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ABSTRACT 

The primary method for the diagnostic interpretation of histopathologic 

sections is visual analysis. However, in a small, but significant percentage of cases, 

histopathologists do not come to a consensus. Therefore, due to the importance of 

early and accurate detection of tissue changes indicative of pathology, quantitative 

image analysis techniques have been applied to this problem. 

The accurate segmentation of image structures such as cells and glands 

in histopathological sections, as with all "natural scenes", proves challenging. This 

has led to the development of an additional segmentation technique, the heuristic 

gradient search. Following the successful segmentation and labeling of scene ob

jects, algorithms evaluating diagnostic clues as to the shape, size and distribution of 

image components were developed in order to form an overall diagnosis. A descrip

tion of these diagnostic clues and the image processing techniques residing in the 

computer vision system used to evaluate them are presented. 
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CHAPTER 1 

INTRODUCTION 

Computer vision is said to be comprised of two levels of processing: 

low level, such as "image processing" and high level, or image interpretation, with 

the ultimate goal of "understanding" the image at hand. The images typically arise 

from measurements of transmittance at each pixel, which, when converted to optical 

density by taking the negative log of transmittance, are then scaled to 2 *biu levels, 

commonly 256. Obviously, given a typical 512 x 512 image, this can create large 

volumes of data to process. One often looks to another processor of high-volume in

formation, the human visual system, to serve as a standard to which artificial vision 

systems are compared. 

As computers have begun to handle processing tasks with increased 

efficiency and with the availability of large, cheap memories, the use of quantitative 

diagnostic and prognostic clues in clinical pathology has increased. Computer-based 

analysis has proven valuable for the detection of early and subtle changes in tissue 

which might have eluded the human eye. 

Therefore, computer vision systems, while striving to emulate the human 

visual system, must also extract subtle, but significant information that may be other

wise unobtainable. So, ideally, computer vision systems will produce results superi

or to those of even well-trained human perception systems. 
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1.1 System Hardware and Software 

The machine vision system is composed of three sections: the image ac

quisition hardware, the computer hardware, and the control and operational software. 

In order to achieve computer-assisted diagnoses effectively and efficiently, high

speed image acquisition and analysis are desired. For high speed data acquisition, 

the ultrafast laser scanner microscope was employed[l]. The scanner has two modes 

of operation. 

In the continuous-scanning mode, a 2 centimeter x 2 centimeter area is 

scanned at 0.5 micrometer resolution providing 1.6 x 109 pixels, each point having 

8-bit quantization. The operating speed reaches 6000 scan lines / second, with 4000 

pixels per scan line in each of 2 wavelength channels. The total digital data rate 

reaches 96 Megabytes / second ( 48 Mb/s/channel, 50% duty cycle ), and the scan 

time is 80 seconds / slide. Due to the large quantities of data produced in this 

mode, data processing is in real time. The second mode works with regions a few 

square millimeters in area, with the same data rates and resolution. 

The wavelength at which data was recorded was 568 nanometers with 8 

bits of photometric resolution. The system's objective has a point spread function of 

0.45 micrometer at full width. The image field dimensions are 512 x 512 pixels, 

recorded with 0.5 micrometer pixel spacing. 



The main computer system is the Heidelberg POLYP multiprocessor 

system which is composed of 30 Motorola 68000 processing elements. The POLYP 

operating system is written in 'C\ Serving as host is a Sun 3/60 workstation. Each 

processing element has 1 Megabyte of memory. The operating system supports 

dynamic reconfiguration of the system architecture. Pools of processing elements 

are assigned to tasks as they are created and communicate with one another through 

special queues in order to adapt the architecture to specific processing tasks. 

The image understanding tasks are handled by a three tier interactive 

hierarchical expert system, including a diagnostic expert system (DES), an interac

tive expert system (IES), and a scene segmentation expert system (SES). These are 

written in ICON due to its expertise in string and list processing. ICON and the im

age processing and analysis routines, residing in the Digital Image Processing Li

brary (DIPL), are written in 'C'. The general set up of the image understanding sys

tem may be seen in Table 1.1. 

The highest level task involves the communication between the patholo

gist and the expert system. In this step, it is necessary for the pathologist to convey 

his acquired knowledge to the expert system knowledge base. First, there must be 

input from the pathologist specifying the tissue type, for example colon tissue. 

Then, the pathologist must specify possible diagnostic outcomes, for example: nor

mal, adenoma, adenocarcinoma. When pathologists characterize colon tissue as be

ing normal, they base their decision not only on "direct measurements" from the hu

man visual system, but also on a knowledge base developed from the collection of 

previous diagnoses. Likewise, the machine vision system must have a knowledge 

base. 



Table 1.1. Organization of the image understanding system[2]. 

1. Diagnostic expert system (DES) 

1.1 Request Clue Value 

2. Interpretive expert system (IES) 

2.1. Request histometric feature 

3. Scene segmentation expert system (SES) 

4. Digital image processing library (DIPL) 

4.1 First clue 

4.1.1 Segment image 

4.1.2 Verify each scene component 

4.1.3 Enter detected object into data structure 

4.2 All other clues 

4.2.1 Proceed to Data stucture. 

5. Data structure 

5.1 Compute histometric feature 

6. Convert to clue value 

6.1 Return to diagnostic expert system 



Following this step the pathologist must list possible clues that he him

self would use to visually formulate a diagnosis, such as regularity of gland shape. 

Each clue is then followed by a specific rating appropriate for that clue, such as reg

ular, moderately irregular, severely irregular for the regularity of gland shape. An 

example of this format can be seen in Table 1.2. Now, to each diagnosis and clue, 

there must be assigned a certainty factor[3] whose value ranges from -1.0 to +1.0. 

A value of +1.0 signifies a certain correspondence between clue value and outcome. 

A factor of -1.0 means no relationship between clue value and diagnosis; and 0.0 

implies no information is supplied by the clue value about the diagnosis. As can be 

seen, these values are not absolute, they are approximations based on the diagnostic 

experience of the particular pathologist performing this clue calibration. 

After completion, the knowledge base is read in by the DES. One at a 

time, beginning with the clue value with the greatest total certainty factor, the DES 

requests values for the clue from the lower level expert systems. Depending on the 

response by the lower level expert systems, the diagnostic outcomes are accordingly 

updated. 

For example, if the DES requests results for the clue of regularity of 

gland shape and the response is "regular", then certainty factors are updated. The 

updated certainty factor for the normal diagnosis is 0.40. Adenoma is updated by a 

value of 0.35. Carcinoma is updated by the value of -0.45. Suppose the next clue 

of variance of nuclear size is determined to be "low", then the new individual cer

tainty factors are added to the updated certainty factors for each diagnosis. This 

process ends when an updated certainty factor exceeds a threshold that maximally 

discriminates between diagnoses. 



Table 1.2. Section of the knowledge base of DES. 

