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ABSTRACT 

The demand for maps and related cartographic products has increased greatly over the 

past years. This increase in the demand for cartographic products has greatly increased 

the work load for the cartographer because current practice requires the cartographer to 

manually identify and delineate the significant cartographic features from an image. The 

availability of digital image data has made it possible to use the computer to assist in the 

extraction and delineation of cartographic features. This research presents one approach 

to automating the delineation of large area features using neural networks for texture 

pattern classification 
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CHAPTER 1 

INTRODUCTION 

1.0 Introduction 

The volume of demand for maps and related cartographic products has begun to grow at 
i 

all levels of government and business . Governments have recognized maps and related 

spatially-organized data bases as a direct method to depict and control the status of many 

situations, such as land development, flood-plain planning, earth-quake hazard, pollution 

dispersal, highway corridor location, etc. Business demand for maps has come in equal 

measure from responding to governmental requirements as well as organizing the spatial 

knowledge that affects a business, e.g. maps for tree growth and cutting cycles in a 

commercial forest, building sites, pesticide application and crop rotation on large farm 

sites, etc. 

It is fortunate that the demand for maps has come at a time when computers capable of 

handling large amounts of data have become available. As a consequent, there is a 

growing interest in the creation of digital mapping systems, systems that will combine 

computer and data-base techniques for the generation and management of map data in a 

digital computer-compatible format. 



1.1 Cartography 

1.1.1 Definition of Cartography 

The definition of cartography varies with the source of the definition. Fisher and 
4 

Lindenberg list several definitions from different sources. The first definition is taken 
24 

from the fifth edition of Elements of Cartography by Robinson et al., 1985 . 

Definition 1 
The graphic representation of spatial relationships and spatial forms is what we call a 
map, and, very simply, cartography is the making and study of maps in all their aspects. 
.... This includes teaching the skills of map use; studying the history of cartography: 
maintaining map collections with associated cataloging and bibliographic activities; and 
the collection, collation and manipulation of data and the design and preparation of maps, 
charts, plans and atlases. 

The second definition is taken from the Multilingual Dictionary of Technical Terms in 
25 

Cartography (Meyen, 1973) , where cartography is defined as: 

Definition 2 
The art, science and technology of making maps, together with their study as scientific 
documents and works of art. In this context maps may be regarded as including all types 
of maps, plans, charts and sections, three-dimensional models and globes representing the 

Earth or any celestial body at any scale. 

Fisher and Lindenberg go on to provide their own definition of cartography as: 

Cartography is the field which is involved with the graphic communications of spatial 
relationships and distributions, and the analysis and manipulation of geographic data to 
enhance the representation (from Definition 1). 
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The authors have transferred some of the responsibilities of cartography given in 

definitions 1 and 2 to the areas of remote sensing and geographic information systems 

(GIS). These, they define as: 

Remote Sensing is the capture and interpretation of data from regions of the electromagnet
ic spectrum by the use of noncontact instruments, together with analysis and manipulation 
to facilitate interpretation. 

Geographic Information Systems are defined as systems fa* the management, analysis 
and manipulation of spatially referenced information in a problem solving synthesis. 

The definitions given for remote sensing and GIS are based on other definitions of remote 

sensing and GIS. The above-referenced authors are attempting to define the individual 

realms of the three related and overlapping areas. 

1.1.2 Maps 

The visual map is the most familiar of the cartographic products and is the focus of 
2 

traditional cartography . The map is a means of recording and conveying the spatial 

relationships of objects and areas. Because maps are abstract representations of the 

world and are generally greatly reduced in scale over the world being modeled, the 
3 

information contained on the map is a generalization of what exists in the real world . It 

is simply not possible to scale down the world being mapped and place it on the map. 

The map would become extremely cluttered, and possibly those objects of interest would 

be lost in the scaling process. 

There are two commonly used types of maps, the reference map and the thematic map. 
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Reference maps are an attempt to model certain aspects of reality as closely as possible. 

Because reference maps are regarded as scientific documents, high standards in positional 

accuracy are required. Examples of reference maps are large-scale urban plans, 

topographical, geological and soil maps, hydiographical and nautical charts. 

The thematic map, on the other hand, tends to present derived information. Also, rather 

than clutter an individual map with all of the information being presented, a set of maps 

is used, where each map presents a single piece of information. The use of diagrams such 

as pie charts and bar graphs are often used to present statistical data. Generally thematic 

maps place a greater emphasis on the distribution or spatial pattern of the spatial 

attributes rather than on their positional accuracy. 

Reference maps contain a great deal of explicit information and an even greater amount 

of implicit information. To extract all of the information from a reference map generally 

requires reading, analysis and interpretation of the map. The information in a thematic 

map is presented in a direct, straightforward manner. The information in a thematic map 

is to be obtained without the careful reading and analysis required to extract information 

from the reference map. 

1.1.3 Cartographic Features and Feature Extraction 

The cartographic feature extraction process is characterized by the extraction of three 

distinctly different types of features: point features, line features, and area features. A 

point feature is one which enters the cartographic data base as a single set of coordinate 

values (e.g. latitude, longitude, and elevation) along with any intrinsic attributes 
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necessary to describe the feature. A line feature is one which enters the cartographic data 

base as a set of coordinates that describe the individual links in a chain of vectors from 

point-to-point on the feature. The associated set of feature codes and attributes that 

defines the feature enter the data base along with the chain of vectors. An area feature is 

a set of coordinates that describe the vector links in a chain that circumscribe the feature 

and enclose on itself, along with appropriate feature codes and attributes. 

Examples of point features are objects such as buildings, water towers, bridges, road 

intersections, etc. Examples of line features are highways, rivers, airport runways, 

pipelines, powerline corridors, etc. Examples of area features are farmed fields, urban 

residential districts, forests, glacier snow fields, lakes, etc. What defines a particular 

feature as point, line, or area is usually arbitrary and set by the compilation and 

standardization practices of the organization doing the map compilation. In a typical 

cartographic production organization there may be hundreds of required features, each 

with its own set of attributes for the data base entry. 

The feature extraction process can be encapsulated with the acronym DIA, which stands 

for Delineation, Identification, and Attribution. The feature Delineation process is 

epitomized by vellum tracings, the mechanics of outlining the feature by pencilling along 

its boundary, placing a point on the manuscript, etc. The feature Identification process 

requires the cartographic expert to recognize exactly what the feature is and assign a code 

which precisely identifies it to the data-base system that organizes features. The 

Attribution process requires that a required set of feature attributes , such as width, type 

of material composing the feature, orientation with respect to north, etc., be appended to 

the feature identification code. 
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1.2 Problem Statement 

The bottleneck in the process of producing map products from imagery is the feature 

extraction process. Much of the feature extraction process consists of manually tracing 

the features on a piece of vellum manuscript which is overlaid onto a rectified aerial 

image (i.e., orthophoto). The manuscript is then entered into a computer by processes 

such as cursor digitization of the manuscript items using a large coordinate digitizer pad 

or table. 

The most costly portion of the map compilation activity is the manual feature extraction 

process. It is costly in two different respects. The first is that it dominates the time of an 

expensive, highly trained, and skilled specialist: the cartographer. It is also costly 

because of the additional time required to enter the manuscript into a digital database and 

associated format. Thus, a significant problem in the creation of advanced digital 

mapping systems is the totally manual feature extraction process. This problem must be 

"cracked" in order to demonstrate that digital mapping systems can contribute in a 

significant way to the rising demand for cartographic data. 

1.3 Project Objective 

The subtlety of the complex feature extraction DIA process is beyond the state-of-the-art 

in cuirent methods of advanced computer automation. No existing set of known 

capabilities in computer vision, and artificial intelligence is sufficient to achieve the 

skills of an experienced cartographer in feature DIA. Therefore, the only viable strategy 

in utilizing computers in the feature extraction process is to assume that the cartographer 
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must remain involved in the feature extraction process. What the computer must do, 

therefore, is assist the cartographer in those aspects of feature extraction which represent 

tedium or tiresome detail, thus freeing the cartographer for those aspects of extraction 

which provide more interest and professional challenge. Given the three types of 

cartographic features and the previous statement, the focus of this work will be on 

delineating the boundary of area features with a minimum of cartographer interaction. 

1.4 Preview of Chapters 

Chapter 2, "Introduction to the Algorithm Concept" presents introductory discussion on 

the approach and steps required to successfully delineate an area feature. 

Chapter 3, "Neural Net Overview" provides a brief description of neural nets and how 

they operate. 

Chapter 4, "Algorithm Implementation" provides a detailed description of each of the 

individual steps that make up the algorithm. The test results of the initial algorithm are 

also presented. 

Chapter 5, "Variations on Classification Regions" looks at two methods for increasing the 

speed at which an area feature is delineated without any noticeable loss in accuracy. 

The results of these variations are discussed. 

Chapter 6, "Conclusions and Future Work" looks at the overall results of applying the 

algorithm to area features, what can be concluded from these results, and the direction 

that future work should take. 
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CHAPTER 2 

INTRODUCTION TO THE ALGORITHM CONCEPT 

The algorithm selected for extracting the boundary of an area feature consists of manual 

and automatic steps. Because it is currently impossible for the computer to independendy 

identify individual area features it is necessary for the cartographer to provide a course 

delineation of the area feature. This is done by identifying points on or near the border of 

the area feature. These points, when connected into a closed curve, roughly define the 

shape and location of the area feature. This is the only manual operation required in 

delineation process. 

The approach of this algorithm differs from many of the current natural feature or scene 
5,6,7,8 

segmentation algorithms . These algorithms depend heavily on a priori knowledge 

of what the image may contain and which objects within the image are to be delineated. 

