematical properties associated with our 

various topographic categories of continuous surfaces. Assuming |Ai| > |A2|, let 

V/ = gradient vector of /; 

ll^/ll = gradient magnitude; 

a;*1) = unit vector in direction where the second directional derivative 

has the greatest magnitude; 

= unit vector orthogonal to u5W; 

Ai = value of second directional derivative in the direction 

A2 = value of second directional derivative in the direction 

V/ • u'1' = value of first directional derivative in the direction of cj'1'; and 

V/ • d;(2) = value of first directional derivative in the direction of 
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In order to calculate the quantities of each type of topographic features, the first- and 

second-order partials with respect to r and c are approximated. These five partials 

are §f(r,c), §£(r,c), §^(r,c), 0(r,c), and £fc(r,c). 

The gradient vector is |£). The second directional derivatives are calculated 

and used to form the 2x2 Hessian matrix defined as 

a 2 f  a i f  
H = dr* drdc 

a*f a2i 
dcdr d<? 

(2.6) 

We know from advanced calculus that since / is a continuous function 

with continuous first and second directional derivative. As a result, the order of 

differentiation of the cross partials could be interchanged, and only three parameters 

are required to determine the Hessian matrix. Moreover, since the Hessian matrix is 

symmetric, the eigenvalues are real. 

The values of the extrema of the second directional derivative are the eigenvalues 

of the Hessian, and their corresponding eigenvectors are the directions in which the 

second directional derivative is extremized. This is more evident by rewriting fg in 

the quadratic form 

sinO 
fg = (sinO cosO) • H 

cosd 

(2.7) 

Thus HCj^ = AidJW and = A2<3(2). The two directions represented by eigen

vectors are also orthogonal to one another. We obtain the values of the first di

rectional derivative by taking the dot product of the gradient with the appropriate 

eigenvector:V/ • u^1), or V/ • 
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Furthermore, a direct relationship also exists between the eigenvalues Ai and A2 

and the surface curvature in the direction and That is, when the first 

directional derivative V/'oJW = 0, then Ai/(1 + [V/- V/])1/2 is the curvature in the 

direction 

2.3 Topographic Categories 

Once we determine the gradient magnitude and direction, and the eigenvalues 

and eigenvectors of the Hessian, we can describe the following topographic labeling 

procedure based on the geometric interpretation of known surfaces. 

2.3.1 Peak Point 

A peak (knob) occurs where there is a local maxima in all directions. That is, we 

are on a peak if regardless of what direction we look, we see no point that is higher 

than the one we are on. The curvature is downward in all directions, the gradient is 

zero, and the second directional derivative is negative in all directions at a peak. To 

determine whether the second directional derivative is negative in all directions, we 

examine the value of the second directional derivative in the directions that make it 

the smallest and the largest. A pixel is therefore labeled as a peak point if it satisfies 

||V/|| = 0, A! < 0, A2 < 0. (2.8) 
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2.3.2 Pit Point 

A pit (bowl) is the counterpart of a peak. It occurs when there is a local minimum 

in all directions. By definition, the curvature is upward in all directions, the gradient 

is zero, and the second directional derivative is positive in all directions at a pit. A 

pixel is labeled as a pit point if it satisfies 

2.3.3 Ridge Point 

A ridge occurs on a ridge-line consisting of a series of ridge points. Traversing 

along the ridge-line, we see points to the left and right of us are lower than the 

ones we are on. The ridge-line can curve upward, curve downward, slope upward, 

slope downward, or just be flat. A ridge occurs where there is a local maximum in 

one direction, the second directional derivative in the direction across the ridge is 

negative, and the first directional derivative in the same direction is zero. Since the 

ridge may be curved, the local maximum occurs in either of the directions in which 

the curvature is extremized. Nonflat ridges follow the first two cases described below 

for ridge characterization. Flat ridges have horizontal ridge-lines, and the gradient 

along them is zero corresponding to the third case. A pixel is therefore labeled as a 

ridge point if it satisfies 

||V/|| = 0, A, > 0, A2 > 0. (2.9) 

Case 1 : || V/|| ^ 0, Aj < 0, V/ • itf1) = 0, 

Case 2 : || V/|| ^ 0, A2 < 0, V/ • w<2> = 0, (2.11) 

(2.10) 
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Case 3 : ||V/|| = 0, Ai < 0, A2 = 0. (2.12) 

2.3.4 Ravine Point 

A ravine (valley) is similar to a ridge except that it is a local minimum instead of 

a maximum in one direction. Traversing along the ravine-line, we see points to the 

left and right of us are higher than the ones we are on. A pixel is labeled as a ravine 

point if it satisfies 

2.3.5 Saddle Point 

A saddle occurs where there is a local maximum in one direction and a local min

imum in a perpendicular direction. A saddle has positive curvature in one direction, 

and negative curvature in a perpendicular direction. The gradient magnitude is zero, 

and the extrema of the second directional derivative have opposite signs at a saddle. 

A pixel is labeled as a saddle point if it satisfies 

Case 1 : || V/|| ^ 0, Ax > 0, V/ • utf1) = 0, 

Case 2 : || V/|| ^ 0, A2 > 0, V/ • u™ = 0, 

Case 3 : || V/|| = 0, Aj > 0, A2 = 0. 

(2.13) 

(2.14) 

(2.15) 

IIV/II = 0, A1.A2<0. (2.16) 
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2.3.6 Flat Point 

A flat (plain) is a horizontal surface with zero slope. The gradient is zero, and 

there is no curvature. A pixel is labeled as a flat point if it satisfies 

||V/|| = 0, Aa = 0, A2 = 0. (2.17) 

Moreover, a flat may be further separated into a foot or a shoulder point. A foot 

occurs at the point where the flat begins to change upward into a hill. A shoulder 

occurs where the flat is changing downward into a hill. 

2.3.7 Hillside Point 

A hillside point is anything not covered by the previous labels. The gradient is 

nonzero, and the directions of maximum and minimum second directional derivatives 

have no strict extrema. A tilted flat hill is considered a slope. If the curvature is' 

positive, we label it a convex hill. If the curvature is negative, we label it a concave hill. 

Finally, if the curvature is upward in one direction and downward in a perpendicular 

direction, we label it a saddle hill. A point on a hillside is an inflection point if it 

has a zero-crossing of the second directional derivative taken in the direction of the 

gradient. 

To determine whether a pixel is a hillside point, we take the complement of the 

disjunction of the conditions given for all the previous topographic classes. Conse

quently, if there is no curvature, the gradient is nonzero, and if there is curvature, 

the pixel must not be a relative extremum point. Therefore, a pixel is labeled as a 
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hillside point if all three conditions are true 

Case 1 : Aa = 0, A2 = 0 =» ||V/|| ± 0, (2.18) 

Case 2: Ax ^ 0 V/ • ^ 0, ' (2.19) 

Case 3 : A2 ^ 0 =* V/ • Co™ ^ 0. (2.20) 

Equivalently, a pixel is labeled a hillside point if any one of the four conditions are 

true 

Case 1: V/ • dJW ^ 0, V/ • w<2) ^ 0, (2.21) 

Case 2 : V/ • ^ 0, A2 = 0, (2.22) 

Case 3 : V/ • w<2) ^ 0, Aj = 0, (2.23) 

Case 4 : || V/|| ^ 0, A, = 0, A2 = 0. (2.24) 

We can also differentiate between four different classes of hillsides by the second 

directional derivative values as 

Case 1 : Slope if Ai = A2 = 0 (2.25) 

Case 2 : Convex if Ai > A2 > 0, Ai ^ 0 (2.26) 

Case 3 : Concave if Ai < A2 < 0, Ai ^ 0 (2.27) 

Case 4 : Saddle hill if Ai • A2 < 0 (2.28) 

Finally, a slope, a convex hill, a concave hill, or a saddle hill is labeled as an inflection 

point if there is a zero-crossing of the second directional derivative in the direction of 

the gradient. 



31 

2.4 Summary of the Topographic Categories 

A summary of the mathematical properties of the topographic features on contin

uous surfaces developed by Haralick [16] is shown in Table 2.1. One can see that our 

classification scheme is complete since all possible combinations of first and second 

directional derivatives are exhausted. Each topographic label has a set of mathe

matical properties that uniquely determines it. The first column in the table is the 

gradient magnitude. The next two columns represent the eigenvalues which are the 

extrema of the second directional derivative. The fourth and fifth columns represent 

the first derivatives in the direction which the second directional derivatives have the 

greatest magnitudes. Each entry in the table is either 0, +, or X, where 0 means 

not significantly different from zero, + means significantly different from zero on the 

positive side, - means significant from zero on the negative side, and X means it 

does not matter. There is one impossible case in which both the gradient is nonzero 

and the first directional derivative are zero in two orthogonal directions. This case is 

labeled as Cannot occur. 

We will restrict ourselves to six different classes in our classifier. The six-class 

topology classifier produces good results for our application. The delineation between 

classes is clear and robust as shown in Fig. 2.1 where the six-class color key for the 

classified images is listed in Table 2.2. The six chosen classes define mostly high 

ground and low ground with the exception of saddles being the only intermediate 

class chosen. Other categories such as slope, concave hill, or convex hill give too 



Table 2.1: Mathematical properties of topographic structures. 