CLUE DIAGNOSIS 

normal adenoma carcinoma 

Presence of incomplete glands 
Yes 
No 

-0.40 
0.40 

-0.40 
0.40 

0.40 
-0.20 

Regularity of gland shape 
Regular 
Moderately irregular 
Severely irregular 

0.40 
0.20 

-0.40 

0.35 
0.50 

-0.10 

-0.45 
0.20 
0.40 

Crowding of cells in glands 
None 
Moderate 
Severe 

0.40 
-0.20 
-0.50 

-0.40 
0.40 
0.50 

0.10 
0.40 
0.40 

Variance of nuclear size 
Low 
Moderately high 
High 

0.50 
0.30 

-0.30 

0.30 
0.40 
0.10 

-0.20 
0.50 
0.40 

Regularity of nuclear shape 
Regular 
Moderately irregular 
Severely irregular 

0.40 
0.30 

-0.30 

0.40 
0.30 

-0.30 

-0.30 
0.10 
0.30 



Since the DES deals in strictly conceptual terms and machine vision systems request 

numeric data, there must exist a phase where a correspondence is developed between 

diagnostic concepts and a set of histometric features. This is the main function of 

the EES. 

The IES is sent a DES request for the evaluation of a clue value. The 

IES takes the clue, say regularity of gland shape, and divides the numeric results 

into three ranges, regular, moderately irregular, and severely irregular, corresponding 

to the clue values, and establishes a membership function. To determine the 

membership function, numeric results are extracted from the image data by the SES 

in order to compute histometric features. Therefore, the SES controls the digital im

age processing library (DIPL) and the scene segmentation routines. It has the capa

bility of identifying particular segmentation needs and designating the appropriate al

gorithm. It also supplies tissue-specific component models. For, example, given 

that the tissue is colon, objects of interest are glands, lumina, glandular nuclei and 

stroma. This model is used to verify identities of objects on the basis of size and 

shape. 

1.2 Research Goals 

Prior to this thesis project, much work was performed on the overall ex

pert system. The DES had been almost fully developed, as well as had the lower 

level routines residing in the Digital Image Processing Library. But there were 

several areas where further work was needed. 

First, in order to correctly segment all varieties of nonideal images there 

must exist a variety of scene segmentation techniques. Previously, there were only a 

few segmentation routines; these can not properly segment all cases. Therefore, for 

this thesis, an alternative segmentation routine, the heuristic gradient search, was 

developed. 



A second deficiency was at the IES level. The DES is capable of re

questing the evaluation of a clue value, but thus far, once the EES receives this re

quest, there exists no means for extracting the numerical results. For example, if the 

DES requests the evaluation of the clue, the crowding of cells around glands, then 

there must be some numerical basis for determining that the result is either none, 

moderate, or severe. This must be done in order for the certainty factors for each 

diagnosis to be updated accordingly. In other words, the link between the DES and 

the SES and DIPL, which resides in the IES, must be developed. Therefore, in this 

thesis, techniques for analyzing four of the diagnostic clues are presented. 

The first clue, the variance of nuclear area was studied on a set of feul-

gen stained prostate tissue images, as seen in Figure 1.6. Three diagnoses were stu

died, with 3 patients for each diagnosis. For each patient two glands were looked at 

with area measurements taken for five cells on each gland. 

The following experimental design was used for the last three clues. 

Two diagnoses were studied, with five patients from each diagnosis. Measurements 

were made for five glands per patient. Each of these five glands appeared in one 

image. For the second and fourth clues, the variance of gland area and the nuclear 

crowding index, feulgen stained colon tissue, as seen in Figures 1.1 and 1.2., was 

examined. For the third clue, the variance of gland spacing, H/E stained colon tis

sue, as viewed in Figures 1.3 - 1.5., was used. 
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Figure 1.1. Feulgen stained normal colon tissue. 

Figure 1.2. Feulgen stained adenoma colon tissue. 
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Figure 1.3 H/E stained normal colon tissue. 

Figure 1.4 H/E stained adenoma colon tissue. 



Figure 1.5. H/E stained carcinoma colon tissue. 



Figure 1.6. Feulgen stained normal prostate tissue. 
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SEGMENTATION 

In order to produce a diagnosis, all of the image elements, given by the 

tissue model as, for example, glands and cells, must be located and identified. 

Therefore, the first type of analysis that must be performed is segmentation, or the 

grouping of image elements into areas that display homogeneity with respect to a 

given image feature. Examples of typical image features used are texture, range, 

and, as has been employed here, gray level. Segmentation may be looked at from 

two, dual points of view: the determination of boundaries or the determination of re

gions. The current implementation of segmentation is through boundary determina

tion. The use of gray levels is, in essence, the partioning of the image into regions 

which are either objects or background. 

Image elements that are important to histopathological analysis are cells 

or cell nuclei, gland exteriors, and lumina, or gland interiors. The cells and glands 

are dark objects with higher gray level values against a lighter background; whereas, 

lumina are light regions of very low gray level. 

In Table 2.1, the general scene segmentation scheme is presented. In 

step 1, an object finding routine is employed to locate the basic element of the 

scene, the cell. The next step tests objects to determine if they are single objects or 

multiple objects that have been erroneously identified as being single. If an object is 

multiple, then it must undergo further processing to separate it into single cells. To 

achieve this goal, four segmentation techniques are attempted, one at a time. 
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If a segmentation technique fails to produce multiple product objects or 

creates objects that cannot be classified as valid cells, then it is declared a failure 

and the subsequent segmentation technique is attempted. Valid single cells are 

determined by comparison to the standard model. The standard model specifies 

features that must be evaluated. One feature is object area which is measured in 

number of pixels. For a given tissue type, there is a typical range of area values for 

a single cell. The area measurement of the object in question must fall within this 

range in order to qualify it as being a single cell. Total optical density is also com

pared. The feulgen stain employed in some of the analyses attaches itself to the 

DNA and should, assuming a perfectly uniform staining process, produce a constant 

total optical density for all nuclei. An acceptable range is determined for a single 

cell for use in the model which allows for some nonuniformity in staining. 

The first technique employed is skeletonization; this technique is particu

larly effective in separating groups of cells having an overall linear shape. If skele

tonization fails, a crude attempt, called cusp-cutting is attempted. Although its 

results are often undesirable, it is tried prior to the heuristic search, due to its much 

shorter computation time and the fact that erroneous cuts may be quickly eliminated 

by testing against the standard model. The heuristic gradient search, which performs 

particularly well on large, non-linear clumps of cells, is attempted third. 

Finally, if all three of the above techniques fails, then rethresholding is 

performed. Following the cell finding operations, the larger glandular structures, 

whose boundaries are actually defined by the cells, are located, thus completing the 

segmentation. 



Table 2.1 Scene Segmentation Scheme. 

Step 1. Apply object finding routine. 

Step 2. If all objects have been processed, proceed to step 7. 

Test objects, one at a time, to see whether they are single or multiple. 

If object is single, proceed with next object, repeat step 2. 

Else if object is multiple, apply separation techniques, go to step 3. 

Step 3. Apply skeletonization routine. 

If skeletonization succeeds, test to see if product objects are multiple. 

If product objects are multiple, repeat step 3 with the products. 

If product objects are single, return to step 2. 

Step 4. Apply cusp-cutting routine. 

If cusp-cutting succeeds, text to see if product objects are multiple. 

If product objects are multiple, repeat step 3 with the products. 

If product objects are single, return to step 2. 

Step 5. Apply heuristic gradient search routine. 

If heuristic search fails to segment object, go to step 6. 

If heuristic search succeeds, test to see if product objects are multiple. 

If product objects are multiple, repeat step 3 with the products. 