Because extensive use of the a priori knowledge is used, the algorithms can operate 

without human interaction. The algorithm proposed here, makes no use of a priori 

knowledge about the contents of the image or the objects to be delineated. This makes it 

necessary for a human operator to specify an approximate boundaiy of the feature to be 

delineated. 

Once the area feature has been identified, the remaining steps in the delineation process 

are performed entirely by the computer. The first step is the selection of training sites 
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from the interior and exterior of the area feature. The training sites are randomly selected 

and the extracted feature vectors are labelled as either "inside" or "outside" depending 

whether the site is from the interior or the exterior of the area feature. The feature vectors 

provide the information necessary to train a classifier which is designed to categorize the 

remaining image pixels as interior or exterior to the area feature. 

A feature is a characteristic, property, or attribute of a relatively homogeneous region of 

an image which allows that region to be separated from all other regions in the image. 

Because more than one feature can be associated with the region the features are 
16 

collected into feature vectors. There are two common means of extracting features . 

The first is to use the information contained in the image directly (ie. pixel values). For a 

gray scale image this provides a single feature and may not be sufficient to separate the 

regions. However, for multispectral images, using the pixels in the different spectral 

bands to create a feature vector generally provides sufficient information to separate the 

different regions in the image. The second source of features is to compute them. A 

block of the region is selected and has a metric, such as texture, applied to it. Mean, 

variance, Fourier coefficients, etc. are examples of computed texture features. The 

feature vectors used in the delineation process will be of the computed variety. This is 

because panchromatic images, resulting in a single band, were used and in this effect the 

individual pixel values are generally insufficient for separating the different regions of 

the image. 

After the feature vectors have been extracted and labelled they are used to determine a 

discriminant function, g(x)=0 (where x is a feature vector), or boundary, in hyperspace, 

that separates the two classes. The boundary or discriminant function is computed from 
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the distribution of the samples and is selected to minimize the misclassification error. 

Misclassification error occurs as a result of estimating the discriminant function from a 

finite number of samples and/or because of any overlap that may occur between the 

feature distributions of the two classes. Figure 2.1 shows a feature space and discriminant 

function for a two class, two dimensional, linearly separable problem. 

The discriminant function, g(x), is equal to zero for all points along the boundary 

between the two and will be positive one side and negative on the opposite. The 

discriminant function and network which recognizes the sign of g(x) is known as a 

classifier. 

There are many different classifiers available. Classifiers fall into two categories, 

supervised and unsupervised. With the supervised classifier the training data is labelled 

as to its class and in the training phase of classification the discriminant function is 

developed from these labelled data sets. The labelling of the data by an operator or 

"teacher" is the reason this type of classifier is referred to as a supervised classifier. The 

other type of classifier is the unsupervised classifier for which there are no labels on the 

training data. During the training phase the classifier itself attempts to cluster the data 

into separable groups. This type of classifier is called unsupervised because there is no 

operator to force class labels on the data. 

In the operational concept described previously, the cartographer has roughly defined the 

boundary of the area feature, the training feature vectors can be labelled. Those taken 

from the interior can be labeled as "inside" and those from exterior can be labelled as 

"outside". Labelling the data allows a supervised classifier to be used in estimating the 
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boundary of the area feature. Within the class of supervised classifiers there are many 

types: Bayesian, K-nearest-neighbor, neural nets, etc. A neural net classifier is the type 

selected for this task and is the topic of chapter 3. 

After training the classifier the next step in the delineation process is to determine the 

exact location of the area feature. To achieve this, the feature vectors for all pixels in the 

subimage enclosing the area feature are computed and presented to the classifier. The 

classifier will label each feature vector as either "inside" or "outside" depending on sign 

of the discriminant function g(x). 

A binary image can now be created using the results produced by the classifier. Each of 

the pixel in the original image is associated with a particular class feature vector. In the 

binary image the corresponding pixel is turned on if the feature vector is classified as 

"inside" and is turned off if the feature vector is classified as "outside". 

From this binary image the boundary of the area feature can be determined. The 

boundary is extracted by essentially tracing around the region of pixels that are "turned 
10, is 

on". There are several algorithms which are capable of performing this tracing 

operation. They all assume a starting point on the border of the region to be traced and 

step from pixel to pixel identifying those pixels that are on but are adjacent to pixels that 

are off as boundary pixels. The extracted boundary will consist of the (x, y) coordinates 

of the pixels that are on the border of the area feature. 

The image in Figure 2.2 will be used in the development of the algorithm and the pond 

will be the object being delineated. 
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Chapter 3 

Neural Net Overview 

An artificial neural net consists of many interconnected, simple, processing elements 

(PEs) working in parallel. The artificial neural net is a very simple model of what is 
12 

believed to be the way the human neurological system works . The PEs of the net 

correspond to the neurons of the brain. 

There are several advantages for using a neural net classifier over the traditional 

statistical classifiers such as the Bayesian classifier. With a statistical classifier it is 

necessary to estimate the probability density function (pdf) of the classes from the sample 

data. Obtaining a successful estimate of the pdf requires large numbers of samples, 

which are not always available. Often an unknown pdf is approximated by the Gaussian 

or normal pdf, equation 3.1. 

P(x) = expf -l/2(x - \l)Z \x - M,)] (3.1) 
(2 7t) 121 

where: 

x is a d element feature vector 

|X is the d element mean vector 

£ is the covariance matrix 
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Neural nets on the other hand are nonparameteric and hence do not necessarily use the 

pdfs of the data. Another advantage of neural nets is their ability to successfully handle 

data with complex pdfs. The discriminant function resulting from a neural net, 
11 

theoretically, should be capable of fitting any complicated shape . The Bayesian 

classifier assuming a Gaussian pdf (which is commonly done) is only capable of 
13 

producing quadratic hypercurves . Figure 3. la shows the discriminant functions that 

might be obtained from a neural net and from a Bayesian classifier using a Gaussian pdf, 

Figure 3.1b. The quadratic discriminant of the Bayesian classifier cuts off or 

misclassifies part of class 2, whereas the discriminant determined by the neural net is 

capable of segregating the two classes. 

The comments in the previous paragraph concerning the quality of the discriminant 

achieved through the use of the Bayesian classifier are not statements about the quality of 

the Bayesian classifier. The discriminant determined by the Bayesian classifier is 

optimal when the pdfs for the different classes are known and the best a neural net can do 

is approach the optimal discriminant function. The discriminant generated by the neural 

net approachs the discriminant of the Bayesian optimal discriminant as the number of 
27 

training samples is increased . The problems with the Bayesian classifier occur when the 

pdfs of the data are unknown and are modeled by estimates derived from the data or 

simply by the Gaussian pdf. 

Another property of the neural net is generalization, i.e the ability to derive a 

discriminant function that is capable of accurately classifying the vast majority of the 

data, not including the training set. Good generalization generally requires a large 

amount of training data. Figure 3.2 illustrates the generalized discriminant function for 
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two classes. As with nearly all generalizations there are some points where it does not 

hold. Rather than try to fit a very complicated discriminant to the interlaced samples of 

the two classes the neural net derives a smooth curve as the discriminant function and 

thus causes some points to be misclassified. The vast majority of the samples are 

correctly classified by the generalized discriminant. 

The multilayer, semi-linear, feedforward net is exacdy what is implied by the name. It is 

a net consisting of multiple layers of PEs, full interconnected between layers in the 

forward direction. The semi-linear portion of the name refers to the nonlinear activation 

functions of the PEs. Figure 3.3 illustrates a multilayer, semi-linear, feedforward net. 

Each layer in the net provides a different function as will be discussed later in this 

chapter. 

A single PE is a very simple model of the biological neuron. It consists of multipliers, a 

summing junction and an activation function, Figure 3.4. Each PE has multiple inputs 

and a single output. Associated with each input is a weight or scaling factor. Each time a 

new vector is applied to the PE the individual components of the vector are multiplied by 

the corresponding weight and then all of the scaled elements are summed. The sum is 

then fed into the activation function which generates the output value of the PE. The 

range of the output is typically from -1 to +1. The sign of the output indicates which side 

of the discriminant the data is on. 

It has been shown, theoretically and empirically, that only two layers are needed for a 
28 

neural net . This is one layer less than the three layers commonly excepted as the 
9 

minimum number of layers . Reference 28 also describes how to estimate the complexity 
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of the neural network needed for a particular classification problem. 

The nonlinear activation function of the PEs is necessary because it can be shown that a 

multilayer net with linear activation functions on the PEs will reduce to a single layer net, 

and a single layer net is limited in the complexity of feature space distinctions it can 
n 

draw . 

The multilayer net was seldom utilized due to the difficulty of learning the weights for 

the multiple layers until 1986, when Rumelhart, Hinton and Williams popularized the 

Back-Propagation Training algorithm. The Back-Propagation Training algorithm allows 

for errors measured at the output of the net to be propagated backwards into the net a 

single layer at a time. At each layer the weights of each PE are adjusted by an amount 

that is calculated to be its contribution to the overall error. The details of the 

Back-Propagation Training algorithm can found in references 9 and 11. 



