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ABSTRACT

Accurate and reliable detection of objects is an important component of
an image interpretation system. Objects might appear against a wide variety
of background regions and as such characteristic properties of the objects are
sought. Texture analysis based approaches are powerful in such applications
since texture is a property inherent to a region. A gray level co-occurrence
(GLC) based texture analysis package useful for object detection and image
segmentation is developed. Most of the techniques found in literature employ
a supervised classification scheme, where the classifier is trained with a set of
training samples. Unavailability of the training samples and the expense associ-
ated with it has forced researchers to explore other strategies. Cluster analysis
is the technique suggested in this study. It provides a logical ineans to perform
unsupervised classification in a d-dimensional space. Forward sequential search
based measurement selection strategy and Mahalanobis distance classifier are
the elements of the supervised classification scheme. I\-means cluster analysis
algorithm is the unsupervised counterpart. The main focus of this study is the
application of these two techniques to aerial images. A high resolution multispec-
tral urban scene image and a high resolution thermal infra-red channel image is
used to study the performance of these two techniques. Resubstitution testing
procedure is applied generally, while in the analysis of the thermal infra-red

image jackknifing is also employed. Supervised statistical classification scheme
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seemed to perform better than the cluster analysis based classification scheme.
Investigation of multispectral texture analysis is the other issue addressed in
this thesis. A gray level difference (GLD) based technique for multispectral tex-
ture analysis is studied. Alternate approaches based on the GLC and the GLD
methods are proposed to perform texture analysis in multispectral images. Ap-
pending the measures from eaéh of the channels and using them for the object
detection task is the underlying idea of the approaches suggested here. In the
analysis of multispectral imagery the techniques suggested in this study, per-
formed better in object detection as well as image segmentation tasks. Also, in
general the proposed GLC based technique yields better results as compared to
the gray level difference based method. The results obtained in the case of the
analysis of multispectral imagery are better than those obtained when analyzing
a single channel of the image indicating the superiority of multispectral analysis

approach over the single channel analysis strategy.
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CHAPTER 1

INTRODUCTION

Computer vision has applications in a wide variety of real world problems
ranging from medicine to complex industrial environments. It can be viewed as a
process of automatic interpretation of a scene. The problem of object detection
is vital for an image interpretation system. The object detection procedure is re-
quired to detect objects that might appear against a wide variety of background
regions. Ideally, features which are characteristic of the objects and minimally
sensitive to the background are sought [1]. Texture is a property inherent to a
region and thus is a powerful tool to attack the above mentioned problem.

Image segmentation is an important and a difficult task in the analysis of
images. A part of the segmentation problem is the object detection problem. In
the analysis of images two broad types of regions are usually encountered. The
first type is characterized by a distributed or a textured pattern, examples of
which are forests, agricultural land etc. while the other type consists of unique
patterns occuring in some well defined regions in the scene such as the airplanes,
cars etc. The second type of regions are called objects and their detection in
high resolution images forms an important part of this study. The need for such

unique object detection tasks can arise in a variety of applications, however, only



the remote sensing field application is considered here. This study is directed
in the direction of the research performed by Trivedi et al. [1]. A gray level
co-occurrence (GLC) based texture analysis package useful for image segmen-
tation and object detection is developed. The various measures (introduced in
the chapters that follow) that are generated are characteristic properties of the
different regions and as such some combination of these measures successfully
isolate the targets from the background. Forward sequential search based mea-
surement selection strategy helps to pick up the set of measures that support the
task of object detection. Mahalanobis distance classifier is used in this study to
assign the samples to the appropriate classes. Resubstitution testing procedure
is adopted here. In the analysis of a high resolution thermal infra-red channel
image jackknifing testing procedure is also employed. This testing procedure
was not used in all the cases because this was not the main focus of the study
and the resubstitution technique is computationally cheaper and faster. The
study reported by Trivedi et al. [1] reqﬁired a training phase for measurement
selection. One of the major problems under investigation is the minimization
of supervision in performing image segmentation and object detection tasks.
Cluster analysis forms the basis of the line of attack adopted here to reduce
the reliance on training samples. It offers a logical means for “ unsupervised ”
classification of data in a d-dimension space. I{-Means cluster analysis proce-
dure is used to discriminate objects from the background regions. The measures

to be used are input to the system by the user. This is justified on the basis
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of some prior specific application domain information the user may have such

as the directionality of patterns, important intersample spacing distance values
associated with the object structure etc. The fact to be noted, however, is that
this technique is different from the one employed by Trivedi et al.[1] since their
technique required a forward sequential search to select the best set of measures
and a statistical classifier to perform the classification.

The first image analyzed was a high resolution multispectral urban scene
image incorporating the visible range, the thermal infra-red range, and the near
ingra-red range. The second image was a high resolution thermal infra-red
channel image. The three channels of the multispectral image were considered
as sub—images when an attempt was made to study the techniques as applied
to a single channel image. In each of the cases promising results were obtained.