IIV/II ^1 A2 V/ • wW V/ • d3<2) Label 

0 - - 0 0 Peak* 
0 - 0 0 0 Ridge* 
0 - + 0 0 Saddle* 
0 0 0 0 0 Flat* 
0 + - 0 0 Saddle* 
0 + 0 0 0 Ravine* 
0 + + 0 0 Pit* 
+ - - ")+ ->+ Hillside 
+ - X 0 X Ridge 
+ X - X 0 Ridge 
+ - 0 ~>+ X Hillside 
+ - + -)+ ~>+ Hillside 
+ 0 0 X X Hillside 
+ + - ~>+ ~>+ Hillside 
+ 0 ~>+ X Hillside 
+ + X 0 X Ravine 
+ X + X 0 Ravine 
+ + + ~>+ -5+ Hillside 
+ X X 0 0 Cannot occur 

Note *: These are the six topographic classes used for tumor classification. 

Table 2.2: Pixel classification color key. 

Color Code Label 
red peak 

light pink ridge 
mid green saddle 
light blue flat 
mid blue ravine 

blue pit 
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Table 2.3: Pixel classification color key for complete set of classes. 

Color Code Label 
light pink peak 

pink ridge 
red concave hill 

light green slope 
mid green saddle 

green saddle hill 
yellow convex hill 

light blue flat 
mid blue ravine 

blue pit 

much information in the final map, shown in Fig. 2.2, where the color designation for 

the topographic map is shown in Table 2.3. It is difficult for the observer to interpret 

the final data from too many classes. The six chosen classes conveniently fall out of 

the simple division of the (Aj, A2) space. The method employs five features, three of 

which, || V/||, V/ • a;*1), and V/ • are always zero. This leaves the eigenvalues 

Ai and A2 to determine which feature class to assign to each pixel. 

2.5 Computing Topographic Features: The Local Cubic Facet Model 

The facet model described by Haralick and Watson [13] states that all processing 

of digital image data has its final authoritative interpretation relative to what the 

processing does to the final underlying gray tone intensity surface. The image pixel 

values represents noisy sampled counts of the underlying surface. Thus, a crucial 

part in the process involves estimating the underlying surface at each pixel location. 
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Figure 2.1: Output of "a" image using six topographic features. The classifier output 
with mask size = 9x9 pixels, curvature threshold = 0.035, and 0\ = 22.5, 62 = 25.0, 
83 = 15.0, and 64 = 25.0. 

Figure 2.2: Output of "a" image using all topographic features. The classifier output 
with mask size=9x9 pixels, and the gradient magnitude threshold=0.20. 
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This surface estimation requires a model that accurately describes the general form 

of the surface in the neighborhood of any pixel if there were no noise. This amounts 

to estimating the free parameters of the general form of a cubic polynomial if we 

assume that the neighborhood around each pixel is suitably fit by a bivariate cubic. 

Then, we can analytically compute the first and second directional derivatives. 

We perform a least-squares fit with a two-dimensional surface, /, to a neighbor

hood of each pixel. This requires the function f be continuous and have continuous 

first- and second-order partial derivatives with respect to r and c in a neighborhood 

around each pixel in the rc plane. To satisfy these constraints we choose / to be a 

cubic polynomial in r and c expressed as a combination of discrete orthogonal poly

nomials. We assume that the surface complexity is such that it can be adequately 

estimated by a third-order polynomial. The function / becomes the best discrete 

least-squares polynomial approximation to the image data in each pixel's neighbor

hood. We express the bicubic surface of each fitting neighborhood as 

+ k8r2c + k9rc2 + &10c3, 

where the center of the fitting neighborhood is taken as the origin. It follows that 

the needed partials evaluated at image location (r, c) are 

/(r, c) = ki + k2r + k3c + k4r2 + k5rc + k6c2 + k7r3 (2.29) 

(2.31) 

(2.30) 
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d2 f 
-q~2 = 2 k4 + 6k7r + 2k8c, (2.32) 

d 2 f  
-Q-g = 2 k6 + 2 k9r + 6k10c, (2.33) 

d 2 f  
= h + 2 k8r + 2k9c. (2.34) 

Since the above quantities are evaluated at the center of the pixel where local coordi

nates (r, c) = (0,0), only the constant terms will be of significance (nonzero). Thus, 

equations 2.32-2.34 reduce to 

fjj = 2fe" (2-35) 

^ = IK, (2.36) 

= h •  ( 2 - 3 7 >  

We form the Hessian matrix using these three partial derivatives. We can then solve 

for the eigenvalues and their corresponding eigenvectors to determine the appropriate 

feature classification. 
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CHAPTER 3 

Topographic Classifier: Implementation and Performance 

3.1 Computational Steps 

The implementation and performance of the topographic classifier (TC) are the 

main focus of this chapter. Given the raw image we need to take a series of steps to 

generate a topographic representation for evaluation by either a human observer or a 

machine observer. Prior to the classification process, the image is pre-filtered using a 

Difference-of-Gaussians filter since it has desirable bandpass characteristics. Filtering 

the original image removes the unwanted low and very high frequency components 

for better surface fit. This is evident from the classifier outputs shown in Fig. 3.1. 

Next, selecting the parameters for the classifier is crucial in the labeling process. 

Since the algorithm is a parallel process for pixel classification, it can be done with 

a single pass through the image. For each pixel of the image the following four steps 

are performed: 

1. Calculate the coefficients of a two-dimensional cubic polynomials in an nxn 

pixel neighborhood around the pixel of interest. Only coefficients k2 through ke 
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Figure 3.1: (a) Classifier applied to an unfiltered "a" image, (b) Classifier applied to 
a filtered "a" image. 
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are needed and they are calculated by convolving the appropriate masks over 

the image. 

2. Use the coefficients calculated in step 1 to find the gradient magnitude, and the 

eigenvalues and eigenvectors of the Hessian matrix. 

3. Classify the pixel into one of six features according to Table 2.1. 

4. Using the topographic image map generated by the classifier, determine whether 

a tumor is present or not present based on a decision threshold. 

The final step in the process involves examining the classified image to discriminate 

between the desired features and the inhomogeneous background. 

Shown in Fig. 3.2 is a nuclear medicine subimage of a female cancer patient pro

duced in a case study. The image is corrupted by noise making it very difficult to 

distinguish desirable features in the major organs such as the liver, lungs, or bone 

structures. After identifying these features, we can assess the performance of TC 

based on how well the final output corresponds to our manual interpretation of the 

original image. We also examine the detectability of low resolution features which 

are barely visible to the eye using topographic classification. 

3.2 Overview of Free Parameters 

Figure 3.3 show the block diagram of the free parameters to be selected as inputs to 

the topographic classifier. The free parameters include the filter a, window size, mask 
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Figure 3.2: Gamma-camera image. 

size, curvature threshold, and angle thresholds. Proper selection of these parameters 

will yield a useful output image for further evaluation. 

3.2.1 Filter a and Window Size 

We select the filter cr based on the smallest features in the raw nuclear medicine 

images that we want to resolve. It follows that the filter kernel (window size) should 

be chosen to be approximately 8-^2<j according to Levine [21]. The justification for 

these values are discussed in details in Section 3.4. 

3.2.2 Mask Size 

The mask size determines the nxn pixels neighborhood used in the surface fitting 

process. We will evaluate the overall effects of the neighborhood size on surface 

estimation accuracies to develop some criteria for selecting the appropriate mask 



Window 
Size 

Smallest 

Curvature 
Threshold 

Classified 
image 

Original 
Gray-scale 

Image 

Mask 
Size 

Angle 

Thresholds 

Figure 3.3: Block diagram of existing free parameters. 
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size. In other words, if the observer needs to distinguish a local feature of size mxm 

pixels, he must select a mask size that is larger than mxm. However, care must 

be taken in the selection of the mask dimension since a mask that is too large may 

result in the mislabeling of the topographic features. That is, two close peak regions 

of interests may be mislabeled as ridge points if the mask size overlaps the adjacent 

peak regions. A mask size that is neither too large nor too small tends to yield a 

better surface approximation. Moreover, to maintain ease of computation, we want 

to select the mask size to be an odd integer value. The mask size can be optimized 

if we have an analytic expression for the underlying surfaces. This can be done by 

selecting the mask size which yields the minimum mean square error for the estimated 

partials. For complicated structures such as those found in nuclear medicine images 

we select the mask size that will allow us to resolve the smallest features desirable. 

3.2.3 Curvature Threshold 

The curvature threshold parameter establishes a bound on the five nonflat cate

gories peak, pit, ridge, ravine, and saddle. If the intensity variation of the pixels in 

a neighborhood is small, we ignore the minor changes, and regard the background 

as flat regions. This corresponds to points lying inside a circular region centered at 

the origin of the eigenvalue space Ai vs. A2 plot shown in Fig. 3.4. Points in the 

eigenvalue space near the origin will be neglected and will be labeled as flat pixels 

since they represent a slowly changing underlying surface. This parameter is useful 
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in suppressing unwanted noise which may clutter the output image. If the target 

intensity is high relative to its background, such as a 2-D Gaussian in a uniform 

background, we can produce a map with slowly changing background pixels labeled 

as flat while our target will be assigned peak labels for better discrimination between 

the target and background. As a result, we have a binary map containing only the 

target and nontarget pixels for ease of identification and diagnosis of the classified 

image. 

3.2.4 Angle Thresholds 

The angle thresholds {6\ — 04) allow partitioning of adjacent classes of each quad

rant in the eigenvalue space. In particular, they partition the eigenvalue space for 

ridge and ravine pixels as shown in Fig. 3.4. All eigenvalue pairs (Ai,A2) falling 

between regions 2 and 3 will be labeled as ridge points. Likewise, pixels with the 

corresponding (Aj, A2) lying inside regions 8 and 9 will be classified as ravine points. 