CHAPTER 4 

ALGORITHM IMPLEMENTATION 

This chapter provides a detailed description of the steps necessary to extract the 

boundary of an area feature. An area feature is a portion of the image that is relatively 

homogeneous in texture and distinct in texture from the portions of the image 

surrounding it. With the exception of the first step, which is manual, all steps are 

performed automatically. One begins with a digitized aerial photograph containing a 

feature to be delineated and finishes with the chain code that describes the boundary of 

the feature of interest. The steps needed to produce the chain code of the feature from 

the digitized image are the following: 

- control point selection 

- training site selection 

- feature extraction 

- image classification 

- smoothing 

- boundary extraction 

4.1 Control Point Selection 

The control points are a set of operator-defined points on or near the boundary of the 
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feature to be delineated, Figure 4.1. These points are manually selected by the 

cartographer and must be selected in the order that they occur on the border of the 

feature. The number and location of the control points is up to the individual 

cartographer, with certain constraints. Enough points should be used such that the size 

and shape of the region can roughly be determined. The control points need to be 

distributed about the perimeter of the area feature such that the feature is primarily 

contained within the bonier defined by the control points when connected via line 

segments. 

The control point ordering requirement comes from the lack of constraints on the allowed 

shapes of the area feature. Since the algorithm is to be used on cartographic area 

features which can have irregular boundaries, the standard convex hull fitting 
10,18 18 

algorithm will not work satisfactorily. The simple closed path algorithm will 

connect a set of arbitrary points to form a closed, nonintersecting contour, which also 

does not work satisfactorily. 

Both algorithms suffer from the same type of problem in that the closed boundary 

produced will not necessarily contain only the area feature. The convex hull routine will 

include regions that are not part of the area feature when the area feature has a convex 

boundary. The second algorithm will include regions that are not part of the area feature 

and will exclude regions that are part of the feature. The inclusion of non-feature regions 

and exclusion of feature regions from the confines of the proscribed boundary is 

undesirable due to the effects of inclusion and exclusion will have on selecting training 

sites and training the neural network, both of which will be discussed in later sections 
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The convex hull algorithm is summarized in the following. Select a starting point that is 

guaranteed to be on the convex hull, such as the upper left most coordinate. From this 

point, extend a horizontal line and rotate the line counterclockwise. The rotation of the 

line stops when it reaches a control point. This point is now on the convex hull. From 

this point the line is again rotated in the counter-clockwise direction until it reaches the 

next point. This is repeated until the initial control point is reached, at which dme the 

convex hull is closed and the algorithm terminates. Figure 4.2a shows the actual 

boundary for an arbitrary set of points and Figure 4.2b shows the convex hull placed 

around the points. The shaded area in Figure 4.2b indicates the region that should not be 

included inside the hull. Notice that all of the control points are not necessarily included 

on the convex hull, namely points F, G, and H. 

The simple closed path algorithm starts at an arbitrary point, and from that point 

computes the angles to all other points with respect to the horizontal. The points are now 

sorted according to that angle. Adjacent points on the sorted list are then connected 

forming the simple closed path. Figure 4.3a-c show the simple closed path, for the 

points in Figure 4.2a, when started at different points. The dark regions indicate the 

regions that should be contained inside the contour and the gray regions indicate the 

regions that should be excluded from the contour. For a convex hull it is possible to 

obtain the actual contour if the correct initial point is selected as indicated by Figure 4.3c. 

The cartographer has the option of specifying the control points clockwise or 

counter-clockwise along the boundary of the area feature. The algorithm however is 

designed to work with the control points taken in the clockwise direction, thus it is 

necessary to check the direction in which the points are selected and reverse the direction 
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if necessary. This is done using the following algorithm. From the list of control points, 

determine the index in the list of the points containing the minimum x coordinate, the 

minimum y coordinate, the maximum x coordinate, and the maximum y coordinate. If 

the points were taken in the clockwise direction at least three of the following conditions 

should hold depending on the spatial location of the first point in the list. 

1. index of x occurs after or at the same location as y . 
mix nun 

2. index of y occurs after or at the same location as x 
max max 

3. index of x occurs after or at the same location as y 
nun max 

4. index of y . occurs after or at the same location as x . 
min nun 

If less than three of these conditions hold then the points are assumed to be in the 

counter-clockwise direction and the order of the list is reversed keeping the same initial 

point. 

If the points are listed in the clockwise direction then three of the four conditions hold for 

the following reason. The closed contour connecting all control points can be divided 

into two curves by a line connecting x . andx . y . occurs on the upper curve and 
nun max nun 

y occurs on the lower curve with the coordinate system as defined in Figure 4.4. The 
max 

initial control point can then be selected from one of the four segments, A, B, C, D, 

Figure 4.S. If, for example, the initial point is selected from segment A, the first of the 

four points encountered will be ymin, followed by x , y , and finally x , , when 
max max mm 

taken in the clockwise direction. The first three conditions are met and the last is violated 

for this case. Again starting in segment A, proceeding in the counter-clockwise direction 

, the first of the points encountered is x followed by y , x and then y , violating 
mui max max nun 

the first three conditions and satisfying the last condition. These arguments can be 

applied to the other three points with the same results. Three of the conditions are 
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satisfied if the control points are selected in the clockwise direction, and only one 

condition is satisfied when taken in the counter-clockwise direction. 

The proceeding statements do not hold for the cases when x . =y andy . =x or 
r mm max nun max 

x .  = y  .  a n d y  = x  .  F o r  t h e s e  s i t u a t i o n s  t w o  o f  t h e  c o n d i t i o n s  a r e  s a t i s f i e d  b y  t h e  
mm nun max max 

equalities and one of the remaining conditions will be satisfied regardless of the direction 

in which the control points are taken. The frequency of occurance for these two 

configurations of x ., y ., x , and y are assumed to be negligible and are ignored. 
nun nun max max 

4.2 Training Site Selection 

Two sets of training sites are selected automatically from the image, those that are 

representative the interior of the region to be delineated, and those that represent region 

exterior. These sites are used to provide the feature information for training the neural 

net. The locations of the training sites are randomly generated by the computer but 

constrained the control points discussed in the previous section. 

The constraints on the locations of the training sites are minimal. The sites selected to 

describe the region interior must lie completely within the region and those sites selected 

to describe the exterior of the region must lie completely outside the region. One 

additional constraint is placed on the location of all exterior sites. The distance between 

any training site pixel and the nearest control point must be less than the maximum 

distance between any pair of control points. This is intended to prevent using exterior 

training sites that are totally unrelated to the contents of the image just exterior to the 

feature of interest. 



31 

4.2.1 Initialization for Training Selection 

Prior to determining the location of the training sites it is necessary to determine which 

boundary points are opposite one another. This information is utilized in the generation 

of the training site locations, where the training sites associated with a particular control 

point are required to lie along the line connecting the control point with its opposite 

control point. 

Two control points are said to be opposite if the Euclidean distance between them is 

maximum and each point lies within the associated angles of the other point. We define 

two angles, 0 and 0, associated with each control point. Let 0 be the angle from the 

horizontal to the line segment exiting the control point in the clockwise direction and let 

<|> be the angle from the horizontal to the line segment entering the control point. The 

relationship between 9, the entering and exiting line segments is illustrated in Figure 

4.6. Now let p be the angle from the horizontal to an arbitrary non-adjacent control point. 

Figure 4.7a shows the relationship between 6 n<f> and spfor two points to be declared 

opposite and Figure 4.7b illustrates a case where the points would not be declared 

opposite. 

The algorithm for determining opposite control points is: 

1. Compute the Euclidean distance between each possible pair of opposite points. 

2. Sort the computed distances in descending order. 

3. Compute 6 and $ for each control point 

4. Starting with points with the largest distance, pi and p2 compute pi and p2. 

5. Determine if pi and p2 meet the necessary criteria; that is 

{(^ £ Pj < 0j) u [(^ £ pt S 211) n (0 < pl <. 9^] n 
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(«)>2Sp2S02)u[(<|)2Sp2S2IDn(OSp2S02)]} (4-1) 

6. If the preceding conditons are met, declare the two points as 

opposites and delete any pair of points, on the list of potential 

opposites, containing either of these points. 

If the points are not opposite delete current entry in the list of potential 

opposites and proceed to the pair with the next largest distance. 

7. Repeat steps 5 and 6 until one of the following two conditions have been met: 

- all points have been assigned an opposite point 

- there are no more valid pairs of points 

A point may not be assigned an opposite point for several possible reasons. 1) there may 

be an odd number of control points and each control point can have at most one opposite 

point. 2) a boundary point occurs in a portion of the boundary that is very irregular and 

no other points meet the angle criteria in step 5 of the algorithm. Figure 4.8 shows an 

example of this occurring. Those points without an opposite point are said to be opposite 

the geometric center of the region. The geometric center is computed by summing the 

coordinates of the control points and dividing the summed coordinates by the number of 

control points. 

4.2.2 Interior Training Site Selection 

The interior training sites are a set of sites all occurring within the boundary of the area 

feature (Figure 4.9) and are used to provide part of the feature vectors needed to train the 

neural network. A site is a set of pixels (assumed square) from which image data is 
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extracted for the purposes of region classification. The location of a site is given by the 

pixel coordinate of the top left-most pixel in the site. Because the goal is to determine the 

boundary of the area feature, the training sites are concentrated along the edge of the area 

feature rather than in its center. This is achieved by associating each training site with a 

control point and attempting to select the training site as close as possible to the control 

point. Each control point can have more than one training site associated with it. The 

following algorithm is used to generate all of the interior training sites. 

1. Specify the number of sites, N, to be selected for each control point and the size of the 

site (assumed square). (The number of sites specified may not be satisfied because of the 

constraints placed on the site locations.) Initialize n to one, where 1 ^ n < num. 

2. For each control point generate a training site location, if possible.(see below) 

3. If n < num 

then n = n + 1 and repeat step 2 

else done 

The generation of the coordinates for a single training site is performed via the following 

algorithm. 

4.2.2.1 Individual training site selection 

1. For any given control point, p., generate ten potential coordinate locations along the 

line connecting p. with its opposite point p.. 