Investigation of multispectral texture analysis is the other issue addressed in
this thesis. Most of the texture analysis techniques found in literature deal with
single channel images. The concept of texture is fairly well understood for single
channel images, but multispectral texture is not yet a clear concept. An attempt
is made here to discuss multispectral texture from a computational stand point.
The approach adopted by Rosenfeld et al. [2] for the analysis of multispectral
texture tries to address the issue of multispectral texture from a computational
stand point. Simple approaches based on the GLC and the GLD methods are
proposed for the analysis in multispectral images. The image used in the first

part of the experiments was ideally suited for this kind of study since it was



a multichannel image. Object detection was performed using the techniques

suggested in this study and the technique proposed by Rosenfeld et al.. Image
segmentation was then performed on the multispectral urban scene image using
the different techniques discussed in this thesis. Finally, the technique proposed
here which consists of appending the measures generated in each of the channels
and utilizing the complete set to perform the detection task are studied in detail
by considering all the three channels. All the images experimented with in this
study were 512 x 512 in size.

The supervised classification technique seemed to do better in each exper-
iment. In both the cases i.e. single and multichannel images, it yielded a
100% classification accuracy. The unsupervised technique did not fare bad ei-
ther. It provided a 96.3% accuracy when analyzing the thermal channel image.
This technique did not produce a 100% classification accuracy when individual
analysis on each of the channels was being performed, but it did yield perfect
classification results when the measures from all the channels were considered
thus highlighting the superiority of the multispectral analysis approach over the
analysis of a single channel. In the analysis of multispectral images the append-
ing technique (suggested here) performed better every time. When analyzing
the image using all the 3 channels the GLC based appending method performed
better than the gray level difference based appending method.

The organization of this thesis is as follows. Chapter 2 discusses some of

the work done in the field of analysis of aerial images. This is followed by a



brief look at the various texture analysis approaches. The GLC matrix and the
texture measures employed for object detection are introduced in Chapter 3.
Various algorithms used in the texture analysis based object detection task such
as equal probability quantization, cluster analysis, forward sequential search,
Mahalanobis distance classifier, etc. are dealt with in this chapter. Chapter 4
contains the discussion regarding the analysis of multispectral texture. Chapter
5 contains the experiments, results and their evaluation. Summary and conclu-
sions are included in Chapter 6 which also proposes some directions along which

future research efforts can be concentrated.



CHAPTER 2

OBJECT DETECTION IN AERIAL IMAGES: A

REVIEW

In this chapter some of the approaches adopted in the analysis of aerial
images are discussed. This is followed by a brief look at the various texture
analysis techniques.

It is interesting to note that inspite of the extensive research in the field, a
unique definition for “ TEXTURE ” still escapes the minds of the researchers.
Texture can, in general, be considered as a structure composed of a large number

of ordered elements offering a global unitary impression to the observer {3].

2.1 Detection of Objects in Aerial Images

Development of a vision system for the analysis of aerial scenes is a complex
task. Basically the properties of the objects are exploited in order to arrive at
the “ object vs. background ” discrimination. Some of the properties taken into
consideration are spectral, spatial and topographic.

This study is basically directed in the direction of the research performed by

Trivedi et al. [1]. They performed unique object detection task in high resolution



aerial images. Object detection methodologies should possess the following fea-
tures: they should be insensitive to the backgrounds on which the objects might
appear, the orientation of an object should not affect its detectability, as far as
possible, the techniques should use a unified set of operators to analyze vari-
ous levels of details. The technique proposed by them incorporated the above
requirements. GLC based operators were used to extract relevant image proper-
ties. The results underlined the importance of such operators in the analysis of
high resolution aerial images. The operators used are early vision operators and
thus did not require any semantic knowledge about the scene. The technique
discussed required a training phase wherein the classifier was trained with a set
of training samples and then tested with a set of test samples. Jackknife testing
procedure was employed.

Another study performed by Trivedi et al. [4] illustrated the importance of
GLC based operators in the task of object detection. Here again the classifier
needed to be trained before it could be tested. Forward sequential search based
measurement selection strategy was employed to select the best set of measures
and the classifier was tested using those measures. Various experiments were per-
formed. Objects appearing on a single background with arbitrary orientations as
well as those appearing on a variety of backgrounds with arbitrary orientations
were successfully detected. A series of decision modules were required to detect
objects irrespective of their orientations.

In this study an attempt is being made to develop extensions to the above

~1



two studies with emphasis on reducing the training phase or supervision. This
is required when the availability of training samples is scarce, which is indeed
the situation in real life cases. Following are some of the attempts made by the
researchers to overcome the training phase requirements in the analysis of aerial
images.

Trivedi et al. [5] used spectral and spatial domain information to detect ob-
jects in high resolution multispectral aerial images. A hierarchical approach was
used where object detection was accomplished by eliminating competing back-
ground regions based upon various spectral and spatial properties, in a step-wise
manner. The processing steps consisted of noise suppression and enhancement
of object like rggions, followed by spectral information processing where the ob-
ject like regions were identified based upon their spectral response. This was
followed by spatial attribute matching, where the size, shape, and other spatial
domain attributes were utilized to retain the most probable object regions for
further processing. The last step — intensity profile matching — was inspired
by the success GLCs had encountered. The intensity profiles of the object like
regions were reconstructed using a fourth order polynomial. The analysis of
the geometric shape represented by the polynomial is mathematically developed
in reference [6]. The investigation of intensity profiles, finally, completed the
discrimination task.

An approach similar to [5] was employed by Trivedi and Chen [7] to per-

form object detection by step-wise analysis of spatial, spectral, and topographic



features. As the spectral information processing step, segmentation of a single
channel image (using threshold) was performed and then the data from the re-
maining channels was analyzed using cluster analysis. Details of the threshold
selection procedure that utilized a priori knowledge of object attributes can be
found in reference [7]. A procedure to find the direction of the principal axis was
also discussed. This is needed to determine the orientation of the region in the
image in order to be able to calculate the spatial domain features like length,
width etc.