The possible range for the angle threshold lies between zero and 45 degrees. Because 

of the |Ai | > |A21 constraint, points cannot occur in regions 1 and 6 in the eigenvalue 

space. The shape of the underlying surface in the image data is related to the (Ai, A2) 

pair. That is, circular shapes tend to hug the 45 degree diagonal in quadrant 3, while 

a more elongated shape will move away from the diagonal. If the aspect ratio is 

high for an elongated surface, it will approach a ridge point. As a result, the angle 

threshold for quadrant 3 will define the amount of elongation permitted of circular 
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tumors. A stricter constraint requires peak pixels to be more rounded with the angle 

closer to 45 degrees. 

The eigenvalue space does not provide any spatial information about the image. It 

reveals only the distribution of the six topographic features for the entire image. We 

can add a minor bias or shift to the distribution of the six topographic features for 

improved target discrimination by varying the appropriate angle thresholds. These 

thresholds increase the robustness of the algorithm for selecting ridge and ravine 

points whose eigenvalues along the Aj-axis are zero or almost zero. Since peak points 

contain more information about the underlying surface than ridge pixels, because of 

the stricter constraints or characteristics of a peak point described in Chapter 2, we 

may want to select 63 so that peak clusters appearing in the final output indicate the 

location of features satisfying a predetermined roundness criteria. In other words, 

eigenvalue points representing elongated circles (ellipses) appear to be farther away 

from the third quadrant diagonal. Thus, if 63 is chosen to be near 45 degrees, peak 

points appearing in the classified image correspond to circular shapes in the original 

image. 

3.3 Gaussian Tumor Parameters 

For a Gaussian tumor of known width and intensity, we can select the free parame

ters to yield the best topographic map. The mask size should be selected according to 

the desired fit. In other words, we should select the mask size to be at least CTXCT pixels 
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where a is the tumor standard deviation. Small, inconsequential, variations in the 

image topography are discarded by an appropriate choice of the curvature threshold. 

Any regions whose measured curvature is less than this threshold is assigned the label 

flat. Based on the eigenvalue map of Fig. 3.5, the curvature threshold should be set 

between 0.1 and 0.5. On the other hand, angle thresholds are somewhat subjective 

since they depend on the type of image and the particular features to be examined. 

In noisy images containing spurious background clutter, 63 should be set between 15 

and 30 degrees to emphasize round features. The other thresholds 61 and 64 are set 

near 22.5 degrees while 02 can be set between 15 and 22.5 degrees. 

3.3.1 Classification of Noise-free Gaussian-shaped Tumors 

We define a simulated 2-D Gaussian-shaped tumor centered at image location 

(a, b) as: 

A = tumor maximum intensity, 

a = row coordinate of tumor location, 

6 = column coordinate of tumor location, 

of = variance in the row direction, and 

a\ = variance in the column direction. 

(3.1) 

where, 
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The following partials are easily derived: 

df 

dr 
= —A (r--a) ( 

a~eXP {-
(r — a)2 (c — b) 21 

2 CT2 + 
2*c

2 ) 
3f - (r - af + (c - 6)2 

2a2 2*2 

0V 
dr2 

av 
5c2 

av 
drdc 

= -A 

= 

(r - a)2 1 

(c - 6)2 

exp 

exp 

(r - a)2 
+ (c - ft)2 

2<r? 2°"c 

„ ( r - a ) ( c - & )  
= —A -—- exp 

aTac 

(r ~ a)2 (c - &)21 

2*? " f" 2a2 

[ ( r - a ) 2  
+  ( c - 6 ) 2 ]  

2a2 2a2 

(3.2) 

(3.3) 

(3.4) 

(3.5) 

(3.6) 

We can derive an expression for the eigenvalues in terms of the noise standard de

viation to provide a measure of robustness of the topographic curve fitting technique. 

An expression relating the eigenvalues as a function of the tumor width is derived in 

Appendix A. It is given by 

(X 
2
+V ̂  - -̂ \j{x2 + y2)2o2 - 4x2y2{c2 - 1) 

1 (_£±£) 
Ai,2(z,y) = 2e 2" ' (3.7) 

By setting the value for x and y to zero, we can find the eigenvalue at the peak 

amplitude of the Gaussian tumor as 

A(0,0) = (3.8) 

From (3.8) we see that the eigenvalue at the center of the Gaussian tumor is inversely 

proportional to the square of a. Thus, for tumors with narrow profiles, the eigenvalues 

at the peaks are large while tumors with wide profiles will have small eigenvalues. 

We can also evaluate the performance of the classifier by examining the minimum 

square error between the estimated partials and the actual values as a function of 
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mask size in the next subsection. Tables 3.1-3.5 show the correlation between the 

estimated values and the actual values at selected locations for a 1-D profile of the 

Gaussian function in a noise-free background as shown in Fig. 3.7. The tables indicate 

that the estimated partials improve as the mask size is increased from 5x5 pixels to 

11x11 pixels. However, increasing the mask size to 13x13 pixels resulted in a slightly 

poorer estimates of 
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Table 3.1: Estimated partials for noise-free image using mask size of 5x5 pixels. 

Position Or? 
§1/ 91L 

f )rr)r  

a2/ 
drdc fif & 

(25,5) -0.1353 -0.0571 0.0000 0.0000 -0.1353 -0.0571 
(25,9) -0.2780 -0.2286 0.0000 0.0000 -0.2780 -0.2286 
(25,13) -0.4868 -0.4571 0.0000 0.0000 -0.4868 -0.4571 
(25,17) -0.7261 -0.7429 0.0000 0.0000 -0.7261 -0.7429 
(25,21) -0.9231 -0.9714 0.0000 0.0000 -0.9231 -0.9714 
(25,25) -1.0000 -0.9714 0.0000 0.0000 -1.0000 -0.9714 
(25,29) -0.9231 -0.9714 0.0000 0.0000 -0.9231 -0.9714 
(25,33) -0.7261 -0.7429 0.0000 0.0000 -0.7261 -0.7429 
(25,37) -0.4868 -0.4571 0.0000 0.0000 -0.4868 -0.4571 
(25,41) -0.2780 -0.2286 0.0000 0.0000 -0.2780 -0.2286 
(25,45) -0.1353 -0.0571 0.0000 0.0000 -0.1353 -0.0571 

Table 3.2: Estimated partials for noise-free image using mask size of 7x7 pixels. 

Position all 
f)r2  

JiL 
r)rf)r  

a2/ 
r)rf)r  

u EL 
r)r2  

(25,5) -0.1353 -0.1837 0.0000 0.0000 -0.1353 -0.1837 
(25,9) -0.2780 -0.2721 0.0000 0.0000 -0.2780 -0.2721 
(25,13) -0.4868 -0.4762 0.0000 0.0000 -0.4868 -0.4762 
(25,17) -0.7261 -0.7415 0.0000 0.0000 -0.7261 -0.7415 
(25,21) -0.9231 -0.9048 0.0000 0.0000 -0.9231 -0.9048 
(25,25) -1.0000 -0.9932 0.0000 0.0000 -1.0000 -0.9932 
(25,29) -0.9231 -0.9048 0.0000 0.0000 -0.9231 -0.9048 
(25,33) -0.7261 -0.7415 0.0000 0.0000 -0.7261 -0.7415 
(25,37) -0.4868 -0.4762 0.0000 0.0000 -0.4868 -0.4762 
(25,41) -0.2780 -0.2721 0.0000 0.0000 -0.2780 -0.2721 
(25,45) -0.1353 -0.1837 0.0000 0.0000 -0.1353 -0.1837 
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Table 3.3: Estimated partials for noise-free image using mask size of 9x9 pixels. 

Position -d 
91L f ) r f ) r  lis

: 

0 d*s 
flr2 

(25,5) -0.1353 -0.1289 0.0000 0.0000 -0.1353 -0.1289 
(25,9) -0.2780 -0.2949 0.0000 0.0000 -0.2780 -0.2949 

(25,13) -0.4868 -0.4916 0.0000 0.0000 -0.4868 -0.4916 
(25,17) -0.7261 -0.6830 0.0000 0.0000 -0.7261 -0.6830 
(25,21) -0.9231 -0.8533 0.0000 0.0000 -0.9231 -0.8533 
(25,25) -1.0000 -0.9370 0.0000 0.0000 -1.0000 -0.9370 
(25,29) -0.9231 -0.8535 0.0000 0.0000 -0.9231 -0.8535 
(25,33) -0.7261 -0.6830 0.0000 0.0000 -0.7261 -0.6830 
(25,37) -0.4868 -0.4916 0.0000 0.0000 -0.4868 -0.4916 
(25,41) -0.2780 -0.2949 0.0000 0.0000 -0.2780 -0.2949 
(25,45) -0.1353 -0.1289 0.0000 0.0000 -0.1353 -0.1289 

Table 3.4: Estimated partials for noise-free image using mask size of 11x11 pixels. 

Position flr* Tir* ilL 8 r f ) r  
a*f 
fir fir §1L • 3£X 

(25,5) -0.1353 0.0000 0.0000 0.0000 -0.1353 0.0000 
(25,9) -0.2780 -0.2890 0.0000 0.0000 -0.2780 0.3840 

(25,13) -0.4868 -0.4709 0.0000 0.0000 -0.4868 0.1778 
(25,17) -0.7261 -0.6709 0.0000 0.0000 -0.7261 -0.2549 
(25,21) -0.9231 -0.8396 0.0000 0.0000 -0.9231 -0.7004 
(25,25) -1.0000 -0.9070 0.0000 0.0000 -1.0000 -0.9070 
(25,29) -0.9231 -0.8396 0.0000 0.0000 -0.9231 -0.7004 
(25,33) -0.7261 -0.6709 0.0000 0.0000 -0.7261 -0.2549 
(25,37) -0.4868 -0.4709 0.0000 0.0000 -0.4868 0.1778 
(25,41) -0.2780 -0.2890 0.0000 0.0000 -0.2780 0.3840 
(25,45) -0.1353 -0.1555 0.0000 0.0000 -0.1353 0.3800 
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Figure 3.7: 1-D profile of a simulated Gaussian-shaped tumor. These 11 data points 
are selected to evaluate the accuracy of estimates of second-order partials. 
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Table 3.5: Estimated partials for noise-free image using mask size of 13x13 pixels. 