2. Sort the coordinate locations in ascending order, where the site nearest the control 

point is considered the minimum location and the site located farthest from the control 

point is the maximum location. 
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3. Initialize k to one, where k is the index into the list of locations. 

4. For the kth coordinate location, p , on the list, initialize m to one. k 

5. Generate a new coordinate location, p , along the line perpendicular to the line in 

connecting p. and p., passing through the point pfc. 

6. Test to see if the point p meets the requirements for a valid training site location. 
Ill 

7. If the location is valid or k = 10 

then done 

else 

if m = 10 

then k = k +1 and repeat steps 4 through 7 

else m = m + 1 and repeat steps S through 7 

It is possible to fail to produce a valid training site in the 10 times 10 (100) attempts to 

locate one. The limits of ten on the number of iterations was arbitrarily chosen with the 

idea that if a valid site could not be found in 100 attempts it would be unlikely to find one 

in a larger number of iterations. 

4.2.2.l.lTrainine Site Coordinate Generation 

The site locations in step 1 are generated using a gaussian random number generator 

with a variance equal to the distance between points p. and p.. Only the distances greater 

than or equal to one are accepted. Thus it is necessary to generate more than the ten 

specified numbers. There are two reasons that only the positive values greater than one 

are kept: (1) to keep the site locations inside the boundary of the area feature; and, (2) to 

prevent the sites from being located exactly on the control point, p.. To convert the 
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random distances into pixel coordinates the polar to rectangular coordinate transformation 

x' = rcos(p) and y' = rsin(p) (4-2) 

where: 

p is the angle, measured from the horizontal form the current control 

point to its opposite control point. 

r is the random distance. 

is used to generate the offset coordinates which when added to the coordinates of p. will 

produce the coordinates of pfc. p is the angle from p. to p. and r is the random distance. 

x = x + x' and y = y = y' (4-3) 
k i It i 

4.2.2.1.2 Requirements for a valid interior training site 

There are three constraints that a potential training site must satisfy before it can be 

declared a valid training site. These constraints are: 

1. The angles,pj, from associated control point to each of the four corners of the training 

site must fall within thXe bounds 

(4>£p.£0)u [(<J) £ p. S 211) n (0 <, p. £ 0)] (4-4) 

where 0 and <J> are as defined in section 4.3.1.3 

2. The training site does not overlap any previously, located training sites to avoid using 

redundant data. 

3. The training site falls completely within the boundary of the area feature. 
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To test the first constraint, the four angles, p., are individually computed and compared 

with 6 and If all four p. meet the conditions in (4), then the site is passed to the second 

test 

To test the second constraint, the list of previously selected training site coordinates and 

the size of training sites is used. The algorithm for determining if the potential training 

site overlaps an existing training site operates as follows: 

1. for each existing training sites, p^, with coordinates x, y, generate the remaining three 

corners of training site: 

P.J with coordinates (x + n, y); 

p.2 with coordinates (x + n, y + n); 

pj3 with coordinates (x, y + n); 

where n is the length of the training site along one side 

2. determine if any of the four points, p.., fall inside the n by n square whose top left 

corner is specified by the coordinates of potential training site. If any of the points fall 

inside the n by n square, declare the potential training site as an invalid training site. 

A point, x,y, is inside the n by n block at the point, x\ y\ if 

{[(x' Sx)n(x^x' + n)] n[(y* £y)n(y £y' + n)]} (4-5) 

The third constraint is checked only if the second constraint is satisfied. The third 

constraint draws a line from the current control point to each of the four corners of a 

training site. If any of these lines intersect a boundary segment the training site is 

declared invalid as part of the training site is outside the course boundary of the area 
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feature as defined by the control points. 

4.2.3 Exterior Training Site Selection 

The exterior training sites are a set of sites occurring outside the boundary of the area 

feature, Figure 4.10, and are used to provide the rest of the feature vectors needed to 

train the neural network. The exterior training sites are selected in essentially the same 

manner as the interior training sites, but now the angle p is directed outwards from the 

control point rather than inward as in the previous secdon Figure 4.11. This is 

accomplished by adding it to all angles p. found in the previous section. 

An exterior training site must also meet the following conditions to be declared a valid 

training site. The Euclidean distance between the control point and its associated training 

sites must be less than the distance between the control and its opposite point. The intent 

of this constraint is not to use training data that is unrelated to the region surrounding the 

area feature. The distance between a control point and its opposite point is used with the 

idea that if most of the regions surrounding the area feature are similar in size to that of 

the area feature, most of the exterior training sites will be in regions adjacent to the area 

feature. 

The final test for a valid exterior training site is that it be inside the current image. The 

coordinate generation algorithm randomly generates coordinates and because the 

coordinates are outwards away from the area feature it is possible for the coordinates to 

be outside the image. For a 512-by-512 image the coordinates must be 0 £ x < 512-n and 

0 <> y < 512 - n, where n is the size of side of the training site. This guarantees that the 

entire training site will be inside the the image. 



38 

4.3 Feature Soace and Feature Space Reduction 

4.3.1 Feature Set 

The extracted features provide an extensive coverage of the feature space. There are a 

total of 46 texture features computed at each pixel. The computed features consist of 39 

features related to the co-occurence matrix, autocorrelation length, fractal dimension, 

mean, variance, trimmed-range, median, and edge density of 16 by 16 pixel block, and 

an explanation of the individual features appears in Appendix A. 

No attempt was made to identify which original features are most useful in distinguishing 

between the pixels making up the area feature and those making up the region 

surrounding the area feature. First, the features that distinguish between the area feature 

and the surrounding region will change depending on the composition of the area feature 

and the surrounding region. Secondly, as described in Sect. 4.3.2 the principle 
13,14 

component transformation is applied to the feature vectors to reduce their 

dimensionality, and this transformation aggregates the 46 features so that individual 

feature contributions are of less importance. 

4.3.2 Feature Set Reduction 

It is desirable to reduce the dimensionality of the extracted feature set for a variety of 

reasons. The large number of extracted features guarantees that redundant information 

exists within each feature vector and therefore the dimensionality of the feature space can 

be reduced without adverse effects on the accuracy of the classifier. Generally by 
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reducing the dimensionality of the feature space the accuracy of the classifier tends to 
11 

increase . The larger the feature set, the more training samples will be needed to 

adequately train the neural net. Given the finite size of an image and the constraints 

placed on the locations of the training sites it may not be possible to achieve the 

necessary number of training vectors. By reducing the number of features, a more stable 

neural net can be obtained with the limited number of training vectors. Also reducing the 

dimensionality of the feature space will allow a simpler net to be used. By using a 

simpler net both training time and classification time can be reduced. The training time 

is reduced as there are fewer weights that need to be computed, and the classification 

time is reduced since there are fewer features in each feature vector that has to be 

classified by the net. 

The principle component transformation is a linear transform which transforms vectors in 
13,14 

one vector space to vectors in a lower dimensional vector space 

y = Tx (4-6) 

where 

T is the transformation matrix 

x is a vector in the original m-dimensional vector space, Rm 

y is a vector iinRn. n <= m. 

The transformed vectors should contain most of the information of the original vectors. 
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To determine the information content of each of the original features, a transformed 

version of the autocovariance matrix is used. The autocorrelation matrix is transformed 

via the Karhunen-Loeve expansion and is a diagonal matrix after the transformation. 

Karhunen-Loeve expansion is given by 

D  =  S C S  ( 4 - 7 )  

where 

C is the covariance matrix of the original feature vectors 

S is the eigenvector matrix 

D is the diagonal, eigenvalue matrix 

The second order statistics,, the autocorrelation and the covariance matrices, are 

independent of linear transformations. By being independent of the transformation, the 

variance or information content of each feature remains constant throughout the 

transformation which is the reason it is desirable to use the Karhunen-Loeve expansion. 

By examining the eigenvalues along the diagonal of matrix D, the variance of the feature 

corresponding to that eigenvalue can be determined. The larger the value of the 

eigenvalue the greater the variance and the smaller the eigenvalue the smaller the 

variance. Figure 4.12 shows how the information increases as the number of features 

increase. It also shows that over 99% of the information is contained in the first twelve 

features for this particular image data. 
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To develop the transformation matrix for reducing the dimensionality of the feature 

vectors the following steps are necessary. 

1. Compute the covariance matrix for all of the training feature vectors. The covariance 

matrix is defined as: 

C=IS(x.-n)(x.-n) (4.8) 
N ' 

where: 

N is the number of feature vectors 

x is a d-element feature vector 

p. is the d-element mean vector 

The mean vector is computed as: 

N ' 

where: 

N is the number of feature vectors 

x is a d-element feature vector 

\i = IIx. (4.9) 

2. Diagonalize the covariance matrix using the Karhunen-Loeve expansion. The 

eigenvalues of the covariance matrix will be on the diagonal of the transformed matrix. 
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2. Sort the eigenvalues in descending order along the diagonal and shift the eigenvectors 

in S such that they remain in the same column as their associated eigenvalues. Thus the 

eigenvalues are sorted from the one containing the most variance to the one containing 

the least variance. 

3. Create a smaller diagonal matrix, D', containing the first n eigenvalues and smaller m 

by n eigenvector matrix, S't containing the first n eigenvectors, where n is number of 

eigenvalues needed for the transformed vector to contain a specified percentage of the 

information in the original vector (and is the dimensionality of the transformed vector 

space) m is the dimensionality of the original vector space. 

4. The transformation matrix is now given by 

~T = [D']"l/2[S,]t (4-10) 

where D' and S' are as defined in step 3. 

4.4 Classification 

Classification is the process of determining which class a particular pixel falls into. 