From the above studies it can be seen that unsupervised techniques have been
successfully used in the analysis of aerial images. In this study the unsupervised
technqiue is experimented with in the domain of the GLC’s. This kind of study
is yet to be reported in literature where the measures generated from the GLC

matrices are used to perform unsupervised classification of the samples.

2.2 Texture Analysis Based Object Detection

Several texture analysis approaches are presently being used. These can be

broadly classified into two categories :
1. Statistical.
2. Structural.

Dewaele et al. [8] performed texture inspection with self-adaptive convolution

filters. The size of the “sparse” convolution mask was determined by estimating



the period in horizontal and vertical directions. A max-min measure for image
texture analysis was described by Mitchell et al. [9]. This method essentially, was
the determination of the number of local gray level maxima and minima along a
one-dimensional scan direction. Syntactic and Structural approaches have been
the mainstay of many a research efforts. Chong [10] performed a structural
analysis of periodic and almost periodic textures. The approach consisted of
determining periodicity using the inertia measure and from the inertia spectrum
deriving two unit vectors that define the shape, size, and orientation of a period
parallelogram unit pattern of the texture. Further, methods gauging uniformity
and proximity, for detecting edges, and detecting corners were also presented.
A complete discussion of the various texture analysis techniques can be found in
reference [3]. Texture operators have been used widely in the analysis of aerial
scenes [1,4,11,12].

The gray level co-occurrence (GLC) matrix and the measures derived from
them have been used for a wide variety of applications. Carpet wear assess-
ment [13], analysis of multi-resolution images [14], and object detection in aerial
images [1,4,11,12] are some of the popular applications.

A GLC based package useful for object detection and image segmentation
is developed as a first step in this research. The choice of this technique is un-
derlined by the success it has encountered when applied to a host of real life
problems. A comparison study performed by Weszka et al. [15] and Conners

et al. [16] showed that the gray level co-occurrence method is more powerful
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than some of the other texture analysis techniques. As will be seen, the GLC
matrix is a second order probability distribution (distribution of the gray lev-
els). Julesz has pointed out the sensitivity of human beings to the second order
statistics, which favors the use of GLC matrices. Periodicity detection has been .
accomplished using the measures derived from the GLC matrices. Conners and
Harlow [17] have shown that the inertia measure can be used to characterize the
placement rules and the unit pattern of periodic texture. Conners et al. [11]
have presented strong evidence to conclude that no known example of a visually
distinct texture pair exists which cannot be discriminated by the co-occurrence
matrices. Thus, GLC matrices present a strong case for their utilization.

The various texture analysis techniques discussed so far have dealt with sin-
gle channel images rather than multi channel or color images. Rosenfeld et al.[2]
discussed the extension of two techniques to multispectral images. The compu-
tational difficulty and the expensive memory storage requirements prevented the
use of the GLC method for multispectral images. Instead, the distribution of ab-
solute differences of pairs of gray levels was utilized by them. They demonstrated
that multispectral features yield better separations between texture classes than
single-band features. The experiments were conducted on two-band data sets.

In the next chapter, the GLC matrix and the measures used for object de-
tection and image segmentation are introduced. The implementation details of

various algorithms used in the texture analysis based object detection task are

also discussed.
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CHAPTER 3

OBJECT DETECTION BY TEXTURE ANALYSIS IN

SINGLE CHANNEL IMAGERY

The GLC matrix and the first and second order measures used in the process
of object detection are introduced. Various algorithms that play a major role in
the task of object detection and image segmentation are then discussed in this
chapter. The concepts are discussed with single channel images in mind and can

be extended to multi-channel images without much modification.
3.1 GLC Matrix and Measures

A GLC matrix S(6,T) = [s(¢,7,6,T)] is a matrix of estimated second order
probabilities in which each element s(i, j, 8, T') is the estimated probability of go-
ing from gray level 1 to gray level j, given the displacement vector 6 = (Ax, Ay)
and T, the re‘gion size and shape used to estimate the probabilities. It is con-
venient to consider § = (Az,Ay) not in a cartesian form but rather in a polar
form 6§ = (d, §) where d = maz(Az, Ay) and § = arctan(Az, Ay). In this form d

is called the intersample spacing distance and 8 is called the angular orientation



[1,4,11]. Computationally, S(é,T) is calculated as :

Olz|z,z + 6ea(T), g(z) =i, g(z + §) = J]
N

$(i,7,6,T) =

where O denotes the order of the set 2.e the number of elements;

N = Ofz|z,z + 6€T

o is a function called isometry transformation; and g(z) is the picture function
1,4,12].