Position ffr2 
£j_ 
8rf)r. 

9iL 
8r8r 0 H& 

(25,5) -0.1353 0.0000 0.0000 0.0000 -0.1353 0.0000 
(25,9) -0.2780 -0.2808 0.0000 0.0000 -0.2780 0.3584 

(25,13) -0.4868 -0.4598 0.0000 0.0000 -0.4868 0.1573 
(25,17) -0.7261 -0.6543 0.0000 0.0000 -0.7261 -0.2512 
(25,21) -0.9231 -0.8070 0.0000 0.0000 -0.9231 -0.6779 
(25,25) -1.0000 -0.8659 0.0000 0.0000 -1.0000 -0.8659 
(25,29) -0.9231 -0.8070 0.0000 0.0000 -0.9231 -0.6779 
(25,33) -0.7261 -0.6543 0.0000 0.0000 -0.7261 -0.2512 
(25,37) -0.4868 -0.4598 0.0000 0.0000 -0.4868 0.1573 
(25,41) -0.2780 -0.2808 0.0000 0.0000 -0.2780 0.3584 
(25,45) -0.1353 0.0000 0.0000 0.0000 -0.1353 0.0000 

Using the information from Tables 3.1-3.5, we can select the best mask size, 

minimum m.s.e, for classifying a simple Gaussian surface. Figure 3.8 shows the 

original tumor in a noise-free background and three classified outputs generated using 

62 = 63= 10.0, 22.5, and 35 degrees, respectively. 0i and 64 are set at 15 degrees while 

the curvature threshold is held fixed at 0.1. The eigenvalues distribution using a 9x9 

mask is shown in Fig. 3.6. Since the original image contains a tumor superimposed 

on a uniform background, we expect to see only peaks, saddles, and flat points in 

the classified image. The distribution of Fig. 3.6 is actually continuous but because 

of the |Ai| > |A2| constraint, the eigenvalue pairs are abruptly cut off at 135 degrees. 

If we reflect the saddle points in the fourth quadrant about the -45 degrees line, we 

see that the distribution is indeed continuous. 
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Figure 3.8: Original and sequence of final maps of a tumor in a noise-free background, 
(a) The original 2-D Gaussian-profile tumor, (b) The classifier output with 01 = 04 = 
15 degrees, and 02 = 63 = 10 degrees, (c) The classifier output with 91 = d4 = 15 
degrees, and 02 = O3 = 22.5 degrees, (d) The classifier output with 0i = 04 — 15 
degrees, and 02 = 03 — 35 degrees. 
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3.3.2 Classification of Gaussian-shaped Tumors in Noisy Background 

The experiment described in Section 3.3.1 is repeated for a simulated tumor added 

to a noisy background. The general shape of the tumor contains minor distortion 

attributed to the noisy background. The Poisson noise model is well suited for nuclear 

medicine images. The probability of k photons detected by the gamma-camera in an 

interval T is given by 

prob(k detected in T) = exp(-XT), (3-9) 
kl 

where A:=number of photons, A=detection rate, and T=interval period. However, as 

the mask size is increased, we have a better estimation resulting in a more accurate 

classification oi the tumor. Although the estimated partials shown in Tables 3.6-3.10 

are not as good as in the case of the Gaussian in a noise-free background, selecting a 

mask size of 13x13 pixels gives the closest approximation to the noise-free tumor. To 

determine the best mask size we choose the mask that gives us the minimum mean 

square error defined as 

mse = eJrr + eJrc + e fcc  

(3.10) 

where, A = {(a:,?/) : (x,y) = {(25,5), (25,6),..., (25,45)}}, and n = 41 positions. 

Figure 3.9 shows the plot of mask size versus the mean square error using the data 

from Table 3.11. The lower curve represents the estimation error for the noise-free 

case, while the upper curve represents the Gaussian tumor in the Poisson noise case. 

_1 
n 

E(/" ~ /„)" + £(/„ - + E(/~ ~ /«=)' 
L A A A 



Table 3.6: Estimated partials for noisy image using mask size of 5x5 pixels. 

Position su 
dr2  

£j_ 
rtrr)r  

a*j  

ftrr lr  ft 
§LL 
f ir2  

(25,5) -0.1353 0.5429 0.0000 0.1600 -0.1353 1.8857 
(25,9) -0.2780 -0.1429 0.0000 0.3200 -0.2780 1.5714 

(25,13) -0.4868 -3.4000 0.0000 0.0700 -0.4868 -0.0570 
(25,17) -0.7261 -1.7143 0.0000 0.4900 -0.7261 -1.3143 
(25,21) -0.9231 -3.7429 0.0000 0.3000 -0.9231 -2.1429 
(25,25) -1.0000 0.0000 0.0000 -0.1800 -1.0000 -0.3143 
(25,29) -0.9231 -2.0857 0.0000 -0.2900 -0.9231 -0.3429 
(25,33) -0.7261 -0.3714 0.0000 0.4400 -0.7261 -1.2571 
(25,37) -0.4868 -1.-8857 0.0000 -0.2600 -0.4868 -1.8286 
(25,41) -0.2780 -1.1429 0.0000 -0.4800 -0.2780 0.3429 
(25,45) -0.1353 -1.0857 0.0000 0.1900 -0.1353 1.0857 

Table 3.7: Estimated partials for noisy image using mask size of 7x7 pixels. 

Position 
f ir*  f?r2 

£j_ 

iJrdc 
a2 f  
rlrdr 

§11 §11 
flr2 

(25,5) -0.1353 -0.4626 0.0000 0.1276 -0.1353 0.6259 
(25,9) -0.2780 -0.2823 0.0000 -0.1390 -0.2780 0.5986 
(25,13) -0.4868 -0.8844 0.0000 0.0931 -0.4868 -0.2415 
(25,17) -0.7261 -1.2449 0.0000 -0.1786 -0.7261 -0.3741 
(25,21) -0.9231 -1.4184 0.0000 -0.0230 -0.9231 -0.6224 
(25,25) -1.0000 -1.0918 0.0000 0.1454 -1.0000 -1.3265 
(25,29) -0.9231 -1.4796 0.0000 -0.0332 -0.9231 -0.8299 
(25,33) -0.7261 -0.8163 0.0000 0.0102 -0.7261 -0.5748 
(25,37) -0.4868 -0.3707 0.0000 -0.0255 -0.4868 -0.2687 
(25,41) -0.2780 -0.6599 0.0000 -0.0880 -0.2780 0.0306 
(25,45) -0.1353 -0.6020 0.0000 -0.0408 -0.1353 0.3912 



Table 3.8: Estimated partials for noisy image using mask size of 9x9 pixels. 

Position 81L 
r)r  F)r 

EL 
ft 

(25,5) -0.1353 -0.2778 0.0000 0.0789 -0.1353 0.3528 
(25,9) -0.2780 -0.1525 0.0000 -0.0225 -0.2780 0.5431 
(25,13) -0.4868 -0.6405 0.0000 0.0725 -0.4868 0.1070 
(25,17) -0.7261 -0.9745 0.0000 -0.0567 -0.7261 -0.1450 
(25,21) -0.9231 -1.0152 0.0000 -0.0806 -0.9231 -0.6183 
(25,25) -1.0000 -0.9745 0.0000 0.0450 -1.0000 -0.8829 
(25,29) -0.9231 -0.9697 0.0000 0.0506 -0.9231 -0.7944 
(25,33) -0.7261 -1.1277 0.0000 0.0900 -0.7261 -0.0599 
(25,37) -0.4868 -0.7831 0.0000 -0.0811 -0.4868 0.0784 
(25,41) -0.2780 -0.3559 0.0000 0.0286 -0.2780 0.6441 
(25,45) -0.1353 -0.1467 0.0000 -0.0444 -0.1353 0.1592 

Table 3.9: Estimated partials for noisy image using mask size of 11x11 pixels. 

Position U 
dr* 

EL r) r2 *L 
r)rf)r  

a2/ 
flr r)r  

§11 flr2 EL 
(25,5) -0.1353 0.0000 0.0000 0.0000 -0.1353 0.0000 
(25,9) -0.2780 -0.2085 0.0000 0.0012 -0.2780 0.3473 
(25,13) -0.4868 -0.4560 0.0000 0.0170 -0.4868 0.0519 
(25,17) -0.7261 -0.7387 0.0000 -0.0512 -0.7261 -0.1615 
(25,21) -0.9231 -0.8718 0.0000 -0.0165 -0.9231 -0.7468 
(25,25) -1.0000 -0.9771 0.0000 0.0977 -1.0000 -0.9803 
(25,29) -0.9231 -0.9046 0.0000 0.0547 -0.9231 -0.6357 
(25,33) -0.7261 -0.7235 0.0000 -0.0505 -0.7261 -0.1867 
(25,37) -0.4868 -0.4802 0.0000 -0.0518 -0.4868 0.1933 
(25,41) -0.2780 -0.2850 0.0000 0.0304 -0.2780 0.4024 
(25,45) -0.1353 -0.1636 0.0000 -0.0388 -0.1353 0.3270 
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Table 3.10: Estimated partials for noisy image using mask size of 13x13 pixels. 