If product objects are single, return to step 2. 

Step 6. Apply rethresholding routine. 

Repeat step 3. 

Step 7. Apply lumen-finding routine. 

Step 8. Apply gland exterior finding routine. 
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2.1 Finding Objects 

In order to determine locations of dark scene objects, such as cells, a 

thresholding technique is employed. The image is traced in raster fashion until a 

pixel is found with an optical density darker than the user selected threshold. From 

the chosen pixel the scan proceeds to the left, counterclockwise, keeping dark values 

to the left and light values to the right. Once all potential regions are found, those 

of minimal area are eliminated from consideration as scene objects of importance. 

Now it can be seen that an object is separated from its background by a boundary. 

Initially, the boundary is defined by a series of (x,y) image coordinates that the algo

rithm has "marked" as being boundary pixels. For further analysis of curvature, as 

well as simplification of data manipulation, these coordinates are transformed into a 

code consisting of a series of directions, known as a chain code[4]. 

Before curvature structure is discussed, the connectivity format must be 

chosen. Connectivity is defined according to the number of valid neighbors an ele

ment is allowed to possess. A four-connected convention, whose allowed neighbors 

are defined in Figure 2.1, has been established. The alternative eight-connected for

mat was not chosen as it increases processing time without providing substantially 

more curvature information due to the large ratio of object to pixel size in the image 

at hand. The chain code data structure needs only to contain the (x,y) coordinates of 

the initial point and the series of directions that follow the contour and arrive back 

at the starting point. These directions and their code are defined in Figure 2.2. For 

simplicity of form and analysis, the boundary is never allowed to cross itself. 



Figure 2.1. Four connected neighbors of (x,y). 

(x,y-l) 
(x-l,y) (x,y) (x+l,y) 

(x,y+l) 

Figure 2.2. Four connected chain code convention. 

1 
1 X 0 

3 
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Images including chain codes displayed in the figures to follow were created by first 

converting the chain codes to their (x,y) coordinates. Then the actual image gray 

levels at these locations were set to a value of 254 for display purposes. In several 

cases, the width of the chain code was increased to two pixels for better visibility. 

2.2 Segmenting Multiple Objects 

Thus far, segmentation appears uncomplicated. However, due to overlap

ping cells or poor thresholding, multiple objects are often identified as one. Now 

that the object finding routine has produced a set of potential objects, an analysis 

must be performed to determine if there exists a need for further processing, such as 

separation. On the basis of various clues, cells are classified into groups of single 

cells, double cells, clumps of three or more cells connected in a linear fashion, and 

clumps of three or more cells connected in a nonlinear fashion. The clues, such as 

overall object area and total optical density are evaluated, comparing the object at 

hand to the standard model. 

2.3 Cell Boundaries 

From the previous section, it is understood that there exists a list of potential ob

jects. Due to improper staining and overlapping of cells, these objects may, in reali

ty, be multiple objects. Therefore, the segmentation process must proceed until the 

basic element of interest in the image, the cell, has been isolated. To accomplish 

this task, the following sections present segmentation techniques ranging from the 

crude preliminary methods of cusp-cutting and rethresholding, to the more sophisti

cated techniques that take into account morphology and gradient values. 
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2.3.1 Skeletonization 

Morphological techniques, particularly thinning algorithms, have been 

much researched as they provide simplified representations of object contour. In 

multiple objects that tend to have a linear shape, i.e., double cells as seen in Figure 

2.3, thinning algorithms such as skeletonization provide substantial information 

about shape[5]. Levine describes two general classes of algorithms: "skeletonizing" 

and "thinning". The first may be understood from the viewpoint of the growth of 

simultaneous wavefronts. 

Imagine that there exist two point sources a fixed distance apart. Each 

is producing, in two-dimensions, uniformly circular wavefronts of ever increasing ra

dii. There will come a point when the wavefront from one point source will meet 

the wavefront from the other source. Each location where two points, each from 

wavefronts of different sources, meet is defined as an extinction point. Eventually, 

in the two point source case, these extinction points will form a line along their per

pendicular bisector and so separate a "figure-eight" shaped blob. Thus, if this blob 

is taken to represent a double cell, an algorithm involving some thinning technique 

whose goal is to find two separate sources, or seeds, combined with an outward 

growth algorithm may be envisioned as a separation technique . 

Skeletonization tends to preserve shape and details, thus permitting exact 

reconstruction. This technique deals with the transformation of points into a value 

representing their minimum distance from the boundary. 



Figure 2.3. Above, double cell with associated perimeter. 

Figure 2.4. Below, newly separated objects. 



Figure 2.5. Left column represents repeated skeletonizations, 

right column represents subsequent erosions. 
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Skeletonization as defined by Pavlidis[6] is presented below. 

Definition: Skeletonization 

R  is defined as the pixels comprising the object of interest in the image plane. B  is 

the object's boundary defined by the chain code. P is any point in the set R. On 

the boundary, B, there is at least one nearest neighbor, M, of P. If there are multi

ple nearest neighbors, then P is defined as a skeletal point. The set of all points, 

defined as P, is the overall skeleton. 

Here the classical thinning algorithm is invoked to repeatedly skeleton

ize and then erode an object into its representative graph. In Figure 2.5, the left 

column represents newly skeletonized binary images, followed by the subsequent 

erosions in the right column. 

Skeletonization begins with a binary image; pixels either belong to the 

object or to the background. Then each pixel in the image is compared to one of its 

four-connected neighbors, beginning with the neighbor to the east. If the central 

pixel belongs to the object group and the neighbor pixel is of the background value, 

t h e n  a  c o m p a r i s o n  i s  m a d e  b e t w e e n  t h e  3  x  3  n e i g h b o r h o o d  a n d  e a c h  o f  s e v e n  3 x 3  

connectivity templates. If a match is made, then the center pixel is assigned to the 

skeleton class; otherwise, it is assigned to the deletable class. Assignment to the 

deletable class suggests that the center pixel was not crucial in the connectivity of 

the 3 x 3 neighborhood. 



Figure 2.6. Skeletonization templates. 

General Template 

A B c 
D £ F 
G H 1 

Template 1 

1 1 1 
0 X 0 
1 1 1 

Template 2 

1 0 1 
1 X 1 
1 0 1 

Template 3 

1 1 1 
1 X 0 
1 0 >0 

Template 4 

>0 0 1 
0 X 1 
1 1 1 

Template 5 

1 1 1 
0 X 1 

>0 0 1 

Template 6 

1 0 >0 
1 X 0 
1 1 1 

Figure 2.7 Erosion template. 

i 
1 1 1 

1 
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These patterns, unlike those in the following erosion description, involve 

all eight neighbors of the 3 x 3 block. Refering to the generalized template shown 

in Figure 2.6, the seven templates will be described, with the value one representing 

an object pixel and zero representing a background pixel. In the processing, if the 

center pixel is assigned to the skeleton class, it will be given the value of 3; if it is 

assigned into the deletable class, it receives a value of 2. The first template has four 

conditions. Either A, B or C must be equal to one. Either G, H, or I must be equal 

to one. Both D and E must have a value of zero. Template two is similar. Either 

A, D or G must equal one; either C, F, or I must equal one. Both B and H must 

equal zero. The next four templates are similar, they necessitate that a value of 1 

appears in at least one of the pixel locations marked one in the template. It is also 

required that both of the pixels labeled zero must equal zero. The location marked 

">0" means that this location may assume any value, including pixels already as

signed to either the skeleton or the deletable class, or it may be an object pixel. The 

seventh template requires that no more than four of the pixels labaled A, B, C, D, F, 

G, H, or I may be either object or skeleton pixels. 