Haralick et al. [18] defined a set of measures to extract useful textual infor-
mation from the GLC matrix. It was reported by Conners et al. [16] that these
measures did not contain all the important texture-context information and thus
two new measures surfaced as a result of extensive research. The méasures used
in this research effort were inertia, energy. entropy, local homogeneity, cluster
shade and cluster prominence. These measures have proven to be very powerful

in the process of object detection [1,4,11]. They are defined as follows,

1. Inertia:
L-1L-1
I(é’ T) = (Z _j)zs(i’jvav T)v
=0 ;=0
2. Energy:
L-1L-1 .
E@6,T)=3 S (s(i,5,6,T)),
i=0 j=0
3. Entropy:
L-1L-1
H(67T)= - 3(i7j763T)10g3(2.5j’63T)7
=0 7=0



4. Local Homogeneity:

L-1L-1 1
L(6,T) = - s(1,7,6,T),
(1) 1=OJ=01+(2—])2( )
5. Cluster Shade:
' L-1L-
6 T) Z Z(l+] — Hz — iuy)3's(iaj36’T)v
=0 3=0
6. Cluster Prominence:
L-1 L-1
l +J = pzr — /"y)45(i1j76* T)’
=0 j=0
where,
L-1 L-1
Hy = Z l Z S(iajaévT)a
=0 ;=0
L-1L-1
=3 js(i,5,6T),
=0 j=0

and L is the number of gray levels in the processed image [1,11].
In addition to the second order measures described above, two first order

measures were also considered [19],

1. Mean:

2. Variance:
_ J ’
v = N E T, — mym;

These measures, for different combinations of d and 8, formed the data set for

our study.
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3.2 Algorithms for Object Detection and Image Segmentation

First, the overall sequence of processing is discussed following which the
details of each of the processing steps are presented. The image is first sub-
jected to the process of equal probability quantization. This is done to remove
the effects of brightness and contrast variations that might otherwise dominate
the measured feature values. A reduction in the number of gray levels is also
achieved effectively using this technique. Once this is done, the first and the
second order measures are generated from the equal probability quantized im-
age for all values of §, and for each sample. From large measurement sets, as
the ones encountered here, a smaller set of measures needs to be selected that
yields a minimum probability of error. The technique adopted in this study is
the forward sequential search based measurement selection. A statistical clas-
sifier 1.e Mahalanobis distance classifier is utilized to classify the samples using
the measures presented by the measurement selection algorithm. The forward
sequential search algorithm along with the Mahalanobis distance classifier forms
the supervised classification technique where the classifier is first trained with
a set of samples and then tested. In real life cases, the availability of training
samples is quite limited and thus the supervised classification scheme is not ap-
plicable. This drawback underlines the need for an unsupervised classification
scheme. Cluster analysis is the technique adopted here. Specifically, \'-means

algorithm is used which is an approach based on the optimization of an objective



function and thus provides a well-defined approach to cluster analysis.

3.3 Equal Probability Quantization

Equal probability quantization has been a preprocessing step in image pro-
cessing problems for a long time. Its importance in texture analysis has been
repeatedly stressed [2,4,15,20]. Conners and Harlow [20,21] have shown through
a series of experiments that this process has two basic properties which makes

it an important step in texture analysis tasks.

1. It can be used to “normalize” the image contrast.

2. It provides an optimal way to reduce the number of gray levels in the

image and yet retain an accurate representation of the image.

They state that equal probability quantization successfully removes effects of
contrast variations caused by the differences in the scanning parameters, on the
texture measures computed from the gray level co-occurrence (GLC) matrices.
This is extremely necessary in real life cases. Texture measures computed from
an image acquired under different scanning parameter settings should essentially
be the same and not be a function of the scanning parameters. Contrast sensi-
tivity of many texture analysis algorithms led Haralick et al. 18] to introduce
the concept of equal probability quantization, which is referred to in literature
as “Histogram flattening”. The algorithm employed in this study is the one

developed by Conners et al. [21] which differs slightly from the one proposed by

16



Haralick [18] in the initializing step.

A reduction in the number of gray levels is required in many image analysis
applications. One approach to this is to linearly redistribute the gray levels in
the image such that they are equally spaced. This leads to some gray levels
being used to the fullest extent while others being under utilized. Equal proba-
bility quantization guarantees that all the gray levels, in the desired range, have
an equal probability of occurrence and thus no gray levels are under utilized.
Measures computed from linearly reduced images vary significantly with changes
in the scanning parameters which is not the case with the images reduced by
equal probability quantization. Conners and Harlow [21] performed a large set
of experiments before concluding the above statement. Equal probability quan-
tization serves as a preprocessing step for other texture analysis algorithms like
gray level run method and gray level difference method. A detail development

of this algorithm can be found in reference [21].
3.4 Supervised Classification Strategy

The forward sequential search based measurement selection str\ategy and the
statistical classifier -~ Mahalanobis distance classifier, are the elements of the
supervised classification scheme. As indicated earlier, this process requires a set
of labelled samples to train the classifier which is then tested with the set of test

samples. The measures to be used for classification are provided by the forward



sequential search algorithm which is the measurement selection strategy and the

classification is performed by the Mahalanobis distance classifier. This scheme
is based on the assumption that the measurement vectors computed from the
regions containing the objects, form a compact cluster defined by the normal
density function, N(u,X), while the vectors computed from the background
regions lie away from this cluster. The measurement selection strategy assures
that such is indeed the case. This technique has been a mainstay of many a
research efforts {1,4,11]. The Mahalanobis distance classifier and the forward

sequential search based measurement selection strategy are discussed next.

3.4.1 Mahalanobis Distance Classifier

Given the normality assumption, it becomes clear that for a sample to belong
to a class it should be at a distance less than a certain threshold, from the
distribution of the class. Mahalanobis distance between a measurement vector

X and g, the mean of the object class is computed as

(X -p)'S™HX - p),

where ¥ is the covariance matrix.