Position alL 
Or Br. 

m. 
8rF)r 0 B 

(25,5) -0.1353 0.0000 0.0000 0.0000 -0.1353 0.0000 
(25,9) -0.2780 -0.2723 0.0000 0.0542 -0.2780 0.3895 

(25,13) -0.4868 -0.4656 0.0000 0.0008 -0.4868 0.0744 
(25,17) -0.7261 -0.6309 0.0000 -0.0247 -0.7261 -0.1628 
(25,21) -0.9231 -0.7645 0.0000 -0.0095 -0.9231 -0.6299 
(25,25) -1.0000 -0.8216 0.0000 0.0333 -1.0000 -0.9295 
(25,29) -0.9231 -0.8696 0.0000 0.0294 -0.9231 -0.6625 
(25,33) -0.7261 -0.7796 0.0000 -0.0315 -0.7261 -0.2023 
(25,37) -0.4868 -0.5508 0.0000 -0.0202 -0.4868 0.1563 
(25,41) -0.2780 -0.3491 0.0000 0.0003 -0.2780 0.4036 
(25,45) -0.1353 -0.0000 0.0000 -0.0000 -0.1353 0.0000 

Figure 3.10 shows the eigenvalues distribution using a mask size of 11x11 pixel. The 

noisy background, in effect, causes the eigenvalues clusters to spread, thus allowing 

some peaks and ridge points to be mislabeled as saddle points as shown in Fig. 3.10. 

Figure 3.11 shows the original tumor in noisy background and three classified outputs 

generated using O2 = #3 = 10.0, 22.5, and 35 degrees, respectively. 61 and 64 are set 

at 15 degrees while the curvature threshold is held fixed at 0.1. 

3.4 Difference-of-Gaussians Filtering 

Imaging systems may be regarded as linear filters. Furthermore, even after an 

image is formed, it is often desirable to pass it through another linear filter. This 

second filter could be for image enhancement such as noise-smoothing or deblurring. 

The inherent noise problem associated with nuclear medicine imagery requires 

preprocessing to obtain as much information from the raw data as possible. Since we 
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Figure 3.9: MSE for simulated tumor in noise-free and noisy background. 
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Figure 3.10: Eigenvalue space for image corrupted by Poisson noise. 
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Figure 3.11: Original and sequence of final maps of a tumor in a Poisson noise 
background, (a) The original 2-D Gaussian-profile tumor in a noisy background, (b) 
The classifier output with 0\ = 04 = 15 degrees, and 62 = O3 = 10 degrees, (c) The 
classifier output with 61 = 64 = 15 degrees, and 62 = 63 

= 22.5 degrees, (d) The 
classifier output with 0\ = O4 = 15 degrees, and 62 = 63 = 35 degrees. 
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Table 3.11: Comparison of mse estimates of second-order partials. 

Image Mask Size e/rr C/rc e/cc m.s.e 

5x5 0.0064 0.0000 0.0064 0.0128 
7x7 fl.0013 0.0000 0.0013 0.0026 

Gaussian 9x9 0.0027 0.0000 0.0027 0.0054 
11x11 0.0049 0.0000 0.0049 0.0098 
13x13 0.0086 0.0000 0.0086 0.0172 
5x5 2.1259 0.0000 1.6096 3.7355 

Gaussian 7x7 0.1788 0.0000 0.4194 0.5982 
in noisy 9x9 0.0262 0.0000 0.2944 0.3206 

background 11x11 0.0262 0.0000 0.2588 0.2850 
13x13 0.0107 0.0000 0.2366 0.2473 

are not concerned with the low-pass content (dc) or the high frequency components 

(random noise spikes), it is desirable to use a filter with a bandpass characteristic 

in the frequency domain. The Laplacian-of-Gaussians (LoG) operator described by 

Marr and Hildreth [18] is appropriate. This LoG operator is given by 

V1G(*,V) = ^G{x,y)+^G(x,y) 

= 2 ^ ( r 2 - 2 " ' ) e X P ( - ^ ) '  (3'U) 

where 

0(x,y) = 2~2 exP (—* <312) 

The function G(x,y) is a Gaussian filter and r2 = x2 + y2. For computer processing 

the discrete version of the LoG filter is given by 

V2G(x, y) = k(r2 - 2<r2) exp (3-13) 
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where — N  <  x  <  N ,  — N  <  y  <  N ,  and k  is a scaling constant. N  represents 

the radius of the LoG filter usually chosen to be approximately 4\/2a. However, 

since we are not interested in the precise location of edge pixels, a difference of two 

Gaussians (DOG) filter is sufficient since the DOG filter closely resembles the LoG 

filter. The DOG filter has the advantage of a lower computational burden and can 

be implemented more efficiently using the fast convolution techniques described by 

Chen [19] and Sotak [20]. 

As indicated by Levine [21], the diameter of the central region of the mask is 

given by d = 2y/2a, and the total extent in one dimension is about Ad. This implies 

that the window size of the filter should be approximately 8y/2a. Larger a's will 

result in a narrower bandpass region. Thus, a should be chosen to obtain the desired 

resolution in the image. That is, the larger the <r, the wider the window which 

will result in a smoother or more blurred image. Consequently, there is an inherent 

trade-off between resolution and sensitivity (noise), and we must select the filter a 

and the corresponding filtering window. The DOG filter profile closely approximates 

that of a Laplacian-of-Gaussian (LOG) profile. Marr proved and Chen [19] verified 

experimentally that the optimal ratio between two Gaussians in the DOG filter is 

approximately 1.6. This ratio is used in our DOG routine. 
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3.5 Summary of Rules for Parameter Selection 

Rule 1: The selection of a in the DOG routine and the mask size of the classifier 

depends on the noise and complexity of the image surface. The value for a is chosen 

to give a good compromise between resolution and sensitivity in the filtered image. 

One should use as big a mask size as possible without allowing the complexity of the 

surface to degrade the cubic fit to any significant degree. 

Rule 2: The curvature threshold setting allows the classifier to ignore slowly chang

ing backgrounds and to label these locations as flat points. This parameter is useful 

in reducing the image label complexity for ease of discriminating tumor sites. Typical 

values are dependent on the type of images and the complexity of features. 

Rule 3: Angle thresholds establish the decision boundaries for ridge and ravine 

points. If we wish to place a strict constraint on the roundness of the associated 

feature, we should select a large value for the third quadrant angle threshold. On the 

other hand, a small value of allows for less rounded features to be labeled as peak 

pixels. 
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CHAPTER 4 

Nuclear Medicine Images and Probe Data 

In nuclear medicine, a radionuclide emitter is introduced into the patient and is 

preferentially taken up by organs of interests such as the lungs, liver, heart, or kidney. 

It is then imaged essentially in the same manner as a pinhole camera where the lead 

collimator plays the role of the pinhole apertures. 

4.1 Noise 

Quantum noise or Poisson noise plays an important role in radiographic imaging 

systems primarily because the energy per quantum, hu, is so large for gamma rays. 

h is Planck's constant and v is the frequency of radiation. The necessity of limiting 

the radiation dose delivered to the patient means that the final image produced by 

an imaging system will consist of a relatively low number of detected quanta [5]. 

According to Barrett [5], a nuclear medicine image of the heart normally consists of 

less than 5000 detected gamma rays. A more static nuclear medicine image consists 

of 500,000 detected quanta while a diagnostic x-ray film used with a fluorescent 

screen would be exposed to a density of 107 x-ray photons/cm2. For comparison a 

typical photographic film exposed to light requires 1011 — 1012 optical photons/cm2 
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for a useful picture. Thus, quantum noise is usually the dominant form of noise in 

radiological images. 

4.2 Sources of images 

Image Sets 1 and 2 were obtained from the Department of Nuclear Medicine at 

the University of Arizona. They were taken as part of a gamma-camera investigation. 

The female patient from image Set 1 was injected with approximately five millicuries 

of indium-ill-labeled antibody B72.3. The exposure time was ten minutes. The 

tumor-seeking agent manufactured by Cypogen Corporation was directed against 

colon cancer and other cancerous types. A Toshiba GCA-90B gamma-camera was 

then used to record the photon counts for 600 seconds to form the 2000x2000 pixels 

image. The image was later divided into smaller sets of 58x84 pixel subimages for ease 

of processing and analysis. As a result, images "a" through "h" are the subimages of-

the patient shown in Figs. 4.1-4.8. Similarly, image Set 2 are composed of 256x256 

pixel subimages, shown in Figs. 4.9-4.12, of a male patient who also has been injected 

with B72.3 monoclonal antibody. Table 4.1 gives a brief description of the two image 

sets. 

4.3 Evaluation of SNR of images 

The gray levels in the twelve images from Set 1 and Set 2 vary significantly. This is 

evident from Table 4.2 which lists the gray level range, image standard deviation, and 



Table 4.1: Description of image Sets 1 and 2. 

Image Set *.IMG Description 

A Midsection, anterior view 
B Midsection, anterior view 
C Lower abdominal, anterior view 

1 D Lower abdominal, anterior view 
E Lower abdominal, posterior view 
F Lower abdominal, posterior view 
G Lower body, posterior view 
H Lower body, posterior view 

Pl_l Upper chest, anterior view 
2 Pl_3 Torso, midsection, anterior view 

P2_2 Lower body, torso, anterior view 
P2_3 Lower body, hip area, anterior view 

Figure 4.1: Original "a" image. 