There are two possible classes, either "region", which is the area feature, or "non-region" 

which is the surrounding area. A pixel is classified by applying the trained neural net to 

the feature vector associated with that pixel. The key issue in the classification stage is 
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how to select the pixels to classify. 

Three different schemes for selecting the pixels to classify were considered. The first 

method used the extreme pixel coordinates of the external training site locations to define 

a rectangular region containing the area feature (Figure 4.13). Once the region is defined, 

a 16-by-16 sliding window is used to extract the feature vector for each pixel inside the 

region. 

The second method is quite similar to the first. Rather than use the extreme coordinates 

of the training sites, the extreme coordinates of the control points are used. To be certain 

that the entire area feature is contained within the rectangular region defined by the 

extreme control points, the region is extended outwards in all directions by an amount n, 

as in Figure 4.14. The value of n should be large enough to guarantee that the area 

feature will be contained in the rectangular region. Once the region is defined the feature 

vectors are extracted in the same manner as for the first scheme. 

The third method only looks at a 2n + 1 strip of pixels centered about the line segments 

connecting the adjacent control points, as in Figure 4.15. Here the coordinates of the 

pixels in the strip are determined as the strip is defined. For each segment of the strip, the 

coordinates of the pixels contained within the segment are generated by the following 

algorithm. 

1) From the two control points determine the slope of the line segment. 

m = (y - y )/(x - x ) 
'l 2 1 2 (4-11) 
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if the slope is less than or equal to 1.0 then consider x to be the independent variable. 

Otherwise y is the independent variable. By defining the independent variable such that 

the slope of the line is always less than or equal to one ensures that no pixels will be 

omitted. If the slope is allowed to be greater than 1.0, pixels may be skipped because of 

the discrete nature of pixel coordinates. 

Compute the y-intercept, b, of the dependent variable. 

2) Let x ' be the initial value and x2' be the final value of the independent variable. 

Define x = x 

3) Compute the value of the dependent variable, y, for the value x. 

y = mx + b (4-12) 

where y is integer. 

4) Generate all coordinate pairs (x, y - n),..., (x,y),..., (x, y + n). This assumes that 

x-direction variable is the independent variable and y-direction variable is the dependent 

variable. If the roles are reversed the coordinate pairs generated would be (y - n, x),..., 

(y, x) (y + n, x) 

5) If x is greater than to x^' 
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then quit 

else x = x + 1 and goto step 3. 

6) Repeat steps 1-5 for each pair of consecutive control points. 

It is possible for two adjacent segments of the strip to not adjoin precisely. This occurs 

when the two segments have different independent variables. The coordinates on one 

segment are extended in the x-direction while those in the other segment are extended in 

the y-direction. This produces a wedge shaped gap in the strip, (Figure 4.16a). To ensure 

that no pixels are excluded because of this gap, a square with sides 2n + 1 is centered at 

each control point, (Figure 4.16b). By including the coordinates of the pixels in the 

square no pixels associated with the area feature will be missed. 

Even though there is overlap between adjacent segments of the strip and between the 

segments and the squares centered at the control points, no duplicate coordinate pairs are 

included in the list of coordinates that are contained within the strip. Any duplicate 

coordinates would increase the feature extraction time and should be avoided. 

The first two methods discussed above were the first and second attempts at defining the 

portion of the image to classify. The third method is the one currently being used 

because it minimizes the computational load and eliminates.remote false alarms. The 

first two methods were rejected due to the large number of pixels that had to be 

processed. The first method includes too many pixels from the exterior, as well as all 

pixels in interior of the area feature. The second method reduces the number of exterior 

points but still includes all points from the interior of the area feature. The third method 
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came about as the only pixels of interest are those in the neighborhood of the boundary of 

the area feature. It includes those pixels that may or may not be part of the area feature, 

depending on the accuracy on placing the control points but ignores those pixels that axe 

definitely inside or definitely outside the area feature. TABLE 4.1 lists the number of 

pixels that must be processed for the three different methods. The data for the pond is 

used in the table. 

TABLE 4.1 

method No. pixels 
1 153,176 
2 49,896 
3 32,926 

TABLE 4.1 shows that method 3 includes far fewer pixels than do the other methods. 

Method 2 includes approximately l.S times as many pixels, while method 1 includes 4.7 

times as many pixels as method 3. 

The value of n used for methods 2 and 3 was 24. This value is arbitrary as long as it is 

sufficiently large enough to cover the inaccuracies that occur when placing the control 

points. The value 24 was selected as it is definitely large enough to cover the 

inaccuracies which occurred in placing the control points. 

4.5 Smoothing 

The purpose of smoothing is to reduce the number of isolated pixels or pixel groups. 
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This is not the fault of the neural netper se, but rather the result of either trying to 

determine a very complex decision surface using only a finite number of training 

samples, or the impossible task of separating interior and exterior regions that are similar. 

The smoothing process operates on the label map produced by pixel classification. The 

label map is means of visually displaying the classified results while maintaining the 

spatial relationship of the original pixels. The label map when is a binary image. The 

number of gray levels observed is equivalent to the the number of individual classes in 

the original image. 

The label map for the area feature will be binary as there are only two classes, the area 

feature and the surrounding region. All pixels in the image which are outside the portion 

of the image processed by the classifier are assumed be part of the region surrounding the 

area feature and the corresponding points in the label map take on the label of the 

surrounding region. Those pixels that are in the interior of the area feature and are not 

included in the strip of pixels which is classified will also take on the value of the 

surrounding region. Figure 4.17 and Figure 4.18 show the label map of the pond area 

feature before and after majority filtering with a filter size of size 5. 

Those points that make up the unclassified interior of the area feature are labeled as part 

the surrounding region in the label for simplicity. These points are known to be part of 

the interior of the area feature and not on the boundary and therefore will have no effect 

on the border that is finally extracted, since the strip of pixels selected for classification is 

selected with a width large enough to contain all pixels that could be on the border. 

Therefore any point that is on the border will be labelled as part of the area feature in the 
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label map, and it is unimportant how the points in the interior are actually labelled. 

It would be possible to label the points in the interior of the swath as part of the area 

feature as there are several algorithms which, when given a closed curve and a point, can 

determine if the point is inside the curve. To do so would require a great deal of 

additional computation expense. Since all of these algorithms require a closed curve to 

operate it would be necessary to either to: 1) determine the actual boundary of the area 

feature, or 2) approximate the boundary by the line segments connecting the control 

points. If the first option is selected then there is no reason to label the interior points as 

the boundary of the area feature has been determined which is the original goal. If the 

second option is selected it is now possible to complete the label map. However, the goal 

is to determine the border of. the area feature, not to identify all points that makeup its 

interior. If the goal was to identify all points that makeup the area feature this would 

have been done at the classification stage, where all pixels associated with the area 

feature would have been classified. 

Smoothing the label map is accomplished through the use of a majority filter. A majority 

filter is a n-by-n sliding window which operates on a neighborhood of pixels. It operates 

on the original label map and produces a new smoothed label map. The smoothing is 

performed by sliding the n-by-n window across the original label map a pixel at a time. 

At each pixel the number of occurrences of each class inside the window is determined 

and the pixel in the new label map corresponding to the pixel in the center of the window 

is set to the label of the class with the largest number of occurrences. Example 4.1 shows 

the operation of a 3-by-3 majority filter for one iteration on a four-class label map. 
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The size of the sliding window is 3-by-3 and there are four classes making up the label 

map in Figure 4.19a. Figure 4.19b is the smoothed label map. 

Notice from the example that the outermost perimeter of pixels is unlabelled. The pixel 

being operated on by the filter is at the center of the filter window. This requires that 

there be pixels on all sides of the pixel being filtered. At the edge pixels there are only 

pixels on at most five sides of the center pixel. Because of this, a strip of pixels (n -1)/2 

cannot be filtered, where n is the size of the filter. 

There are several ways in which the edge pixels of the image may be labeled. The label 

values from the original map can be directly copied to the new map for those points that 

are unlabelled; or the label map can be assumed to wrap around onto itself, providing the 

necessary pixels to be provided for the sliding window of the majority filter to operate on. 

If the example is worked out further, there are several occurrences where two or more 

classes are in the majority. Thus for problems with more than two classes a method for 

breaking ties between the majority classes would be needed. For the area feature label 

map, which is binary, ties are avoided by requiring that n always be an odd integer. 

Requiring n to be odd guarantees an odd number of elements inside the sliding window, 

and thus there will be a class inside the window of the majority filter which is in the 

majority. 

4.6 Boundary Extraction 

Because the area feature is assumed to be a homogeneous, closed region it is not 
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necessaxy to specify all of the pixels in the feature when representing it in a database. To 

delineate the area feature, it is necessary to identify only the pixels on the border 

between the area feature and the surrounding region. All of the pixels inside the border 

are assumed to be part of the area feature. 

The border pixels can be extracted from the label map by using one of several border 

following algorithms. The border following algorithm used here is one of the common 
10,15 

ones 

There are two conditions that must be met for the border follower to operate successfully. 

The first condition is that the region whose border is being followed consists of more 

than a single, isolated pixel. The second condition requires that the entire region be 

contained within a single image and that the region be away from the edge of the image 

by at least one pixel. 

The algorithm as implemented assumes that the area feature which is having its border 

followed is 8-connected and the surrounding region is 4-connected. A pixel i is 

8-connected to pixel j, if j is any one of the eight pixels adjacent to pixel i, Figure 4.20a. 

A pixel i is 4-connected to pixel j, if j is one of the pixels that is vertically or horizontally 

adjacent to pixel i, Figure 4.20b. In Example 4.2a the pixels are 8-connected but not 

4-connected and in Example 4.2b the pixels are both 4 and 8-connected. If the pixel is at 

the edge of the image some of its eight neighbors will be missing, which violates the 

assumption above. 