This is a variation of Chi-squared test and has been developed in reference
[4]. Given a normality assumption a Chi-squared procedure can be used to
determine whether the n—dimensional vector X is a member of N (g, ¥) with «

degree of certainty. In particular, the Ho hypothesis is considered true if

X-pIs X -p<T=X2,
I3 K a,

=23
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where X?2 , is 100a percentage point of the Chi-squared distribution, oth-
erwise accept H;. The left hand side of the above equation is the squared
Mahalanobis distance, which in a way indicates the membership of a sample to
a given class. This distance, if large, is indicative of the fact that the sample
does not belong to the object class. To define “large”, a threshold needs to bé
robustly selected. The Mahalanobis distances of all the samples is compared

with a threshold T and a sample is assigned to the object class, if its distance

is less than T, else it is assigned to the background class.

3.4.2 Forward Sequential Search Based Measurement Selection

Strategy

The second and the first order measures together form the complete set of mea-
sures. Obviously one is dealing with a large set of measures and thus it becornes
critical to have a robust technique that will select the best set of measures from
all the available measures. A measurement selection procedure based on the
forward sequential search is discussed, the development of which can be found
in reference [4]. The “best” set of measures means, the set that provides the
best performance i.¢ the smallest emperically evaluated probability of error.
The probability of error (POE) is computed by taking into account the misses
(targets called backgrounds ) and the false-alarms (backgrounds called targets).

Computationally, the probability of error is computed as

number of misses + number of false-alarms

POE =

total number of samples
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The measurement selection process also yields an optimal threshold which
can be used in the process of object detection. The forward sequential search
algorithm is discussed below.

Let m be the number of measures available. The problem is to select n
measures out of the m available measures (n << m), such that these measures
provide the smallest probability of error. This procedure utilizes the Maha-
lanobis distance classifier. This classifier performs the classification by compar-
ing the Mahalanobis distances of each sample with a threshold and assigning
the samples to the appropriate classes.

The algorithm can be considered as a two step process. Let X =
{X1,X,,...,X\n} be the set of available measures.

Step 1: Selection of the first measure;

Let z =1.

1. Select X" measure of the set.

[SV]

. Design the Mahalanobis distance classifier.

3. Test this classifier with the test data, i.e compare the Mahalanobis dis-
tances of all the samples with a threshold T and assign a sample to the
object class if its Mahalanobis distance is less than T, else assign it to the
background class. This is done for a set of values of T' and the thresh-
old that yields the minimum probability of error is notcd as the optimal

threshold.



4. Note (POE)y,.
5. Set i =1+ 1, go back to 1if : < m.

Finally, determine j such that (POE)y, is the smallest.

Step 2: Selection of a 2 — d measurement set;
1. Select (X, X;) such that X; = X, if X; # X,,.
2. Design 2 — d Mahalanobis distance classifier.
3. Test this classifier with the test data and note the (POE)x,x;.
4. Set 1 =141, go back to 1if : < m.

Finally, determine k such that (POE)y,x, is the smallest.
Similar technique is adopted for a measurement set with n > 2. This algo-

rithm terminates when any of the following criteria are satisfied.

1. If the prescribed number (n) of measures are selected.

o

If n = m, 1.e all the measures are selected.

3. If (POE)i41 2 (POE), i.e augmenting another measure to the set of

measures at the k" iteration deteriorates the performance of the classifier.

As is obvious, the algorithm involves a training phase wherein the classifier
is trained i.e u, X, and T are estimated, and then asked to do the classifica-
tion. Minimization of supervision in the object detection task is the issue being

considered and the motivation to have such a technique is discussed next.



3.5 Unsupervised Classification Strategy

In this section the motivation to perform cluster analysis is first highlighted

and then the clustering algorithm adopted here is discussed.

3.5.1 Motivation to Perform Cluster Analysis

The measurement selection strategy and the classifier discussed above required
the availability of training samples for the design of the classifier. Such a proce-
dure where training samples are employed is said to be supervised. The need for
an unsupervised procedure arises from the fact that availability of training sam-
ples is quite limited in real life cases and the collection and labelling of samples
can be costly and time consuming. Consider the example of missiles, which are
extremely costly to be used for training a classifier. In such cases the supervised
technique falls short of its expectations and the unsupervised technique comes
to the rescue. The studies performed in [1,4,11] use the supervised technique
and as such the question of getting around this phase arises. Cluster analysis is
the approach adopted in this study. Clustering the data set into subgroups or
clusters offers a logical means for unsupervised classification in R¢. A number
of clustering techniques exist today and have become to be among the more
useful tools for pattern recognition tasks. Trivedi et al. [22] performed segmen-
tation of aerial images using fuzzy clustering concepts. A detailed discussion of

unsupervised classification can be found in reference [23].
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3.5.2 K-means Cluster Analysis Algorithm

Suppose N = {X;,X;,...,X,} is a set of n samples to be clustered in ¢ clus-
ters. Many simple intuitive procedures exist [19] which can do the needful.
A more well defined approach is to define a criterion (objective) function that
measures the goodness of the partition in uantitative terms. The problem then
becomes one of determining the partition that optimizes the criterion function.
The objective function selected for this study is a measure of error incurred by
representing individual pattern vectors by the prototype associated with them.