If all the pixels in the 3x3 image window are equal in value to the 

corresponding pixels in a one of the templates, then a match is made. If a match is 

made to one of the templates, the central pixel is labeled as a skeletal pixel; if no 

match is made, then it is assigned to the deletable class. It is not immediately as

signed to the background class, as that would adversely affect subsequent analysis. 

After all pixels in the image are processed, the scheme is repeated with each of the 

remaining three neighbors, north, south, and west, one at a time. Following process

ing, all deletable pixels are assigned to the background class. 
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Erosion works by comparing each 3x3 region in the image to the 3 x 3 

template in Figure 2.7. A value of one signifies an object pixel; a value of zero 

represents a background pixel. A match must be created between the 3 x 3 region 

in the image and the template. This occurs only if all neighbors, north, south, east, 

and west, are labeled as object pixels; only then may the central pixel remain la

beled as an object pixel. Otherwise, it is reduced to the background value. Follow

ing the erosion, the object finding routine presented in Section 2.1 is employed to 

determine the number of objects. If it is determined that there is only one object 

remaining, the step of skeletonization followed by erosion is repeated. If the 

number of objects is not equal to one, then the object has been separated into multi

ple "seeds". 

These seeds are then dilated outward in order to form the new chain 

codes encircling the newly separated objects. The dilation process operates in the 

reverse manner of the erosion algorithm. It begins with a core element of the ob

ject, one of the seeds. Processing begins by examining each object pixel; if any 

north, south, east or west neighbor is a non-object pixel, the neighbor is then 

claimed as a core. Following this a check is made to connect stray diagonal pixels. 

If the north, south, east, and west pixels are background pixels, but one of the diago

nal pixels is an object pixel, then the center pixel is determined to be an object pix

el. This process is performed repeatedly until the seeds are grown to the size of the 

original object. Then a new chain code is developed to represent the new boundary 

information determined by the skeletonization and dilation routines as seen in Figure 

2.4. 
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2.3.2 Cusp-cutting 

If cells are classified as being multiple, further processing is required for 

proper segmentation. Often there is an uncertainty as to the location of the true 

boundary, due to noise and inexact staining. Therefore, smoothing of the chain 

code, an extension of work by Freeman[7] and Gallus[8] is necessary. 

As can be seen in Figure 2.5, locations of desired separations are typi

cally represented by indentations, referred to as "cusps". In order to represent curva

ture in terms of direction, a difference chain code is derived from the original four-

connected chain code: 

right turns = -1, 

left turns = +1, 

and no change of direction = 0. 

As one progresses along the chain code in counterclockwise fashion, it 

becomes obvious that these cusps are represented by one of two general patterns. 

They are comprised of two neighboring sequences, one sequence appearing as a 

right curve, the other being a left curve. The actual cusp centers occur at the zero-

crossings in the difference chain code. So as not to include extraneous cusps, the 

following averaging filter is employed to eliminate insignificant high frequency cur

vature noise: 

f i x )  = 0.25/ (x-1) + 0.5f ( x )  + 0.25/ (*+1) 

where f() are chain code values, that are no longer ±1 in value but are integers that 

have been scaled up in value to avoid truncation errors ( since the difference chain 

code is only being used to locate cusps, the original values need not be retained ). 
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Following the smoothing of the chain code, the zero crossings are found 

and labeled as cusps. This technique involves taking pairs of cusps on the list and 

creating a linear partition between the two. The two product chain codes are then 

analyzed to determine whether or not two valid objects were created. The list of the 

pairs of cusps should be ordered in terms of the distance between them, with the 

first cutting attempted between the closest pairs, as this cut was observed to provide 

the most acceptable division between regions. 

This method proved unsatisfactory. The straight line cut was incorrect 

as most cell boundaries are curved. Also, too little information was known about 

the multiple object to make a reasonable decision as to where the cut line should go. 

More sophisticated techniques take into account such information as morphology and 

gradient values. 
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2.3.3 Heuristic Gradient Search 

Up until this point, multiple cell separations were created by cusp-

splitting, which approximated the split by merely drawing a straight line between 

pairs of cusps, or by skeletonization. However, due to nonlinear boundary shapes, 

as well as the inaccuracy of the straight line cut, an alternative method known as the 

heuristic gradient search was employed[9]. Using pairs of the previously defined 

cusps as starting and ending points, a boundary finding algorithm based on the 

artificial intelligence problem solving technique of graph searching was employed. 

In graph searching, all pixels on the image are treated as potential 

nodes ,  with the starting and ending points referred to as the start node, s, and the 

goal node, t. Arcs or paths between these and any intermediate nodes, n, represent 

edges that may constitute the object boundaries. Costs are then assigned to each 

path, with lower values signifying the increased likelihood of that path being a true 

boundary. Other search algorithms, such as the least maximum cost, have been ex

amined with superior results provided by the heuristic search at the slight expense of 

computation time[10]. 
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The widely used Algorithm A* of Nilsson[ll] is described below, fol

lowed by the definition of the evaluation function as extracted from Lester[10]. 

ALGORITHM A* 

(1) Put the start node s  on a list called OPEN and compute F ( s ) .  

(2) If OPEN is empty, exit with failure; otherwise continue. 

(3) Remove from OPEN that node whose F  value is smallest and put it 

on a list called CLOSED. Call this node n. (Resolve ties for 

minimal F values arbitrarily, but always in favor of any goal node.) 

(4) If n  is a goal node, exit with the solution path obtained by tracing 

back through the pointers, otherwise continue. 

(5) Expand node n, generating all of its successors. (If no successors, 

go to (2)). For each successor calculate F. 

(6) Associate with the successors not already on either OPEN or 

CLOSED the F  values just computed. Put these nodes on OPEN 

and direct pointers from them back to n. 

(7) Associate with those successors that were already on OPEN or 

CLOSED, the smaller of the F  values just computed and their 

previous F values. Put on OPEN those successors on CLOSED 

whose F values were thus lowered, and redirect to n the pointers 

from all nodes whose F values were lowered. 

(8) Go to (2). 
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The overall evaluation function F ( n ) ,  which determines path costs, is 

defined as follows: 

F ( n )  =  G ( n )  +  H ( n ) ,  

where G  ( n ) is the cumulative cost of the cheapest path constructed up to the present 

node, n, and H(n), the heuristic function, is an estimate of h(n), the cumulative 

cost of the most efficient path from n to the goal. The cost function is as follows: 

bcost = ( grad (jc , y )  -1 )( 2 °'5( lhr ~ avgl ^) 

where avgl, is the average gray level in the 3x3 window, where thr, is the optical 

density threshold originally used in segmenting objects, and where the gradient at 

(X,Y) is defined by: 

g r a d ( x , y )  =  V ((A+B+C) - ( F + G + H ) ) 2  +  ( ( A + D + F )  +  ( C + E + H ) ) 2  

where A through H are gray level values defined at the following locations compris

ing a 3x3 square: 

A = GL[X-1,Y-1], 

B = GL[X,Y-1], 

C = GL[X+1,Y-1], 

D = GL[X-1,Y], 

E = GL[X,Y], 

F = GL[X+1,Y], 

G = GL[X-1,Y+1], 

H = GL[X,Y+1], 

I = GL[X+1,Y+1], 

where [X,Y] designates the present image coordinates. 
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G ( n )  is defined as follows: G ( n )  =  b c o s t ~ 1 . The definition of the heuristic 

function is given as: 

H (n) - (distance between present node and goal node) * W, 

where W  is the weighting factor. 