The algorithm operates in the following manner. 
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1) Start at a pixel R on the boundary. Specify an initial pixel Q as one of the 4-connected 

neighbors of R that is not an element of the area feature. The pixels of the area feature 

have a value of 1 and the surrounding pixels have a value of 0. 

2) Starting at Q, search, counter-clockwise, the 8 neighbors, R0, Rl, R2, R3, R4, R5, R6, 

R7, of P. When a 1 is encountered at Ri, update P and Q. P = Ri and Q = Ri-1. Figure 

4.21 shows the spatial relationship between and its 8 neighbors. 

3) Step 2 is repeated until the initial Q is encountered before a 1 is encountered. When 

the initial Q is encountered the algorithm halts. 

The following example shows how the algorithm works. 

Let the region in Figure 4.22a, represented by the Is, indicate a region whose border is to 

be followed. Let P and Q be as indicated in Figure 4.22b. Starting the search at Q the 

first 1 encountered is the one directly below P. Update P and Q as shown if Figure 4.22c. 

The Xs represent previous locations of P and Y represents the initial location of Q. 

Figures 4.22d-o show each subsequent iteration. In Figure 4.22o, P has returned to the 

initial location of P and, searching counter-clockwise from Q, the initial location of Q, Y, 

is found before a 1 is found. Therefore the border is complete and is as shown in Figure 

4.22p. 

The algorithm presented above assumes that the initial starting location of P is known, 

which is not the case for the area feature. It is known that the control points are near the 
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border but are not necessarily on it. To locate a pixel that is on the border, a region about 

a single control point is searched. The search algorithm is implemented in the following 

manner. 

1) Given a control point near the border, define 2n + 1 square region centered at control 

point. 

2) Starting with the pixel at the top, left corner of the square region, scan from left to 

right, top to bottom looking for an occurrence of a 1. 

3) If a 1 is found check the 4-connected neighbors of the pixel for a 0. Otherwise goto 

step 2. 

4) If a 0 is found, the initial P and Q locations have been found and the search terminates. 

Otherwise goto step 2. 

The value of n needs to be large enough to cover the errors that occurred when the 

control points were placed, but not so large that a large portion of the image has to be 

searched. 

4.7 Results 

Figure 4.23 shows the extracted boundary of the pond overlaid on the original image. 

With the exception of the small region in the southeast comer the extracted boundary 
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follows the perceived boundary quite well. The extruding section of the pond in the 

southeast comer is excluded from the boundary of the pond because, apparently this 

segment of the pond is smaller than what can be resolved by the 16 by 16 feature blocks. 



54 

CHAPTERS 

IMPROVEMENTS ON CLASSIFICATION Of REGIONS 

5.0 Introduction 

This chapter looks at two attempts to decrease the number of feature vectors classified 

without significantly effecting the extracted boundary of the area feature. Decreasing the 

number of feature vectors needed to determine the boundary will increase the 

performance of the algorithm. Reducing the number of feature vectors will: 

1. decrease the time required to generate the coordinates of the 16-by-16 pixel blocks. 

2. decrease the disk space and memory required to store the coordinates. 

3. decrease the time required to extract the feature vectors from the 16-by-16 pixel 

blocks. 

4. reduce the amount of disk space and memory needed to store the feature vectors. 

5. reduce the time needed to classify the features as either region or non-region. 

These improvements would allow for a faster turn-around time for a particular area 

feature or perhaps allow for multiple features to be delineated in parallel. In either case 

an area feature is delineated in less time, and with less strain on the computing resources 

and hence improves the performance of the cartographer, which is the original goal of the 
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project 

5.1 Site spacing 

The first method for reducing the number of feature vectors is increasing the spacing 

between two adjacent pixel feature blocks. Recall from section 4.5 that every possible 

set of pixel coordinates, within a swath is used as the coordinates of a feature block, that 

is if coordinates (i,j) are used, then coordinates (i, j+1), (i, j-1), (i-1, j), (i+1, j), (i-1, j-1) 

etc. are also used as coordinates. With the increased spacing between consecutive 

blocks, when coordinates (i, j) are used, the coordinates (i+k, j), (i-k, j), (i, j-k) (i-k, j-k) 

etc., where k is a specified constant, are used. 

TABLE 5.1 

k 
number of 

feature vectors 

0 
2 
4 
8 

16 

32,926 
16,622 
5,616 
1,686 

613 

TABLE 5.1 shows the reduction in the number of feature vectors for different values of 

k, using the pond and pond data from chapter 4. Upon examining the table it is apparent 

that decreasing k quickly reduces the number of feature vectors that need to be processed. 
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Since every pixel coordinate is not used as the coordinate of a feature vector, the pixels 

classified as the region are disconnected when drawn on a blank image, Figure 5.1. 

Because the boundary extraction algorithm requires that the region whose boundary is to 

be extracted consists of connected pixels, it is necessary to connect all of the individual 

pixels classified as region. This is done by declaring that all pixels, within plus or minus 

k/2 of a pixel classified as region, are also to be classified as region. This leads to the 

portion of the image labelled as region to consist of a number of sharp angles, Figure 5.2 

This angular region thus leads to an extracted boundary that is angular and does not 

follow the true boundary of the feature very well at all. A rather unusual solution to the 

problem was discovered. It was found that by majority filtering the classification image 

before extracting the boundary results in a smoother boundary which more closely 

follows the true boundary. Figure 5.3 shows the classified map after majority filtering. 

Good results are obtained when the window size of the majority filter is slightly larger 

than the spacing between the feature blocks. As the spacing between the feature blocks, 

k, is even, the window size of the majority filter is k + 1. The relationship between the 

feature block spacing and the window size of the majority filter is arbitrary. 

The reason that the majority filtering process improves the extracted boundary is due to 

the majority filters tendency to round sharp corners. The prefiltered image in Figure 5.3 

is made up of many small sharp angles and protrusions. Sliding the majority filter over 

the image eliminates the smallest angles and protrusions and reduces the larger ones. 

Increasing the size of the filter would increase the amount of smoothing. Care must be 

taken not to over smooth the image. The site spacing for Figure 5.3 is 8. 



57 

After the boundary of the area feature is extracted one additional operation is performed 

on the extracted boundary. The extracted boundary is also median filtered to provided 

additional smoothing to the boundary. Figure 5.4b shows how a median filter with a filter 

width of five improves the extracted boundary. The boundary before filtering is shown in 

Figure 5.4a. 

The median filter is a nonlinear filter which is used to smooth an extracted signal or 

image. For a one dimensional case, and a window size of m, (m odd), the median filter 

operates in the following manner. The window slides along the data, one point at a time. 

As the window slides over each sample point, the value at that point is replaced by the 

median sample value inside the filter window. It is typically assumed that the point 

whose value is being replaced is at the center of the window. This causes the filtering 

process to start and stop number (k + l)/2 points away from the ends of the signal. For a 

512 point sample and a window width of 5, the first point to be filtered would be point 3 

and the last point would point 510. To maintain a 512 sample after filtering, points 1,2, 

511 and 512 are taken to be zero. Figure 5.5 shows the results of applying a median filter 

to a signal. 

Although the extracted boundary is a two dimensional object the median filter is a one 

dimensional filter. The filter is applied to the extracted boundary in two passes, first to 

the x coordinates and then to the y coordinates. As the boundary of an area feature is a 

closed path, the data to be filtered can be allowed to wrap around, thus preventing the 

zeros which normally appear at the beginning and end of a filtered data set. Figure 5.6 

shows how allowing the data to wrap around prevents the zeros from occurring at the 
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ends of the filtered data. 

5.2 Swath width reduction 

The swath width as defined in section 4.5 is the width of the 2n + 1 pixel wide strip 

centered about the line segments connecting the control points. The coordinates of these 

pixels are the ones from which the feature vectors will be extracted. As the original swath 

width was arbitrarily chosen to be 49 (n= 24) it should be possible to decrease the value 

of n without altering the extracted boundary. 

In addition to the original value of n = 24, three additional values of n were examined, 

TABLE 5.2 lists the number of feature vectors extracted for each value of n. 

TABLE 5.2 

Number of 
n feature vectors 

8 11,123 
12 16,758 
16 22,444 
24 32,926 

The decrease in the number of feature vectors is, as one would expect, proportional to the 

decrease in n. 
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Initially the reduction in the swath width failed when applied to the pond image. The 

classified results for the three smaller values of n are similar to that shown in Figure 5.7 

where n = 8. The classification results are as one would expect for the majority of the 

feature vectors; however in the lower right corner all of the feature vectors have are 

classified as being non-region. The section classified as non-region is largest for n = 8 

and smallest for n = 16. 

Careful examination of the relationship between the pixel coordinates in the swath and 

how the features are extracted from these coordinates revealed the cause of the break in 

contour. The feature extraction routine uses each coordinate pair from the swath as the 

top left hand coordinate of the 16 by 16 pixel block from which to extract the feature 

vector. Thus given a coordinate point, the 16 by 16 pixel block associated with the point 

"hangs" below and to the right of the point. 

The "dangling" pixel block combined with the orientation of the pond causes the majority 

of the features extracted from the lower right corner of the pond to be non-region. The 

orientation of the pond is along an axis that runs from the top left to the lower right. This 

orientation allows a sufficient number of pixel blocks to extend into to the interior of the 

pond over most of the pond's boundary. The exception is at the lower end of the pond. 

Here the dangling pixel blocks extend out into the non-region portion of the image. 