Mathematically,
N
Ji= ) Xk - Vil
k=1

where X is a sample belonging to class . V; is the prototype of class ¢. It can

be shown that the cluster center which minimizes this objective function is the
sample mean
N
K = N‘ Z £k g.
The algorithm that utilizes this idea is the IX-means algorithm. Studies have

indicated that the K-means algorithm is in practice quite feasible in analyzing

aerial images. The algorithm can be stated as follows [24].
1. Choose I{ initial clusters.

2. At the k** iteration step distribute the samples among the I\” clusters using

the 1-Nearest Prototype rule viz.



XeS;(K) if

1X - V(K| < ||IX - X(K)|
Vi # j. Ties resolved arbitrarily.

3. Compute the cluster centers of the clusters thus formed.
- 1 -
V(E+)=1+ ¥ X
i xes,(K)

where j =1,2,..., K. N; is the number of samples belonging to class j.

4. If |V;(IX + 1) ~ V;(K)|| < € then terminate

else go to step 2.

As can be anticipated, application of this algorithm to practical cases requires
experimenting with different values of I{ and different starting strategies.

The clusters formed are usually represented as membership matrices. Let
V.n be the set of real (¢ x n) matrices where c is the number of classes and n is
the number of samples. Then the membership matrix is defined as

n c
M, = {UeV,, | Uire{0,1}Vi, k; Z Uik > OVi,ZUik = 1Vk}
k=1 i=1
which indicates that a sample can belong to one class only and a class can have
more than one sample and in fact no class can be without a sample.

In summary, the supervised technique which involves the forward sequential

search and the Mahalanobis distance classifier, and the unsupervised technique

involving the K-means clustering algorithm to which the measures are input by




the user, offer two alternate ways of analyzing images for the task of object

detection.



CHAPTER 4

TEXTURE ANALYSIS IN MULTISPECTRAL

IMAGES

The texture analysis techniques discussed so far have been and are being
used on single channel images. Texture measures computed from the samples
belonging to one class form a compact cluster far away from the one formed by
the samples of another class, thus aiding in the task of object discrimination.
The question that immediately comes to the mind is how can this technique be
utilized in case of multispectral images? This is the issue being addressed here.

Satellite and airborne multispectral scanners provide images of the same
area of the Earth’s surface as seen through different spectral bands [24]. The
number of bands vary usually form four, as in LANDSAT images [22] to 20 or
more for many aircraft borne scanners [24]. Various objects appear different in
different channels, those darker in one channel might appear brighter in some
other channel and so on. The image used in this study was a three channel
image incorporating the visible, thermal infra-red, and near infra-red bands. It
is definitely a matter worth pondering about as to how the object detection
task can be accomplished using textures in such cases. Color images have three

separate components - red, blue, and green. Texture analysis of such images



also needs to be investigated.
In this chapter the concept of multispectral texture is discussed first. This is
followed by a discussion of the approach adopted by Rosenfeld et al.[2]. Finally,

an alternate approach is suggested to perform texture analysis in multispectral

images.
4.1 Multispectral Texture

One reason for the relatively less work done in this field is the difficulty as-
sociated with acquiring multispectral images. Multispectral scanners are very
expensive and as such its use has been typEcally in certain military and environ-
mental monitoring studies.

With very little help from the literature, it is difficult to visualize, conceptu-
ally the meaning of multispectral texture. In single channel imagery texture is
fairly well understood, but in multispectral images, the texture present in all the
channels has to be collectively addressed. In this thesis, multispectral texture is
discussed from the computational stand point. The technique adopted by Rosen-
feld et al.[2] is an attempt to infer certain qualitative observations that could
not be arrived at by analyzing the different bands separately. This approach is
disussed next.

Rosenfeld et al. [2] discussed the extension of two techniques presently being

used for single channel images. They are:

[(SV]
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1. Gray Level Difference Method, and
2. Gray Level Co-occurrence (GLC) Method.

These techniques as applied to multispectral texture analysis are discussed be-

low.

4.1.1 Multispectral Texture Analysis using Gray Level Difference

Method

It has been shown that the gray level difference method performs as well as
the GLC method for some texture classification tasks [15]. In the case of single
channel images the gray level difference distribution is represented as a difference
histogram. It is a vector with dimensionality n, where n is the number of gray

levels in the image,

(a,b,cy...)n,

and the k** element indicates the number of pairs of pixels, for a given §, that
have a gray level difference (absolute) k.

The above computation can be illustrated with a simple example. A 4 x 4
digital image having three gray levels is shown in Fig. 4.1.

The difference histogram for 6 = (1,0) is (4,6,2). It is interesting to note
that the difference histogram can be obtained from the corresponding gray level

co-occurrence matrix too. The GLC matrix for the image shown in Fig. 4.1, for



11112(0
211122
01011

Figure 4.1: A 4 x 4 digital image having three gray levels (channel 1).