Figure 4.2: Original "b" image 

Figure 4.3: Original "c" image. 



Figure 4.4: Original "d" image. 

Figure 4.5: Original "e" image. 



Figure 4.6: Original "f" image, 

Figure 4.7: Original "g" image. 



Figure 4.8: Original "h" image. 

Figure 4.9: Original "pi_1" image. 



Figure 4.10: Original "pl_3" image 

Figure 4.11: Original "p2_2" image 
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Figure 4.12: Original "p2_3" image. 

the SNR associated with each image in the two sets. The SNR for nuclear medicine 

images is computed using the expression defined by Barrett [5]. SNR is the ratio of-

the average photon counts at each location over the image standard deviation. 

SNR = 20 log (""S- photon county (0) 

\ &image ) 

Column 3 of Table 4.2 shows that the images from Set 1 have a higher average photon 

count per pixel compared to the four images in Set 2. Thus, the corresponding SNRs 

of images in Set 1 are also higher since the image standard deviation are about the 

same for both sets. The low photon count in image Set 2 results in lower contrast 

images which makes the discrimination between the target and noise much more 

difficult. 
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Table 4.2: SNR of image Sets 1 and 2. 

Image Set *.IMG Range Avg. # of photons/pixel <7 SNR (dB) 

A 0 to 393 97.686 65.189 3.51 
B 1 to 369 98.185 64.871 3.60 
C 0 to 452 96.459 73.514 2.36 

1 D 4 to 440 95.851 72.911 2.38 
E 5 to 395 94.286 55.391 4.62 
F 2 to 401 92.822 53.807 4.74 
G 1 to 319 98.525 54.814 5.09 
H 0 to 329 98.483 54.322 5.17 

P1.1 0 to 430 55.611 85.317 -3.56 
2 PI .3 0 to 340 33.491 45.854 -2.73 

P2.2 0 to 372 40.978 62.033 -3.60 
P2.3 0 to 137 20.870 24.825 -1.51 

4.4 Probe Image 

In addition to the twelve images from Sets 1 and 2, we will also apply the classifier 

to a simple nuclear medicine image. A radiation absorbing bag is filled with radio

tracer, and is tied at three places to simulate tumor sites. A 2x2 imaging probe is 

then used to build up an image shown in Fig. 4.13. This is a relatively simple image 

to process, and determines how well the assigned topographic features correspond to 

known shapes. 
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Figure 4.13: Original "knot9b" image. 
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CHAPTER 5 

Experimental Results 

5.1 Image Evaluation Goals 

Tumors are simulated by adding a 2-D Gaussian-profile to the image data to satisfy 

our primary goal of detecting spherically-shaped tumors. To verify the accuracy of 

the surface estimates, we applied the classifier method to two images, one containing 

a simple Gaussian while the other image contains the same Gaussian in a background 

corrupted by Poisson noise. We proceed to compare the performance of the classifier 

against the matched filter method using classical ROC techniques. We also evaluate 

the classifier detection accuracy as a function of image signal-to-noise ratio. Finally, 

we select the appropriate free parameters and apply the classification algorithm to 

nuclear medicine images. 

5.2 Tumor Detectability using Parameter Selection Rules 

The block diagram shown in Fig. 5.1 details the five step process used to deter

mine the presence of a simulated tumor. First a Gaussian tumor is added to the 

raw gray-scale image at a random location. The image containing the tumor is then 
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pre-filtered using a DOG routine. The filtered image is then applied to the classi

fier. The surface contained within a neighborhood of the pixel of interest is fitted 

with a cubic polynomial to estimate the underlying surface based on the gray-scale 

values of the surrounding pixels. Using a least-squares error process, the coefficients 

of the bivariate cubic polynomial are computed. From these coefficients, we deter

mine the second-order directional derivatives and form the Hessian matrix. Using 

the eigenvalues and eigenvectors of the Hessian, and the gradient magnitude, we as

sign topographic labels which best fit the underlying surface. Finally, the machine 

observer views the processed image and decides whether or not the tumor is present 

by how many contiguous peak pixels are found near the tumor site. 

Image with 
Tumor 

Pre-filtered 
Image Raw image 

Random 
Coordinates 

Processed 
Image 

Tumor 
Present? 

Range of 
Coordinates 

RNG 

DOG 
Filter 

Classify 
Every Pixel 

Calculate 
Coeff. 

Decision 
Maker 

(n peaks) 

Figure 5.1: Block diagram of classifier method. 

Figures 5.2-5.4 show the original "pl_l" image with a tumor added, the filtered 

version, and the classified version. We can identify the tumor region, circular peak 

pixels surrounded by ridge and saddle points, in the classified output. 
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Figure 5.2: Tumor added to "pl_l" image, 

Figure 5.3: Filtered "pl_l" image with tumor added, a = 2.5 pixels, window = 29x29 
pixels. 



Figure 5.4: Classified "pl_l" image with tumor added. Mask size=15xl5 pixels 
curvature threshold=0.035, 0\ = 22.5, = 22.5, 63 = 32.5 04 = 22.5. 

5.3 Tumor Detectability using Matched Filter Technique 

The matched filter technique is the best linear estimate for a simple detection 

problem. The technique involves using a template whose characteristics closely match 

the desired target. By sliding the template across the entire image, we perform 

image correlation to locate and detect the tumor. The maximum correlation value 

occurs when the template is directly on top of the tumor. This value forms the 

lost statistic for the tumor detection task. If the test statistic exceeds a preset 

t hreshold, the observer says the tumor is present. Likewise, if the test statistic does 

not exceed the threshold, the observer says the tumor is not present. However, if 

wc are superimposing a tumor of known size, shape, and location, we do not need 
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to perform the time consuming correlation over the entire image. Instead we just 

lay the template mask over the tumor, and compute a single-point correlation at the 

center pixel. Depending on the value at this point, we say the tumor is the present 

if the correlation value exceeds a given threshold. 

Image with 
Tumor 

Pre-filtered 
Image Raw image 

Random 
Coordinates 

Processed 
Image 

Tumor 
Present? 

Range of 
Coordinates 

RNG Matched 
Filter 

DOG 
Filter 

Decision 
Maker 

(threshold) 

Add T\imor 

Figure 5.5: Block diagram of matched filter method. 

5.4 ROC Analysis and Experimental Design 

Analysis in terms of receiver operating characteristic (ROC) curves [22] is useful 

in determining how well one system perform compared to another. ROC curves 

provide a measure of diagnostic accuracy free of judgmental bias such as time of day, 

observer characteristics, or the interpretational skill of the observer. This measure is 

more reliable than other diagnostic assessment techniques which may contain inherent 

biases. Before proceeding with the experiment description, we briefly review some 

basic ROC concepts described in detail by Barrett and Swindell [5]. 
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5.4.1 ROC Background 

Practical applications of ROC analysis to assess technique accuracy are usually 

limited to a single binary decision. In determining the presence or absence of a tumor, 

we have two stimulus alternatives and two corresponding response alternatives. The 

2x2 decision matrix shown in Fig. 5.6 specifies four possible outcomes: true positive, 

true negative, false positive, and false negative. 

Is the tumor present? 

Yes No 

Does the observer say 
the tumor is present? 

True False 
Yes Positive Positive Yes 

(TP) (FP) 

False True 
No Negative Negative 

(FN) (TN) 

Figure 5.6: 2x2 Decision matrix. 

Let us consider NTP and NTN to be the number of times the observer correctly 

identifies the presence or absence of the tumor, Npp and Nfn be the number of 

limes the observer incorrectly identifies the presence or absence of the tumor, and 

Ntot be the total number of observations made in the experiment. Then, we may 

define various performance indices as 

Number of true positive decisions 
True positive fraction = 

True negative fraction = 

Number of actually positive cases 

Ntp  

NTP +  NPN 

Number of true negative decisions 

Number of actually negative cases 

(5.1) 
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False positive fraction 

False negative fraction 

Manipulating the above equation, 

T P F  +  F N F  =  1  (5.5) 

T N F  +  F P F  = 1 (5.6) 

where TPF is the true positive fraction, FNF is the false negative fraction, TNF is 

the true negative fraction, and FPF is the false positive fraction. The TPF is also, 

referred to as the system's sensitivity while TNF is the system's specificity. 

The decision task is complicated by the fact that the observer, human or machine, 

must select a decision threshold in order to obtain the final outcome. For a given set 

of input images, the observer is instructed to vary his threshold and thereby generate 

a family of values. The plot of TPF against FPF is called an ROC curve whose points 

along the curve are obtained by increasing or decreasing the decision threshold. Thus, 

an ideal system would give all true positives, all true negatives, and no false positives 

unless the observer calls everything positive. The ROC curve of such a system would 

hug the left and top edges of the graph. On the other hand, if the image conveyed 

NTN 

N TN + Npp  

Number of false positive decisions 

Number of actually negative cases 
NFP 

NTN + Npp 

Number of false negative decisions 
Number of actually positive cases 

N FN 

NTP + NFN 

if fnllnws f.Viaf. 

(5.2) 

(5.3) 

(5.4) 
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any relevant information to the observer and he simply guesses, the resulting ROC 

curve would be a diagonal line extending from the lower left corner to the upper right 

corner. This is a worthless system. Consequently, the amount by which the curves 

bow away from the diagonal reflects the degree of discrimination. If we plot ROC 

curves of two different imaging technique on the same TPF against FPF plot, the 

system with the higher ROC curve (bows toward the upper left corner), is the better 

of the two systems in terms of its usefulness. 