Figure 5.8 illustrates how the dangling pixel blocks relate to the pond boundary. Figure 

5.8a and 5.8b shows the dangling pixel block at the upper end and left side of the pond, 

where the block can extend into the pond. Figure 5.8c shows the pixel block along the 

right edge of the pond. Here is where the orientation of the pond has an effect. Because 

the pond is oriented from top left to bottom right, any point inside the pond boundary 
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there will be additional points below it also inside the pond boundary. This allows the 

dangling pixel block to extend into the interior of the pond. If the orientation of the pond 

was shifted 90 degrees (ie top right to bottom left) the pixel blocks would extend away 

from the interior of the pond and would contain pixels from the non-region portion of the 

image as shown in Figure 5.9. In Figure 5.8d, which is of the lower end of the pond, the 

pixel blocks extend outwards away from the ponds interior. 

The solution to the problem caused by the dangling pixel block is to shift the x and y 

coordinates of the swath by seven pixels each before using the coordinates as the 

locations of feature vectors. Shifting the coordinates by seven pixels each moves the 

pixel block such that the coordinates in the swath are in the center of the associated pixel 

block as shown in Figure 5.10. 

After adjusting the coordinates of the pixels in the swath, the feature vectors were 

extracted and classified. With the shifted coordinates, the features extracted from the 

swaths with n = 12 and n = 16 are from both the interior and exterior of the pond such 

that boundary is successfully extracted. Comparing these boundaries with the original 

extracted boundary shows no differences. The features extracted from the swath with n = 

8 still contains a gap in pixels classified as region at the lower end of the pond. The 

cause of the gap appears to be the location of the control points. Figure 4.1 shows that 

some of the control points at the lower end of the pond are actually in the land 

surrounding the pond rather than on the boundary of the pond. Examining Figure 5.11, 

which shows the classified results for the swath n = 8, the gap occurs where the control 

points are in the suirounding land rather than on the boundary. What most likely 

happened is that the shifted pixels, for this portion of the pond, are still mostly outside the 
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interior of the pond. 

The reason that the boundary was shown as successfully extracted in the previous 

chapter, without shifting the coordinates by seven is that n = 24. With n = 24, the swath 

has sufficient width so that some of the pixel blocks are inside the pond regardless of 

location of the pixel block. 

5.3 Site spacing in conjunction with Swath width reduction 

With the success of reducing the swath width and increasing the spacing between feature 

vector locations the next logical step seems to be to combine the two procedures. The 

combination of procedures was tested for n = 8,12, and 16 with a site spacing of four 

pixels. TABLE 5.3 lists the number of features vectors for each of the different 

combinations. 

TABLE 5.3 

Number of 
n feature vectors 

8 1,318 
12 2,169 
16 3,188 
24 5,616 

* 

Again there is a substantial decrease in the number of feature vectors that have to be 

processed and classified. The resulting boundaries, with n = 12, and 16, do not differ 
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from the boundary for n = 24. Again the classified results for n = 8 have the gap in the 

lower right section of the pond 

5.4 Summary 

The increase in performance obtained by reducing the number of vectors processed is 

impressive. All three methods investigated as methods for reducing the number of 

vectors resulted in an extracted boundary similar to the one extracted in chapter 4 but 

with fewer vectors. 

TABLES 5.4,5.5 and 5.6 show the factors of improvement for the data displayed in 

TABLES 5.1,5.2, and 5.3 respectively. The entries in TABLES 5.4,5.5 and 5.6 are the 

amount in which the number of vectors decreased for the various methods. The entries 

are computed by dividing the entries in TABLES 5.1,5.2, and 5.3 by 32,926 which is the 

number of vectors used in chapter 4. 

The configurations or entries with the greatest reduction in the number of features are the 

extreme cases tested and produced the poorest results. 

TABLE 5.4 

n factor of improvment 

0 
2 
4 
8 
16 

1.00 
1.98 
5.86 

19.51 
53.76 
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In TABLE 5.4 the greatest reduction in features is by a factor of 53.76. This corresponds 

to using only every sixteenth pixel in the image to determine the boundary. While this 

results in the fewest number of feature vectors being used it also ignores a great deal of 

the information in the image. 

TABLE 5.5 

n factor of improvement 
8 2.96 

12 1.96 
16 1.47 
24 1.00 

In both TABLES 5.5 and 5.6 the greatest improvement comes when the half width of the 

strip of pixels being classified is reduced to 8. However, since a half width of 8 did not 

produce a useful boundary the factor of improvement is meaningless. 

TABLE 5.6 

n factor of improvement 
8 24.98 

12 15.18 
16 10.33 
24 5.86 

Of the first two methods examined, the first method which skips pixels between sites 

when extracting the classification feature vectors shows the best improvement with 
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respect to the loss of accuracy in the extracted boundary. Using only every fourth pixel 

there is very little difference in the extracted boundaries, Figures 4.22 and 5.4a. The best 

improvement for reducing the width of the classification strip, which produces a valid 

boundary, is 1.96. The second method is also more sensitive to the location of the control 

points at the narrower widths. 
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CHAPTER 6 

CONCLUSIONS AND FUTURE WORK 

The feasibility of using a semi-automated computer system in conjunction with a 

cartographer to delineate area features has been demonstrated, at least for distinct, well 

defined features. The only task of the cartographer is to specify the control points needed 

to form a crude boundary of the feature and the remaining steps in the delineation process 

are all performed automatically. 

The automatic delineation of the example used herein, the pond, follows the true 

boundary quite closely except for the lower right corner. Here a small portion of the 

pond is excluded from the generated boundary. Upon examining this portion of the pond, 

the size of the excluded portion is 8-by-l 1 pixels. It is likely that this segment of the 

pond is too small, when compared with the size of the feature blocks, 16 by 16 pixels, to 

influence where the extracted features fall in the feature space. It may be possible to 

include this portion of the pond in the extracted boundary by reducing the size of the 

feature blocks. Reducing the size of the feature block would allow smaller structures of 

the area feature to occupy a larger percentage of the feature block. The impact on 

accuracy, if any, going from a 16 by 16 feature block to a smaller m by m block is 

unknown. 

The inclusion or exclusion of small segments in the boundary of the area feature will 
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likely have little impact on the final cartographic product As stated in the first chapter, a 

map is model of the world and not an exact replication of it No matter what the scale of 

the map there will be some generalization in the boundary of all area features in the 

transformation from the real world to the map. Thus for the pond, it will be represented 

on a map by a region that has approximately the same shape and orientation, and not by a 

region that is an exact miniature copy of the pond. 

It is unlikely that the cartographer will be removed from the loop anytime in the near 

future. For the current problem statement, which is to delineate a specific area feature, it 

is necessary for the cartographer to specify in some manner what that particular area 

feature is. It may be possible to specify the area feature in a manner other than providing 

a set of points along the boundary of the area feature. 

If the problem statement is changed to finding all possible area features in an image it 

may be possible to remove the cartographer from the delineation loop. The problem is 

now similar to the first step of the Broad Area Search (BAS) task. The BAS task is to 

find all the area features in an image (step 1) and the relationships between the features 

(step 2). If the delineation problem was to be stated in this way it would now be 

necessary to know what types of area features may occur in the image: forest, sea, grass, 

urban, etc.. Previously collected features from these classes would be used to train the 

neural network classifier. It would not possible to automatically extract the training 

feature set from the image since the automated system would not know where specific 

classes occur within the image before classification. The problem stated in this manner 

lends itself to a more complex classifier, e.g., a hierarchical neural net classifie 6. 
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Aside from trying to fully automate the delineation process or redefining the statement of 

the problem there is still room for improvement in the current approach. The biggest 

time bottle neck is the extraction of features in the classification stage. There was 

significant increase in performance when the third approach, for determining the region 

of classification, was used. Still, the majority of time spent in the delineation process is 

spent in the feature extraction segment of the classification stage. Two possible solutions 

for decreasing the time spent in this stage are the following. The first possible solution 

would be to perform a study of the feature set. The goal of the study would to determine 

which, if any, of the features contain little or no useful information for the majority of the 

area features of interest. If these features containing little or no information were 

removed from the feature set the over all time spent extracting the features should be 

reduced. The second potential solution would be to implement the feature extraction 

process as a parallel process distributed over multiple processors. The region selected for 

classification would be divided up into approximately equal segments and the features 

from each segment would be extracted in parallel using the different processors. After all 

features have been extracted from the individual image segments, the features would be 

combined together into a single set and passed on to the neural net for classification. By 

using n processors to extract the features, the time required for the extraction process 

should decrease, approximately, by a factor of n. There will be some overhead in 

dividing the image into the individual segments and in combining the individual feature 

sets into one large set. The time spent performing these operations should be minimal 

when compared with the time spent extracting the features. The parallel algorithm 

described above is an existing algorithm and is one of the simpler parallel tasks. The 

algorithm goes by the title of the client-server algorithm. 
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To be fully usable in a commercial setting it is necessary for the cartographer to have 

some editing capabilities. There are two places in the delineation process that the need 

for some editing capability is immediately apparent The first is in the selection of 

control points. The cartographer is not always going be able to specify the necessary 

control points on the first attempt, so it would be useful to have the option of inserting or 

deleting a control point without having to redo the entire control point selection process. 

The second need for editing occurs after the delineation process is complete. There may 

be certain classes which for any feature set, axe not resolvable by automatic classification, 

but visually resolvable by the cartographer. When two or more of these classes are 

adjacent, they will be labelled by classifier as all being part of a single region. The 

cartographer now must edit the generated boundary so that it contains only the area 

feature of interest rather than the area feature and all those similar to it. This occurs with 

the feature set described in Appendix A which is not capable of differentiating between 

residential and industrial settings. Thus if an area feature to be delineated is residential 

neighborhood which is adjacent to an industrial park, the generated boundary would 

contain both the residential neighborhood and the industrial park. To separate the two 

regions it is necessary to manually relocate the boundary to contain only the residential 

neighborhood. 