6 =1(1,0) is
1 20
1
12 0 23
211

Summing the elements along the main diagonal yields the number of pairs
of pixels differing in their gray levels by zero, which is the first entry in the
difference histogram. By adding the elements along lines parallel to the main
diagonal we obtain a signed difference histogram and not an absolute difference
histogram. To obtain an absolute difference histogram the matrix needs to be
made symmetric by adding pairs of elements symmetric with respect to the main
diagonal and then summing the elements parallel to the main diagonal in the
upper triangle alone gives the absolute difference histogram. The upper triangle

is depicted below,

1 2 2
2 4
1



The normalizing factor that is present in the GLC matrix is not considered while.

computing the difference histogram from the GLC matrix.
Several measures can be computed from the difference histograms which can
be used in the task of object detection. The measures used in this study are

defined as follows [15],

1. Contrast:

L-1
CON = *ps(7),

1=0
2. Angular second moment:
L-1
ASM = Y psli)?,
i=0
3. Entropy:
L-1
ENT = — Z ps(1) log ps(2),
—
4. Mean:

1 L-1
Mean = T >~ ps(a),

i=0

5. Inverse difference moment:

L-1 :
ps(2)
IDM =
=D

where ps(i) is a member of the difference histogram indicating the number of
pairs of pixels have an absolute difference : for a given ¢, and L is the number
of gray levels in the image. The measures, as is evident, are analogous to those

defined on the GLC matrix.
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Rosenfeld et al. [2] extended this technique to two band images. Here the
gray level difference distribution indicates how often a pair (difference in band
1, difference in band 2) occurs for a given §. This can be better understood with
the help of an example. Let Fig. 4.1 depict channel 1 and let Fig. 4.2 represent

channel 2.

2127012
0(0(2]1
110111
210102

Figure 4.2: A 4 x 4 digital image having three gray levels (channel 2).

Thus, the two channel difference histogram for § = (1,0) is

(0,0) =2 (0,1) =0 (0,2) =2
(1,0) =2 (1,1) =2 (1,2) =2
(2,0) =0 (2,1) =1 (2,2) =1

The entry (0,0) = 2 indicates that ther are two pairs of pixels that have the
absolute difference vector (0,0) i.e difference is 0 in the first channel as well as
the second channel. As can be noted, it is a 2-dimensional n X n array, where
n is the number of gray levels. The size of the difference histogram varies with

the number of gray levels (n) and the number of bands (b) as n® [2].
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From the difference histogram several measures can be computed which can
be used for the task of texture classification. Some of the measures are defined

as follows :

1. Angular Second Moment (ASM):

L-1L-1
ASM =) Y e,
1=0 j=0
2. Contrast (CON):
L-1L-1
CON =33 ei;(i —j)?,
1=0 j=0
3. Inverse Difference Moment (IDM):
L-1L-1

e
IDM = —
gajz:;) 1+ (=)

where e;; is an element of the difference histogram having gray level difference ¢
in the first band and j in the second and L is the number of gray levels in the

image.

4.1.2 Multispectral Texture Analysis Using the GLC Method

The GLC method for single channel images has been discussed in the earlier
chapters. This concept can be generalized to any number of channels, but as will
be observed, the computational complexity increases as the number of channels
and the number of gray levels increase.

A GLC matrix, in case of a single channel image, indicates how often a

particular pair of gray levels occurs in an image for a given é. Its extension to

two channels is best understood from the following illustration.




Let us consider the same images as before i.e, Fig. 4.1 and Fig. 4.2. For

§ = (1,0), the GLC matrix for channel 1 is

1 20
1
1 0 23
211

The GLC matrix for channel 2 is

21 3
1
D) 110
211

For a two band image, the array will be 4-dimensional whose (1,12, i3, 14)%"
element is the number of pixel pairs having gray levels (7;,72) in the first band
and the pair (3,14) in the second band, for a given é. This array, therefore, has
81 elements. As the number of gray levels increase, the number of elements in
the array increase underlining the need for expensive storage space. The size

of the array grows with an increase in the number of gray levels (n) and the

number of channels (b) as n? [2].

4.1.3 Extension to Three or More Channels

The GLC method can become very tedious as the number of channels increase.
To illustrate this, consider the two previous images as two channels of an image

and let Fig. 4.3 be the third channel of the image.
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2721110
2101112
110120

Figure 4.3: A 4 x 4 digital image having three gray levels (channel 3).

For é = (1,0) the GLC matrix for channel 3 is

021

L.

5202
311

The three-band analog of the co-occurrence matrix is 6-dimensional and the
number of elements 3%, i.e 729. Now, if the number of gray levels increase, the
storage requirements rise drastically making this technique inefficient for three
or more channels.

The gray level difference method is somewhat more manageable. The dif-
ference histogram for the image in Fig. 4.3 is (1,7,4) for 6 = (1,0). The three

channel difference histogram is

(0,0,0) =1
(0,0,1) =1
(0,0,2) =0
(0,1,0) =0
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(0,1,1) =0

and so on. The array is thus, 3-dimensional and the number of elements 3> =
27. This technique, though more practical than the GLC method, encounters

difficulties when the number of gray levels in the image is large.
4.2 Simple Extensions for Texture Analysis in Multispectral Images

The two techniques discussed, pose several problems when dealing with real
life cases where the number of gray levels in the image is much greater than
three. In this study the number of gray levels was reduced from 256 to 16 for
all the channels of the multichannel image. The number of elements in the
difference histogram array would then be, 16° for the GLD method and 16°
for the GLC method. A look at these numbers and the need for an alternate
practical technique is obvious.