The integration from 0 to 1 of an ROC curve is defined as the area under the 

curve (AUC). This parameter value can be used to compare two different imaging 

systems. The AUC ranges from 0 to 1 and is usually expressed as a percentage. Thus, 

a better system will have a higher AUC value corresponding to its ROC curve which 

also bows further away from the diagonal compared to the other system. For systems 

comparison, Barrett and Swindell [5] suggests generating two ROC curves such that 

one of the curves has the associated AUC value ranging between 65 and 75 percent 

by selecting the appropriate image contrast between the target and its background. 

5.4.2 Experimental Design 

The experiment consists of adding a simulated tumor to an image. The machine 

observer is then asked to decide whether a tumor is indeed present at a given location. 

The observer is also presented with the same image with no tumor added and is asked 

to decide the presence or absence of the tumor. The procedure is repeated 99 more 
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times thereby generating an ensemble of 200 decisions. A false positive occurs when 

the observer decides that a tumor is present when in fact no tumor is added. This is 

possible if the small region near the tumor site contains enough peak pixels. Similarly, 

a false negative occurs at a location in the image where the background noise masks 

the tumor and prevents it from being detected. By varying the decision threshold for 

both techniques, we will generate points along the ROC curve, which is later fitted 

by a. polynomial function. 

The decision criteria for the classifier is based on a four-connected blob coloring 

routine described by Ballard and Brown [23]. The idea is to examine a small patch of 

pixels centered at the location of the tumor. If the number of contiguous peak pixels 

exceeds a certain threshold, the observer says the tumor is present. Similarly, the 

decision criteria for the matched filter method requires the single-point correlation to 

exceed a particular threshold. For reliable ROC curves the decision threshold should 

be selected so that we can obtain points approximately equally spaced along the TPF 

axis. 

5.5 ROC Results 

The rating method proposed by Metz [22] is used to generate points for the ROC 

curves shown in Figs. 5.7 and 5.8. The graph in Fig. 5.7 shows ROC curves for the 

classifier method applied to image Set 1 and the matched filter method. The gaps 

between the two curves indicate an improvement of the classifier method over the 
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matched filter method in the task of detecting a single simulated tumor. The ROC 

curves were derived using a fixed intensity level of 25 and a tumor of size atumoT = 2.0 

pixels. 

ROC ANALYSIS: CLASSIFIER vs. MATCHED FILTER 
Image Set 1 (N = 200 images) 

1.00 
CLASSIFIER 
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0.90 
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0.20 

0.10 

0.00 
0.00 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 1.00 

FPF 

Figure 5.7: ROC curves for the classifier and matched filter for image Set 1. 

The TPF versus FPF graph in Fig. 5.8 shows the generated ROC curves between 

l he classifier method applied to image Set 2 and the matched filter method. The ROC 
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curves were obtained using 90 images, half of which contain tumors. Again, we see 

that the classifier method is better than the matched filter since the corresponding 

AUC for TC is greater than the AUC for the matched filter method. The tumor 

standard deviation is 5 pixels with a peak amplitude of 50. 

ROC ANALYSIS: CLASSIFIER vs. MATCHED FILTER 
Image Set 2 (N = 90 images) 
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METHOD > 0.90 
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Figure 5.S: ROC curves for the classifier and matched filter for image Set 2. 
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5.6 Tumor Detection Accuracy vs. SNR 

The detection accuracy or the fraction of the observed cases that are correctly 

identified, and the image signal-to-noise ratio is defined as 

. Number of correct decisions 
Accuracy = ; 

Total number of cases 

_ NTP +  NTN 

Ntot ' 

where, 

r  ^ , r ^  ,  ( M a x i m u m  a m p l i t u d e  o f  t u m o r  
Image SNR = 20 log I -

\ & image 

Figures 5.9 and 5.10 shows the graph of the detection accuracy versus SNR for 

images from Sets 1 and 2. From the graph we can determine the expected percentage 

of correct detections for a given SNR. That is, if we have a tumor of a certain size 

and intensity, we can find the corresponding likelihood of detection from the curves 

for a given threshold or confidence level. The family of accuracy curves for the image 

in Fig. 4.5 shows a gradual detection accuracy as the decision criteria is relaxed 

from 12 peak pixels to 9 peak pixels. The accuracy curves for the image in Fig. 4.9 

remain fairly constant within the range of -5 to 10 dB. We also observe that a 

more lenient threshold on the number of peak pixels results in a slight increase in 

the detection accuracies. However, if the threshold is too low, the number of false 

positives increases which reduces the detection accuracy as indicated by the curve 

with a decision threshold of 30 peak pixels in Fig. 5.10. The selection of a decision 

threshold is related to the size of the tumor. Since we expect to see more peak pixels 

5.7 

(5.8) 
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in the center regions of larger tumors in Set 2, we want to increase our threshold to 

minimize the number of false positives. 

5.7 Topographic Classification of Image Data 

Images in Figs. 4.1-4.13 are processed using the classifier to generate the "best" 

possible mapping using the rules for parameter selection. We also add simulated 

tumors with varying contrast to determine how well we can discriminate between 

tumors and background. 

5.7.1 Probe Image 

The final parameters for the image in Fig. 4.13 are mask size = 7x7 pixels, curva

ture threshold = 0.05, and all angle thresholds = 20 degrees. The results are shown 

in Fig. 5.11. The topographic map correlates well with the original data. Notice the 

cluster of peak pixels at the three sites where the long bag is tied. Along the bag, we 

expect to see fragmented ridge and saddle pixels representing its shape and the low 

photons counts, respectively. 

5.7.2 Image Set 1 

The final image produced by the topographic classifier is shown in Figs. 5.11-5.18 

for image Set 1. The DOG filter applied to the 8 images uses a a of 1.5 in the 

DOG routine with the corresponding 17x17 filter window. A a of 1.5 was selected 

to provide a good compromise between resolution and noise in the filtered images. 
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CLASSIFIER PERFORMANCE IN THE DETECTION 
OF A 2-D GAUSSIAN-PROFILE TUMOR 

Image Set 1 (N=200 images) 
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Figure 5.9: Accuracy vs. SNR for image "e" from Set 1. 
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CLASSIFIER PERFORMANCE IN THE DETECTION 
OF A 2-D GAUSSIAN-PROFILE TUMOR 

Image Set 2 (N =90 images) 
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Figure 5.10: Accuracy vs. SNR for image "pl_l" from Set 2. 
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Figure 5.11: Original and final map representation for "knot9b" image. 
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Applying the rules for parameter selection discussed in Chapter 3, we chose the mask 

size of 9x9 pixel to give us the minimum resolution of the smallest features in the 

images desired. The curvature threshold is set at 0.035, and the angle thresholds 

0, = 22.5, 02 = 25.0, 03 = 15.0, and 04 = 25.0. 

MM 
iiiii 

Figure 5.12: Filtered and final map representation for "a" image. 



Figure 5.13: Filtered and final map representation for "b" image. 



Figure 5.14: Filtered and final map representation for "c" image. 



Figure 5.15: Filtered and final map representation for "d" image. 



Figure 5.16: Filtered and final map representation for "e" image. 
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Figure 5.17: Filtered and final map representation for "f" image. 
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Figure 5.18: Filtered and final map representation for "g" image. 



Figure 5.19: Filtered and final map representation for "h" image 
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5.7.3 Image Set 2 

The final image produced by the topographic classifier is shown in Figs. 5.18-5.21 

for image Set 2. The DOG filter applied to the 4 images uses a a of 2.5 in the 

DOG routine using a 29x29 window. Again a a of 2.5 was selected to provide a good 

compromise between resolution and noise in the filtered images. We select the mask 

size of 15x15 pixels to give us the minimum resolution of the smallest features in the 

images desired. The curvature threshold is set at 0.035, and the angle thresholds 

0i = 22.5, 02 = 35.0, 03 = 10.0, and 04 = 35.0. 

5.7.4 Images Containing Tumors 

This section shows the final results of a few images in which tumors of varying size 

and amplitudes are added. These tumors can easily be seen in the classified outputs. 

For the first case, tumors of fixed intensity of 100 and varying widths a = 4, 5, and 6 

pixels are added to the image in Fig. 4.9 at three different locations. The topographic 

map of this image is shown in Fig. 5.24. For the second case, tumors of fixed width, 

a = 6 pixels, and varying intensities, 35, 50, and 100 are added to the image in 

Fig. 4.11. The resulting topographic map shown in Fig. 5.25. Finally, Fig. 5.26 shows 

the topographic map of the image in Fig. 4.2 containing three tumors. The size of the 

tumors are a = 1.25, 1.5, and 1.25 pixels, and the corresponding amplitudes of 100, 

75, and 75, respectively. The final classifier outputs in Figs 5.24-5.25 are obtained 

using filter a = 2.5 pixels, window = 29x29 pixels, mask size = 15x15 pixels, curvature 



Figure 5.20: Filtered and final map representation for "pl_l" image. 



Figure 5.21: Filtered and final map representation for "pl_3" image, 



Figure 5.22: Filtered and final map representation for "p2_2" image. 