F(«)isthen: F ( n )  =  G ( n )  +  H  ( n ) .  

Edge detection is often essential to image analysis. In order to direct 

the search for a low cost path, information to determine "a good edge" is employed. 

Gradient meaurements are often used as good indicators of edges as they measure 

the rate of change of optical density. Therefore, a factor stressing the importance of 

high gradient values is included in the evaluation. Also included in bcost is a factor 

that favors cases where the average gray level in the window is closest to the chosen 

gray level threshold. H{n) favors nodes that possess the least Euclidean distance 

value from the goal node. If the weighting factor is high, the chosen path will ap

proach a straight line. Lower values of the weighting factor encourage increased 

curvature. Therefore, gradient and distance from the goal node are both involved in 

the cost evaluation function. 

Examples of the heuristic search can be seen in Figures 2.8 and 2.9. 

This technique has proven particularly useful in separating clumped objects, espe

cially the nonlinear ones where the skeletonization routine is not effective. Howev

er, it tends to produce incorrect boundaries when cells possess iregular texture or 

heavy shading. 



Figure 2.8. Example of heuristic gradient search. 



Figure 2.9. Example of heuristic gradient search. 
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2.3.4 Rethresholding 

Most of the images can be successfully segmented using a gray level 

threshold of six. However, due to the fact that stains differ from image to image in 

type and uniformity, various thresholds must be employed. Too high a threshold 

could cause the object finding routine to include too little of the object; too low a 

threshold could include extraneous pixels. Therefore, if processing at the user sup

plied threshold fails to segment an image, the threshold is raised and the multiple 

object is reevaluated. The object finding routine is performed again. The running of 

this algorithm at the higher threshold value may be sufficient to segment the multi

ple object. If not, the object is subjected to the remaining three segmentation algo

rithms. This technique is employed only as a last resort as it risks accidentally seg

menting a single object into several small ones. 

2.4 Finding Gland Boundaries 

Now that the cells have been segmented, the next step is to locate glan

dular regions. In order to evaluate the diagnostic clues, both the gland exteriors and 

the gland interiors, known as lumina, must be segmented. It may be observed that 

glands are identified by the presence of large open regions, lumina, surrounded by 

rings of nuclei, thereby defining exteriors as "dark objects" and lumina as "light ob

jects." This dictates the usage of distinct algorithms to analyze each. 
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2.4.1 Finding Lumina Boundaries 

To achieve proper segmentation of the lumina, an algorithm consisting 

of averaging and connectivity routines is implemented[12]. First, the algorithm be

gins by shrinking the original 512 x 512 pixel image to a 64 x 64 image as seen in 

Figure 2.10. This is executed by a neighborhood operation which averages all opti

cal densities in an 8 x 8 window and uses this average as the central value in the 

new image. Now the shrunken image is searched for isolated above threshold pix

els; these are set equal to the background gray level. Next the image, as in Figure 

2.11, is binary thresholded using the user supplied threshold value. Although the 

rings of cells surrounding the lumina are fairly well defined, there exist small re

gions of missing cells. Therefore, a three step connection algorithm is employed in 

order to fill these gaps, thus completing the border and aiding in the correct 

identification of lumina. 

In the first step of the connectivity algorithm, a 3 x 3 window is passed 

over the binary image where the center pixel is raised from background to object 

gray level if it can connect two and only two other pixels. 

Now, run-length techniques dealing with larger block sizes are employed 

to improve connectivity on a larger scale. The second technique takes pairs of 

above threshold pixels and calculates the run length of background pixels between 

them. For example, take four above threshold pixels that are in the direction of in

terest: these four pixels will create three run lengths. Given the two central pixels 

and the run length between them, the adjacent run lengths are compared to the cen

tral run. If these neighboring run lengths are longer than the central one, then the 

pixels in this central run are raised to above threshold gray levels. 



Figure 2.10. Above, reduced image of gland prior to lumen-finding. 

Figure 2.11. Below, binary image with single isolated pixels removed. 
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This is done both horizontally and vertically, i.e. for both rows and 

columns. The third step is identical to the second, except that runs are analyzed 

along the diagonals. The image with connectivity routines completed may be seen 

in Figure 2.12. 

As seen in Figure 1.6, the lumina appear as large, open regions of low 

gray level value. Since they are devoid of cells and the user selected threshold was 

set to segment cells, the lumina are below threshold regions. The next step gen

erates a map, where, at each pixel, the distance to the nearest point above threshold 

in a row is measured. Therefore, since the lumina are large, round areas, the map 

will contain large distance values at locations near the centers of the lumina. 

Now a region growing technique is employed to determine the extent of 

all regions with a distance value of three or greater. Further analysis is needed to 

evaluate the authenticity of these potential lumen regions. Immediately regions of 

minimal area can be eliminated. As glands are often on the order of 1000 pixels or 

greater in area, 80 was chosen as the minimum area below which objects are not 

considered to be valid lumen. Chain codes are then derived to form boundary 

descriptions of the regions. Next, a border analysis is performed by making a com

parison to the original 64 x 64 image. Pixels along the boundary are analyzed; 

those possessing gray levels above the nuclei segmenting threshold are said to be

long to nuclei. If the percentage of above threshold pixels along the boundary 

exceeds 60, then it is said that the boundary is 60 percent surrounded by above 

threshold objects or nuclei. Since lumina are defined by a ring of nuclei, then they 

are at least 60 and often as high as 95 percent surrounded by nuclei. Other open 

areas occur in the scenes, but they are less than 60 percent surrounded by nuclei. 

For subsequent processing, chain codes are blown up to fit the original 512 x 512 

image, as displayed in Figure 2.13. 



Figure 2.12. Connection routines complete. 



Figure 2.13. Original image with boundaries displayed. 
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2.4.2 Finding the Boundary of the Gland Exterior 

When processing many of the diagnostic clues, it becomes important to 

determine the extent of the region containing the set of glandular nuclei or the gland 

exterior. The algorithm which determines this exterior gland boundary must be 

sufficiently robust to operate on both the normal glands and the adenoma glands. As 

seen in Figure 1.5, the adenocarcinoma cases often have little or no glandular struc

ture remaining and therefore will not be processed. However, upon observing the 

two cases of interest, a distinct difference in structure is recognized that has led to 

the incorporation of two separate techniques in order to correctly process the scenes. 

In the adenoma cases, such as in Figure 1.2, there is sufficient crowding of the glan

dular cells to create a contiguous border. However, the normal glands, as in Figure 

1.1, are generally surrounded by only a single layer of nuclei and therefore are 

sparse. 

Given that the adenoma glands have a contiguous border and that they 

are dark objects, a similar technique to the cell-finding routine was employed. 