The overall importance of this algorithm is that it demonstrates the feasibility of 

semi-automating the cartographic field through the use of computers, artificial 

intelligence and image understanding techniques. By having the computer do the tedious 

work of essentially "tracing" out boundary on the area feature, the cartographer is 

allowed to pursue the more interesting and meaningful tasks associated with his or her 



chosen profession. 
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Figure 2.1 Sample two class, two dimensional problem with discriminant 



Figure 2.2 Aerial photograph used for algorithm development 
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Figure 3.1a Quadratic discriminant from Bayesian classifer 
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Figure 3.1b Discriminant from neural network 
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Figure 3.2 Sample generalized discriminant 
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Figure 3.3 Generalized neural network 
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Figure 3.4b Sample non-linear activation function 
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Figure 4.1 Selected control points 



Figure 4.2a Control points and rough boundary for a sample area feature 

Figure 4.2b Convex hull fitted to sample control points 
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Figure 4.3a Simple path starting at C 

Figure 4.3b Simple path starting at B 
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Figure 4.3c Simple path starting at A 
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Figure 4.5 Spatial relationship between x^, y^, and y 



Figure 4.6 Defining 0 and cp for a control point 



Figure 4.7a Defining 6, and p for opposite control points 



83 

Figure 4.7b Defining 6, $, and p for non-opposite control points 



c 

Figure 4.8 Points with no opposite due to boundary complexides 
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Figure 4.9 Selected interior training sites 
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Figure 4.10 Selected external training sites 



Figure 4.11 Defining p outwards for external site generation 
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Figure 4.12 Percentage of variance vs. number of features 
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Figure 4.13 Region selected for classification using method 1 
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Figure 4.14 Region selected for classification using method 2 



Figure 4.15 Region selected for classification using method 3 
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Figure 4.17 Label map 
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Example 4.1 Majority filtering 

1 1 2 2 2 2 2 2  
1 1 1 1 2 3 2 2  
1 1 1 2 2 2 2 3  
1 1 2 2 2 3 3 3  
1 1 2 2 2 2 3 3  
1 2 2 2 3 4 4 4  
1 2 2 3 3 3 4 4  
2 2 3 3 3 4 4 4  

. 1  1  2  2  2  2 .  

. 1  1  2  2  2  3 .  

Figure 4.18a Figure 4.18b 



Figuie 4.19 Label map after majority filtering 



Example 4.2 4, and 8-connected pixels 
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Figure 4.20a 
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Figure 4.20b 
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Figure 4.21 Spatial relationship between 
R and Ri, i = 0,1,... 7. 



Example 4.3 Boundary extraction 
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Figure 4.22p 



Figure 4.23 Extracted boundary 



Figure S. 1 Label map showing classified pixels at individual sites 



Hgure 5.2 Filled in label map resulting in a uneven boundary 



Figure 5.3 Label map before majority filtering 
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Figure 5.4a Extracted boundary before median filtering 



Figure 5.4b Extracted boundaiy after median filtering with filter size of 5 



original: 121453615 

median filter of size 3 

after filtering: _ 1 2 44 5 3 5 _ 

Figure 5.5 One-dimensional median filter example 

original: 121453615 

median filter of size 3 with wrap around 

after filtering: 212445351 

Figure 5.6 One-dimensional median filter example allowing wrap around 



Hgure 5.7 Gap in label map produced by "dangling" feanire blocks 



Figure 5.8a Dmgling block* top 

Figure 5.8b Dangling blocks tight side 



Figure 3.8c Dangling block*, left 

Figure S.Sd Dangling blocks, bottom 



Figure 5.9 "Dangling" feature block with the pond's orientation raotated by 90 



Figure 5.10 Shifted feature blocks 



Figuie 5.11 Label map with gap over laid on control point image 
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APPENDIX A 

DESCRIPTION OF EXTRACTED FEATURES 

The extracted features are intended to provide an extensive coverage of the feature space. 

The extracted features provide the neural network, or any other type classifier, with the 

means for establising the similarities and dissimilarities for any set of data which contains 

multiple, known classes. 

There is a total of 20 different features extracted from each 16-by-16 pixel block. A 

16-by-16 pixel block was used because the exisiting feature extraction code is written 

utilizing 16-by-16 pixel blocks. The extracted features are as follows: 

1) CM Angular Second Momentum 

2) CM Constant 

3) CM Correlation 

4) CM Variance 

5) CM Inverse Differnce Moment 

6) CM Sum Average 

7) CM Sum Variance 

8) CM Sum Entropy 

9) CM Entrpy 
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10) CM Difference Variance 

11) CM Difference Entropy 

12) CM Inforamtion Correlation 

13) CM Inforamtion Correlation 

14) Autocorrleation Length 

15) Fractal Dimension 

16) Mean 

17) Variance 

18) Trimmed Range 

19) Median 

20) Edge Density 

The first 13 features are related to the co-occurence matrix (CM). Associated with each 

of these features are three values. Features 14 through 20 each have a single value. The 

3 times 13, or 39, plus 6 feaures make up the 46 element feature vector associated with 

each pixel block. 

Because the dimension of the co-occurence matrix is dependant on the number of 

gray-levels occuring in each pixel block, the pixel values in each pixel block are 

quantized to 16 gray-levels. Four co-occurence matrices, at 45 degree intervals, are 

generated from each pixel block. Of the four values obtained from these matrices only 

three are used as feature values, these are the maximum, minimum and average values. 

The notation used to describe the individual CM features is as follows: 



th 
p(ij) isthe(ij) entry in the normalized co-occurence matrix 

th 
p^(i) is the i entry in the marginal-probability matrix obtained by summing 

the rows of p(ij) 

Ng is the number of distinct gray-levels in the quantized image 

Sand £ = Xand £ ,respective! 
i j i=l j=l 

p (k) = £2 p(ij) k = 2,3,..., 2Ng and i+j = k 
. . 

p (k) = XX p(ij) k = 0,1,2,..., Ng-1 and li-jl = k 
i j 

Extracted Features 

1) CM Angular Second Momentum: 

f=X£(P(i , j)]2  

i i 

2) CM Constant: 

r^i ^ 2 
f2 = Sn {ZZp(i,j)J li-jl = n 

n=0 i j 



3) CM Correlation: 

f3= lSS(ij)p(ij) .^ny)/ooy  

where (Xy and c^, oy are the means and standard deviations of and py 

4) CM Variance: 

f =ZE(i-n)p(ij)  
4 . . 

i J 

5) CM Inverse Differnce Moment: 

f  =ZSp(ij)/(l+(l-j)2)  
3 » « 

i J 

6) CM Sum Average: 

2Np 

f = Tip (i) 
6 i=2 x+y 

7) CM Sum Variance: 

2NJL 2 2Nb 
f =i 
"7 ,^(i-f.)P»»(i)  

1=2 

8) CM Sum Entropy: 

2N* 
f =£ p (i)log{p , (i)} 
8 i=2 *+y y 



9) CM Entropy: 

f9 = £2 p(i»j)log {p(i j)} 
i j 

10) CM Difference Variance: 

f = variance of p 
10 x-y 

11) CM Difference Entropy: 

f
n 

=* ^ p (i)log{p (i)} 
i=0 y y 

12) CM Inforamtion Correlation I: 

f12 = (HXY - HXY1) / max(HX, HY} 

where HX and HY are entopies of p^ and py, 

HXY = -S2p(ij)log{p(ij)} 
i j 

HXY1 =-22p(ij)log{p (i)p(i)} 
. j y 

13) CM Inforamtion Correlation II: 

f = (1 - exp[ -2.0(HXY2 - HXY])1/2 

where 

HXY1 = - p (i)p (i)log(p (i)p (i)J 
i j * y * y 
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14) Autocoitleation Length; 

The autocoirelation is computed for each pixel block in 8 directions at 45 degree 

intervals. Theoretically, only four of the dirctions are unique, since the autocorrelation is 

symmetric. This, however, holds only for a large of data. In our case there are only 16 

samples. The autocorrelation is defined as; the number if pixels of shift from the center 

of the pixel block, to the point where the autocorrelation value is 10% of the value with 

no shift. The average autocorrelation length in the eight directions is used as the value of 

the feature. 

15) Fractal Dimension: 

The fractal dimension is a measure of smoothness or roughness. For a three dimensional 

object that is prefecdy smooth the fractal dimension is 2, while the fractal dimension of 

three dimensional space-fil l ing curve is 3.  The fractal dimension is estimated using the 
23 

covering blanket approach . 

16) Mean: 

N N 

f =4 IIg(i,j) 
N i=l j=l 

17) Variance: 

1=1 j=l 
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18) Trimmed Range: 

The cummulative distribution of the histogram for each pixel block is calculated. The 

lowest and highest 5% of the calculated distribution is discarded and the dynamic range 

of the remaining 90% is used as the feature value. 

19) Median: 

The gray-level values in the pixel block are sorted in descending order. The middle 

value in the sorted list is the value of the feature. 

20) Edge Density: 

The 2-by-2 Roberts gradients are used to remove the low frequency components in each 

pixel block. The pixel of the output pixel block that has 

a gray-level value higher than a certain threshold is counted as an "edge pixel". Because 

the pixel block is filtered in two orthogonal directions, the total number of "edge pixels" 

is obtained by: 
2 2 1/2 

N =[N + N ]  
e cv eh 

where and are the number of "edge pixels" in the two orthogonal directions. 
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