Figure 5.23: Filtered and final map representation for "p2_3" image, 
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threshold = 0.035, and 61 = 20, 62 = 20, 03 = 30, and 64 = 20. For the results in 

Fig. 5.26, we used a filter <J — 1.5, window = 17x17 pixels, mask size = 9x9 pixels, 

curvature threshold = 0.035, and 6\ = 15, 62 = 15, #3 = 30, and 64 = 15. 
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Figure 5.24: Filtered and final map for "pl_l" image with three tumors added. 
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Figure 5.25: Filtered and final map for "p2_2" image with three tumors added 
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Figure 5.26: Filtered and final map for "b" image with three tumors added. 
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CHAPTER 6 

Summary and Conclusions 

This chapter summarizes the results presented earlier in the thesis. Chapter 1 

covers the noise problem inherent in nuclear medicine imaging, and the need for an 

image enhancement technique for tumor detection. Several detection schemes are 

reviewed. These techniques require lengthy processing times as well as a good set 

of training data. Some also rely on good quality images. The topographic classifier 

method was introduced to alleviate these problems and still provide good image 

enhancement in the form of topographic maps. Regions of high ground or lumps 

associated with tumors can be discriminated from the inhomogeneous background 

for tumor detection. The classifier only requires a single pass though the image, 

thus minimizing processing time. For example, a 58x84 image from Set 1 requires 

approximately two minutes (real time) to process while a 256x256 image from Set 

2 requires about one hour. The algorithm is also robust and is capable of handling 

adverse resolution and low signal-to-noise images. Tumors are simulated using a 

two-dimensional Gaussian-profile model. 

Chapter 2 describes the fundamental theory and concepts behind the classification 

algorithm. Topographic classification is a nonlinear technique that regards the count 
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information as terrain elevation and proceeds to use a local facet model to estimate 

the underlying surface. The geometric interpretation of the gradient magnitude, 

eigenvalues, and eigenvectors are used to assign one of six topographic features to 

each pixel in the image. The bivariate cubic polynomial provides adequate surface 

estimation for our application. 

Chapter 3 introduces a set of rules for selecting free parameters: the mask size, 

curvature threshold, and angle thresholds. Given the tumor characteristics, we select 

the parameters to generate the best classifier output. The mask size determines the 

neighborhood for the least-squares error surface fitting process. This value dictates 

the minimum feature size that can be resolved from the final output. The curva

ture threshold places a bound on the amount of intensity variation allowable in the 

neighborhood of the pixel of interest. Slowly changing gray levels will be labeled as 

flat points which are considered as backgrounds. Finally, the angle thresholds place a 

shape constraint on the tumors, and affect how they appear in the final map. Possible 

tumor sites will appear as high ground or lumps (peaks, ridges, etc.) 

Chapter 4 discusses the cause of the noise problem associated with nuclear medicine 

images. A brief description of the image source and some relevant information is pro

vided. The low signal-to-noise ratio inherent in gamma-camera imaging makes the 

original images difficult to analyze. This low contrast and low resolution problem is 

evident in the photographs taken of the images. 
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Chapter 5 establishes the evaluation goals and the tumor detection criteria. ROC 

analysis is used to compare the system performance between the classifier method 

and the matched filter method in detecting tumors. ROC curves indicate that the 

classifier method is better than the matched filter method at detecting low contrast 

Gaussian tumors. These curves also provide a powerful tool for choosing the operating 

point for the imaging system. Given a TPF requirement we can find the expected 

FPF, or vice versa. We also examine the classifier detection accuracy as a function of 

the signal-to-noise. Results showed an accuracy exceeding 75 percent for low contrast 

images. Finally, we applied the topographic classifier to two sets of nuclear medicine 

images, and a few images that contain tumors with varying characteristics. Tumor 

sites are evident in the processed output. 

Conclusions 

We have shown that the topographic classification is a viable technique for tu

mor detection. The topographic maps actually show connections which agrees with 

human interpretation of the underlying anatomy. Problems may arise in discriminat

ing between tumors and background structures. Some regions in the inhomogeneous 

background may be confused for tumor sites. However, if we consider such factors 

as the three-dimensional size and shape, and the spatial relationship to neighboring 

structures, we can distinguish between high ground or lumps associated with back

grounds, and high ground or lumps associated with possible tumor sites. The ability 

to distinguish tumors in low contrast images makes the topographic classifier more 
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attractive over previous detection schemes. Early detection can greatly increase pa

tients survivability, and allows for early treatment which minimizes or prevents the 

cancer from spreading. 

Although the topographic classification technique does a very good job at image 

enhancement, much work is needed to refine the algorithm for detecting multiple tu

mors or tumors of more complex shape. The inhomogeneous background associated 

with nuclear medicine images makes this detection task more challenging. Additional 

efforts are needed to improve the classifier performance by examining the use of a 

higher order polynomial to provide better estimates of more complicated structures. 

We also need to explore other detection strategies which uses the anatomic structures 

information to discriminate between background and non-background structures. Fi

nally, a clustering algorithm can be developed to isolate tumor regions of different 

size and shapes at unknown locations for further analysis. 

In the end we hope to provide the clinician with an imaging system that processes 

the data from imaging probes or gamma-cameras in real-time. The system will 

analyze and localize tumor sites, and provides a "tumor present" probability measure 

at a specified location. Practical applications of such a system include providing the 

valuable information to the clinician after a preliminary examination. The clinician 

can then evaluate the classified map and determine the next course of action. During 

the surgery process, when time is of the essence, the probability measure and the 

classifier output can guide the surgeon to other tumor sites as he scans the patient. 
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For post-surgery follow up examination the classifier data can verify that all of the 

cancerous tumor cells have been successfully removed, or alert the clinician to the 

existence of a new tumor site. 
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Appendix A 

The purpose of this appendix is to solve the eigenvalue problem Ax = Xx. We 

derive an expression for the eigenvalue, A, at position (x, y) as a function of <j, where 

a is the standard deviation for a 2-D Gaussian function. From linear algebra, we 

start by finding the determinant of (A — A I) and equate it to zero. We then solve 

the characteristic equation for the two roots or eigenvalues. For each eigenvalue, we 

compute the corresponding eigenvectors by solving the equation (A — XI)x = 0. Since 

the determinant is zero, there are solution other than the trivial solution x = 0. 

Let 

a 7 
A = (A.l) 

7 Z3 

a — A 7 
A - XI (A.2) 

7  P -1  

det\A-XI\ = (a - A)(/? — A) — 72 

a/? - A(a + /?) + A2 - j2. 

A2 - (a + /3)A + (a/3 - 72) = 0 (A.3) 
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Using the quadratic formula, 

^1,2 = 
(a + P) 1 >/[-(" + f>)Y ~ 4(1 

2(1) 

= ^^15\/(a + «2-4(^-72) (A.4) 

Letting K = 1, <jx — uy = a, k\ = fc2 = 0, and r2 = a:2 + y2, a simple 2-D Gaussian 

function given by 

f { x , y )  =  K e x p  (- ( x  ~  h f  +  ( y  -  k 2 f  
2 o\ 2 a2 

= eip i — 
x2 + y2 

2a2 

= exp 
2cr2/ 

Using equations derived in Chapter 3, 3.4-3.6, 

d 2 f  1  -  x 2  

d x 2  
- e x p  l  —  

1 — x2 

exP 

( a:2 + y2\ 

V 2<J2 ) 

2 a 2 )  

d e f  
= a 

(A.5) 

(A.6) 

(A.7) 

(A.8) 

d 2 f  

d y 2  

1  - y
2  (  x 2  +  y 2 \  

=  - — e x P { — M - )  

1  - y 2  (  r 2 \  

f3 

(A.9) 

(A.10) 

(A.11) 

d 2 f  

d x d y  

xy 
• — e x p  

( s2 + y2\ 

I 2a2 J 
(A.12) 
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xy 
—exp 

d e j  = 7 

(A.13) 

(A.14) 

Note that the Hessian matrix, 

H = 
all a2/ 
dx2 dxdy 

d 2 }  d * f  
d y d x  d y 2  

has the same form as (A.l), where 

We can find both eigenvalues of H by (A.3). 

Aw = + 

(A.15) 

(A.16) 

where, 

ct + (3 = 
1 — x2 

—eX\ 2a2 

l-(x2 + y2) + 1 
exp 

2 — r2 

T— exp ST* (-£>) 
2a2 

a/3 = (1  - z 2 ) ( l  — y2) 
exp 

x2y2 (  IT 2  \  
=  - ^ e X P [ - 2 ^ )  

(_2r*_ 
{ 2er2 

This implies, 

Al,2 = 2-r2 

2 <72 

(A.17) 

(A.18) 

(A.19) 

:(-£) ± ^/[(2=fi)2 _ 4lt£n!!z£l + 4^i] e (-&)". (A.20) 
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Y D= ( 2 ~ r 2 ) 2  4 ( i  -  3 2 ) ( i  -  z/ 2 )  . 4a;V 
a4 a4 a8 

• _ (2 — r2)2(r2 — 4<72(1 — x2 — y2 + x2y2) + 4 x2y2 

a8 

_ 4cr2 — 4 r2<j2 + r4c2 — 4<r2 + 4r2er2 — 4a:2t/2<72 + 4x2j/2 

<r8 

_ r4cr2 — 4 x2y2a2 + 4x2y2 

a8 

r4it2 — 4x2y2(<r2 — 1) 
(A.21) 

So, 

\/K = -^g\Jr4a2 — 4:X2y2(er2 — 1) (A.22) 

Thus, 

1|2 = -e(~£) 2 — r2 + 1 
—r\lr4a2 — Ax2y2(cr2 — 1) 
cr4 v (A.23) 

Equivalently, the eigenvalues for a particular image position ( x ,  y )  is 

\ ^ (~ *2o^ ) 2 — (a;2 + j/2) + 1 j — - - of ~ ~ Ai,2 = 2° > — —\J(x2 + y2)2cr2-4x2y2(a2-l) 

= Ai,2(x,?/). (A.24) 
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