Given a point designated to be on the gland border that is darker than the user 

selected threshold, the scan is initiated. Proceeding to the left, counterclockwise, 

dark values are kept to the left and light values are kept to the right. The scan is 

continued until it returns to the starting pixel. The boundary is then transformed 

into chain code format. Given the contiguous adenoma boundary, a complete gland 

should have been encircled as in Figures 2.14 and 2.15. However, due to the fact 

that the normal glands tend to have isolated cells, this algorithm will tend to encircle 

only portions of these gland exteriors. Therefore, following this initial attempt at 

gland segmentation, an area test is 



Figure 2.14 Adenoma colon tissue with outer chain codes shown. 

* 

Figure 2.15 Adenoma colon tissue with outer chain codes shown. 
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performed. Newly found objects in question with too low area values tend to be in

complete portions of normal cells and are thus sent to the second algorithm for pro

cessing. Also, areas that are too large are eliminated as they tend to incorporate 

more than a single gland. 

The finding of the initial point, as well as the second algorithm, is based 

on a radially outward search for a point just above threshold. Given that the lumen 

finding routine has produced the gland interior chain codes, the center of the gland 

may be estimated. A sampling interval proportional to the length of the original 

chain code is selected. Then, at each chosen point along the original chain code, a 

search is directed radially outward, using the center point as a reference. Along this 

radial search path optical densities are observed as seen in Figure 2.16. Typically 

the graph will rise, peak, and then fall to a background level. This initial peak may 

be followed by extraneous peaks representing non-glandular cells or the edge of 

another gland. The search ceases, following the peak, when the optical density 

values have dropped to just above threshold. This location, as well as the length of 

the search, is recorded. Reasoning that the noncontiguity of the normal glandular 

boundary will cause abrupt jumps in the search length, smoothing is employed. 

First, the series of lengths is examined for severe jumps in value. A 

smoothing algorithm designed to eliminate abrupt spikes and holes in the boundary 

is applied. A moving window of length five is passed over the length array. If the 

center value is either much less or much greater than the surrounding four, then its 

value is adjusted to the average of the four. Then, a similar filtering technique is 

employed, using a window of length six. 



Figure 2.16. Profile of optical densities along radial path. 

Figure 2.17. Normal colon tissue with outer boundary shown. 
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If the average of the two central values differs excessively from the 

average of the outer four, then the central values are adjusted to the outer average. 

Finally, an averaging filter of width three is passed over the array to provide final 

smoothing. 

Following the smoothing process, these newly adjusted lengths are re

traced along their radial paths and (x,y) coordinates are produced. Given that the 

(x,y) coordinates are not adjacent points, there must be an interpolation process in

volved in the development of the new exterior chain code. Therefore, these coordi

nates are joined straight line approximations, thereby creating the exterior chain code 

and completing the second algorithm. For the final product, view Figure 2.17. 
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CHAPTER 3 

DIAGNOSTIC CLUES 

All of the previous work has been in the area of segmentation, breaking 

the image down into its components. However, the ultimate goal is to produce an 

assessment of the tissue. Earlier, in Chapter 1, figures were displayed demonstrating 

two different stains. The Feulgen stain emphasizes only the cell nuclei; the H/E 

stain highlights the entire cell, thereby displaying more intraglandular structure. 

Referring to Figures 1.1 and 1.3, one may recognize the basic charac

teristics of a scene diagnosed as being normal: 

1. A majority of glands show regularity of gland shape and size. 

2. Glands are surrounded by a single layer of cells. 

3. Glands are evenly spaced. 

4. Cell size and shape is uniform. 
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Some characteristics of an adenoma diagnosed scene, as illustrated in 

Figures 1.2 and 1.4, are as follows: 

1. Glands are irregularly shaped. 

2. There is a gland to gland variance in size and shape. 

3. Glands boundaries demonstrate crowded, multiple layers of cells. 

4. Cells are irregularly shaped. 

5. There is considerable cell to cell variance in size and shape. 

Figure 1.5 illustrates important characteristics of a scene diagnosed as 

being carcinoma: 

1. "Little or no glandular structure remains. 

2. Cells are closely spaced. 

3. Cells display an extreme variance in size and shape. 

Therefore, in order to produce an assessment of the tissue, one must be 

able to detect the above conditions. An analysis of four diagnostic clues will be 

presented in the following sections. 



3.1 Analysis of Area 

Once the scene segmentation is complete, the first analysis is that of 

area. The area is examined for both cells and glands. For cells, cell area is meas

ured in normal, adenoma, and adenocarcinoma scenes, with an expected increase in 

the variance of area as one proceeds from normal cases to carcinoma. For glands, 

lumen area measurements are taken for only normal and adenoma cases, again ex

pecting adenoma cases to exhibit the greatest variance. Carcinoma scenes contain 

little or no glandular structure and are therefore not processed. 

The area is found, given a chain code description, using: 

p 

area = |( x dylds - y dx/ds ) ds , 

given a curve parametized on arc length s so that points (x,y) are given by function 

(x(s),y(s)), where P is the perimeter or the total length of the chain code[13]. 
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3.2 Analysis of the Regularity of Glandular Spacing 

This next clue deals with the regularity of spacing of glands. It is ex

pected that the adenoma cases will display a more irregular spacing, whereas normal 

glands will occur at regular intervals. 

In order to analyze spacing, a reference point on each object must first 

be located. Given that the gland boundaries have been located, the centers of the 

objects may be determined and used as the reference points. 

Centers of glandular regions, whose exteriors are bounded by chain 

codes, are found by employing moment analysis. The two-dimensional moments 

rripg are defined as follows: 

mpq = jq I(i,j) 
<  i  

where p,q = 0,1,2... , and I(i,j) = image of object. 

I(i,j) is replaced by its binary representation B(i,j)[14]. 

The center of gravity, or mean is defined by the coordinates ( x  ,  y  ) ,  

where 

x = m10 / mQ0 

y =mQi / mQ0 

and 

m00 = A = area of shape 
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Now that the centers have been located, a means must be developed for 

analyzing the spacing. The method chosen involves the forming of non-overlapping 

triangles between sets of three gland center points. Then the triangular areas are cal

culated. For a given slide, the variance of the areas are calculated and employed as 

a measure of regularity of glandular spacing. 

First, given the identification of all center points, the convex hull must 

be formed. This is defined as the smallest polygonal area which contains all of the 

gland center points. The convex hull will be employed later to test for the end of 

the routine: when the sum of the triangular areas is equal to the area of the convex 

hull. Next, line segments are formed between all points and are stored with the 

shortest segments at the top of the list so that they may be processed first. Now, 

segments are put in place one at a time and tested to see if they form a valid trian

gle leg. If the segment in question crosses a previously placed one, it is considered 

invalid. After all triangles are formed and their areas calculated, the sum of all the 

triangle areas should equal the area of the convex hull. A completely triangularized 

image is displayed in Figure 3.1. Triangles touching the convex hull are not includ

ed in the area calculations as they do not provide accurate information about spac

ing. 
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Figure 3.1. Colon tissue with triangular areas and convex hull shown. 
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3.3 Analysis of Cellular Crowding 

As seen in Chapter 2, both the gland exterior and the gland interior 

chain codes have been found. In the process of determining the gland exterior, 

measurements are taken to analyze the cellular crowding. In order to determine the 

index of crowding, remember that a radial search was employed at various angles. 

During each radial search, the distance was measured between the gland interior and 

the gland exterior. As seen previously in the gray level profile in Figure 2.16, the 

ring of cells determining the gland boundary is represented as a large peak. This 

peak represents the width of the layer or layers of cells surrounding the gland. The 

width of the portion of the peak that is above threshold is measured. Therefore, the 

measurement of this width is an estimate of how crowded the boundary is at that lo

cation. It may be noted that cellular crowding, characteristic of a diagnosis of adeno

ma, is not uniform around the boundary, but concentrates at the two extreme ends of 

a gland. Therefore, to give a total picture of crowding around the entire gland, 

width measurments are taken during radial searchs at 45 degree intervals. 

In adenoma glands, due to the nonuniformity of crowding, these width 

measurements should vary. In the normal glands, given that they are surrounded by 

one layer of cells, these width values should be fairly consistent. Therefore, the cel

lular crowding is characterized by the variance in width of the wall of cells sur

rounding a gland. So, the variance is taken of these width values, and this value is 

used as the crowding index. 
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CHAPTER 4 

RESULTS OF THE ANALYSES OF DIAGNOSTIC CLUES 

As seen in previous sections, the step towards diagnosis begins with the 

proper segmentation and labeling of scene elements, such as glands and cells. 

Four techniques were presented for the segmentation of the fundamental 

scene element, the cell. Due to irregular staining and the overlapping of cells, a 

variety of techniques was needed to handle the segmentation problems. Following 

the detection of cells, two algorithms were presented to find gland interiors, lumina, 

and gland exteriors. 

In order to produce a diagnosis, a series of diagnostic clues must be 

evaluated. The ultimate goal of the thesis was to develop a means for evaluating 

four of these clues, with the results presented in the following paragraphs. 
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In order to evaluate the results, a statistical technique known as analysis 

of variance, or ANOVA[15], was applied to the data sets. The role of the ANOVA 

is to test definite hypotheses about whether differences exist in the data sets. One 

may visually observe differences in data sets which in reality may result from ran

dom sampling. Each group is taken to represent a random sample from the popula

tion and the result of the test is a decision about whether population groups are 

different from each other. Due to the fact that sampled data will probably vary from 

group to group, a formal statistical test of significance is needed. Specifically, 

ANOVA tests to see whether the apparent differences in the means, computed from 

the groups, are significantly different or whether these differences could be due to 

random sampling variability alone. To explain how the ANOVA works, data from 

the first clue, the nuclear area analysis, will be used. 

Data was collected from feulgen stained prostate tissue. The feulgen 

stain highlights only the DNA, which resides in the nucleus; therefore the measure

ments presented in Table 4.1 are not referred to as "cellular" areas, but more pre

cisely as "nuclear" areas. The experimental design involved the inspection of three 

diagnoses, of three patients per diagnosis, of two glands per patient, and of five nu

clei per gland. One image containing at least two glands was collected for each pa

tient. As the disease progresses from normal to adenocarcinoma, pathologists expect 

to see an increase in nuclear size as well as an increase in the variance of nuclear 

size in each given patient. 



Table 4.1. Results of nuclear area analysis (area in number of pixels). 

DIAGNOSIS PATIENT GLAND NUCLEUS 

1 2 3 4 5 

NORMAL 1 1 550 527 467 493 550 
2 355 292 408 496 380 

2 1 399 417 536 485 536 
2 402 451 431 441 436 

3 1 591 499 522 467 503 
2 469 594 467 520 565 

ADENOMA 1 1 617 627 485 695 696 
2 394 552 547 449 616 

2 1 470 433 467 489 597 
2 535 464 599 598 459 

3 1 796 620 589 624 530 
2 449 608 356 386 355 

CARCINOMA 1 1 878 1309 446 1198 308 
2 368 380 895 941 649 

2 1 657 439 1192 1388 411 
2 711 253 924 523 1179 

3 1 456 1102 255 1493 758 
2 499 359 760 972 815 
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The data may be divided into groups: diagnoses, patients, glands, and 

nuclei. Then the sums of squares, refered to as SS, are calculated for the measure

ments in each group. For example, in order to determine the SS for the group of di

agnoses, first the average would be taken of all the measurements in each diagnosis. 

After taking these averages there would be three values, one for each diagnosis; the 

SS would be taken of this set of three values. Therefore, at the next level down, pa

tients, there would be nine values; at the gland level, there would be 18. The SS is 

calculated as follows: SS = x2 - x2 . 

The results of the analysis of variance for this data appears in Table 4.2. 

Once, the SS is found for each group, the number of degrees of freedom, refered to 

as DF, for each group is determined. The number of diagnoses will be refered to as 

a; the number of patients will be known as b. The number of glands is known as c; 

the number of nuclei is d. Below are the equations for determining the DF for each 

group: 

DF for the diagnosis group = (a-1), 

DF for the patient group = a(b-l), 

DF for the gland group = ab(c-l), 

DF for the nucleus group = abc(d-l). 

Next the MS or mean square deviation from the mean is calculated by 

dividing the SS by the DF. The next column in the ANOVA tables is percent MS. 

It highlights groups containing large proportions of the total variance. Next, the F 

value is determined. The F-test is a means of determining how different group aver

ages are from one another. Differences are studied between the adjacent groups. 

For example, the first F-value is determined by dividing the MS of the diagnosis 

group by the MS of the patient group. 



Table 4.2. Results of analysis of variance for nuclear area. 

GROUP SS DF MS %MS F a 

Diagnosis 1255278 2 627639 86.0 73.26 0.0005 

Patient 51403 6 8567 1.2 0.23 1.0 

Gland 334397 9 37155 5.1 0.69 1.0 

Nucleus 3874035 72 53806 7.4 - -
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The next F-value is determined by dividing the MS of the patient group by the MS 

of the gland group. If the F-value exceeds a threshold value, given in a statistical 

F-table of critical values, then the means of the population groups are said to be 

significantly different. If the F-value is below the critical value, it is said that there 

is no statistical difference between group means. Even if the critical value is not ex

ceeded, it is possible that there exist small differences between the group means that 

may be masked by variability due to the small sample size. It might intuitively ap

pear that the sample sizes used in the analysis of variance for nuclear area, as well 

as in the remaining three clues, are too small. However, the degrees of freedom are 

high enough to ensure that the sample size is indeed large enough. 

Next the significance level of the statistical test, specifically the F-test, 

a, is determined. It represents the probability of making an error in saying that the 

variance is high in that level. The a values are extracted from a table on the basis 

of the degrees of freedom and the F-value. 

The results for the analysis of variance for nuclear area verify that most 

of the variance occurs between diagnoses. This was determined from the high F-

value and the low a value. Notice the a value of 1.0 on the patient and gland level. 

This indicates that there is statistically no variance between the patients of a given 

diagnosis, and also no variance between the glands for a given patient. 

Now that it is known that the mean nuclear areas are different for each 

diagnosis, the means for each diagnosis and the 95% confidence levels will be calcu

lated. The fact that the confidence level was chosen to be 95% is partially based on 

tradition. Its interpretation is that one is 95% sure that the group mean falls within 

the computed confidence interval. 
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The confidence intervals are calculated as follows: 

CL = t x (VMS / V/T ) , where t is a critical value calculated from a 

t-table, based on the number of degrees of freedom, and n is the number of samples. 

Using a confidence level of 95%, the ranges of values determined for 

each diagnosis are presented in Table 4.3. 

As seen from the ranges, there is considerable overlap, particularly 

between the normal and adenoma diagnoses. Only, the normal and the carcinoma 

cases are completely separated from each other. This means that the mean for the 

normal cells may not neccessarily be less than the mean for the adenoma cells. 

Therefore, it may be concluded that the clue of the measurement of nuclear area 

may give an indication of the stage of the disease, but is not completely reliable. 

The second clue is that of the measurment and analysis of gland area. 

The data supplied in Table 4.4, as well as the data for the following three clues, 

conformed to the following experimental design: two diagnoses, five patients per di

agnosis, and five glands per patient. Carcinoma cases were not analyzed, as they 

possess little or no glandular structure. In this clue and in the nuclear crowding 

clue, the tissue employed in the analysis was feulgen stained colon tissue. Patholo

gists expect to observe a uniformity in gland size for a normal patient and a varia

tion in gland size for a diagnosis of adenoma. The average gland size for the adeno

ma cases should exceed the average gland size for the normal cases. 



Table 4.3. Results of analysis of nuclear area at 95% confidence level. 

DIAGNOSIS 3c - CL X 3c + C L  

NORMAL 338 475 612 

ADENOMA 400 537 674 

CARCINOMA 614 751 888 



Table 4.4. Results of gland area analysis (area in number of pixels). 

DIAGNOSIS PATIENT GLAND 

1 2 3 4 5 

NORMAL 1 5190 5766 4525 5693 4983 
2 5558 4078 7223 5625 6275 
3 4954 4519 5295 4844 5421 
4 9675 10414 6185 5900 11518 
5 5253 9268 9842 7993 6316 

ADENOMA 1 13525 13333 14758 19391 17235 
2 5321 11451 10924 17232 22580 
3 31514 18954 11978 25229 19759 
4 6445 16247 20523 9860 14665 
5 28825 34940 25725 19466 22917 
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In Table 4.5, the results of the analysis of variance appear. It may be 

concluded from the F-values that more variance occurs on the diagnosis level than 

on the patient level. However, when the DF's are taken into consideration in the 

determination of a, it may be noted that there is even less of a probability of error 

differentiating on the patient level than on the diagnosis level. Considering a 95% 

confidence level, the two diagnoses are well separated, as seen in Table 4.6. It also 

may be noted that the mean adenoma gland size is nearly three times the size of the 

normal glands. Therefore, the clue of gland area analysis is a reliable means for 

differentiating between normal and adenoma diagnoses. 

The third clue is the spacing of glands as seen in Table 4.7. For this 

clue, images stained by H/E were examined. The H/E stain differs from feulgen in 

that it stains the entire cell, not merely the nucleus. It is expected that the normal 

cases will exhibit regular spacing of glands, whereas adenoma cases will present ir

regular spacing. Also, it is expected that adenoma cases will have glands which, on 

the average, are spaced farther apart than the normal glands. 

The analysis of variance is presented in Table 4.8. For the clue of glan

dular spacing, it appears from the a values that there is no statistical significance 

between the diagnoses, only a significant variance at the patient level. Therefore, 

due to the fact that the mean gland spacing (area) for normal and adenoma cases is 

nearly the same, the original hypothesis that adenoma glands, on the average, are 

spaced farther apart than normal glands is invalid. However, by visually examining 

the data, it is evident that adenoma diagnosed cases exhibit a larger variance of 

gland spacing per patient than the normal cases. 



Table 4.5. Results of analysis of variance for gland area. 

GROUP SS DF MS %MS F a 

Diagnosis 1687619084 1 1687619084 94.15 19.46 0.0025 

Patient 693741670 8 86717709 4.84 4.79 0.0005 

Gland 724265024 40 18106626 1.01 - -



Table 4.6. Results of analysis of gland area at 95% confidence level. 

DIAGNOSIS x - CL X x + CL 

NORMAL 2843 6493 10143 

ADENOMA 14461 18112 21762 



Table 4.7. Results of gland spacing analysis (spacing in number of pixels). 

DIAGNOSIS PATIENT GLAND 

1 2 3 4 5 

NORMAL 1 9076 6710 7670 8376 11930 
2 18648 20508 18642 22007 19757 
3 19732 23838 23770 23340 20880 
4 13528 13194 15411 16265 18639 
5 9717 8910 8749 8752 8297 

ADENOMA 1 19978 7130 17308 7760 11132 
2 12188 5368 9170 3139 29568 
3 7584 16140 12816 8280 18531 
4 2048 10756 15282 18702 22825 
5 9423 10126 32025 8975 12784 



Table 4.8. Results of analysis of variance for gland spacing. 

GROUP SS DF MS %MS F a 

Diagnosis 44760937 1 44760937 25.11 0.45 1.0 

Patient 795677374 8 99459672 55.79 2.92 0.025 

Gland 1361661240 40 34041531 19.10 - -
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The final clue, whose results appear in Table 4.9, is that of the crowding 

index. For each patient, five glands were analyzed and evaluated for a crowding in

dex. The actual index was computed by taking the variance of multiple gland wall 

thickness measurements. Due to the characteristics of cellular crowding, it is ex

pected that the adenoma cases will exhibit a larger index value than the normal 

cases. 

The analysis of variance results, particularly the a values, presented in 

Table 4.10, verify the hypothesis that there is a significant difference between nor

mal indices and adenoma indices. As seen in Table 4.11, the crowding index proves 

itself to be a reliable means for separating between normal and adenoma cases. 

As seen from the above results, the four methods employed in evaluat

ing diagnostic clues have been mostly successful in concurring with the pathologist 

defined diagnoses. Thus, the results lend credibility to the employment of computer 

vision techniques in histopathological diagnosis. 
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Table 4.9. Results of crowding index analysis (variance of gland wall thickness). 

DIAGNOSIS PATIENT GLAND 

1 2 3 4 5 

NORMAL 1 5.0 4.9 0.24 8.2 5.0 
2 8.0 4.5 3.8 1.1 11.0 
3 3.2 0.69 4.7 3.8 7.5 
4 14.8 1.2 16.0 2.5 9.0 
5 5.8 1.0 3.2 1.3 30.0 

ADENOMA 1 11.0 53.0 36.0 21.0 34.0 
2 20.0 34.0 24.0 21.0 71.0 
3 58.0 39.0 4.4 49.0 12.0 
4 26.0 36.0 19.0 22.0 51.0 
5 20.0 10.0 76.0 19.0 40.0 



Table 4.10. Results of analysis of variance for crowding index. 

GROUP SS DF MS %MS F a 

Diagnosis 8444 1 8444 97.11 528 0.0005 

Patient 127.9 8 15.99 0.18 0.068 1.0 

Gland 9399 40 235.0 2.71 - -



Table 4.11. Results of analysis of crowding index at 95% confidence level. 

DIAGNOSIS x - CL X x + CL 

NORMAL 0.0 6.26 14.1 

ADENOMA 24.5 32.3 40.1 
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