The problem, to which a solution is being sought is that of object detection
using texture analysis. Rosenfeld et al. (2| attempted to address the issue of
multispectral texture — where texture in all the channels need to be collectively
considered. The methods they proposed become impractical when images having
greater than two channels are being considered. The number of gray levels in
the image also influences the size of the difference histogram array. With these
shortcomings in view, alternative techniques need to be thought of to solve the

mentioned problem.
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The different channels of the image can be treated independently and the
measures generated from them. Now, each of these channels have their textural
characteristics embedded in the measures generated. All these measures can be
considered as a single set of measures and used for the task of object detection.
Objects appear different in different channels and as such those not easily iden-
tifible in one channel might, in fact, be so in some other channel. This feature
can be made use of by utilizing measures from all the channels. Classification
techniques may not yield perfect classification using the measures for individual
channels, but for some combination of measures from all the channels, a perfect
classification can result. The classification techniques have a larger set of mea-
sures to choose from as compared to the measures of a single channel only. It
should be noted that this is not multispectral texture analysis but is the texture
analysis in multispectral images. This is an attempt where an approximation to
the multispectral texture analysis is sought. The idea of using as much informa-
tion as possible from the available sources and the need for a computationally
practical technique form the basis of this approach. Two specific approaches

based on this technique are described below.

4.2.1 GLC Based Technique for Texture Analysis in Multispectral

Images

Each channel is treated as though it is an independent image, i.e the GLC ma-

trices and the texture measures are generated for each channel of the image
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separately. The measures from the three channels are appended for each of
the samples. All these measures are then fed to the forward sequential search
algorithm which comes up with the best set of features to be used for classi-
fication. This larger domain of measures gives the forward sequential search
algorithm more number of measures to choose from. This set of measures is also
experimented with in the unsupervised classification domain. This technique
is compared with the individual analysisA of the channels and the results are

illustrated in chapter five which deals with the results.

4.2.2 GLD Based Technique for Texture Analysis in Multispectral

Images

The same procedure described above is followed. The difference histograms are
generated from the channels independently, the measures computed, appended
and the entire set of measures is forwarded to the forward sequential search
algorithm. Unsupervised technique is also studied using these measures.
Finally, a comparison of the two techniques is performed and the results are
tabulated in the next chapter which deals with the experiments performed and

the results.
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CHAPTER 5

OBJECT DETECTION IN HIGH RESOLUTION

AERIAL IMAGES: EXPERIMENTAL EVALUATION

In the previous two chapters, object detection approaches for single and
multi-channel images were described and developed. In this chapter, the exper-
imental studies undertaken are described. It is important that the techniques
proposed in theory be feasible in practice and as such the approaches discussed
so far are verified on real images. Experiments performed on single channel
images are discussed first. Following these, the experiments performed on mul-
tichannel images are presented. A comparative evaluation of the techniques is

included wherever appropriate.

5.1 Experiments With Single Channel Imagery

Two sets of experiments were performed in this category. The first image an-
alyzed was a high resolution multichannel urban scene image. Since an attempt
was being made to study the supervised statistical classification and the cluster
analysis based (unsupervised) classification techniques as applied to single chan-

nel imagery, the different channels were considered as subimages and dealt with

38



independently. This image was acquired by a multispectral scanner that could
scan in 13 different spectral bands at a time. The three channels used here were
- visible, thermal infra-red, and near infra-red. This image provided a variety
of classes from which the samples could be chosen. This image was 512 x 512 in

size. The following samples were chosen from the image,

(a) Carports 12
(b) Houses 10
(c) Vegetation 9
(d) Roads 8

(e) Street with Car 5

(f) Dry Land 3

(g) Courts 2
a total of 49 samples belonging to 7 different classes. The test images in the 3
channels are depicted in Figs. 5.1, 5.2, and 5.3, respectively.

The second image was a high resolution thermal infra-red channel image,
512 x 512 in size. In this case only two classes: objects and background were
considered. The sequence of operations performed on these images is described
below.

The image to be analyzed was first studied carefully. Various samples be-
longing to different classes were selected. A good guess on the grid size was
made after inspecting the sizes of the selected samples belonging to the object

class. The shape, size, and orientation of the objects helped in selecting the
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Figure 5.1: Channel 1 of the image — Visible range.
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Figure 5.2: Channel 2 of the image — Thermal infra-red range.
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Figure 5.3: Channel 3 of the image — Near infra-red range.

42



different intersample spacing distances (d) and the angular orientations (§). Af-
ter this step the entire image was subjected to the process of equal probability
quantization (EPQ). As discussed earlier in chapter three, this is done to remove
the effects of contrast and brightness variations in the image which might oth-
erwise affect the measures extracted. The first order measures were computed
from the quantized image. The GLC matrices were then extracted from the
quantized image which acted as the input to the second order texture measure
generation routine. For every combination of d and 6, six second order measures

were generated. The measures were arranged as follows.

1. di, 6, : inertia, energy, entropy, local homogeneity, cluster shade, and clus-

ter prominence.

. da,0; : same order of measures as above.

SV

3. dy, 6, : same order of measures as above.
4. dy, 8, : same order of measures as above and so on.

This set of second order measures along with the first order measures formed
the complete measurement set for the forward sequential search to operate upon.
The forward sequential search and the Mahalanobis distance classifier formed the
super&ised part of the experiments. K-means was the unsupervised counterpart.
A flow chart is shown on page 104 which illustrates the basic steps adopted in

performing the experiments.
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5.1.1 Experiments Performed on a High Resolution Multispectral

Urban Scene Image

The image used for this part of the study was a multichannel image. The

channels were analyzed individually and the results are discussed below.

Experiments Using Visible Channel Imagery

As indicated earlier 49 samples belonging to seven different classes were chosen.
A 15x 16 rectangular grid was chosen after studying the selected samples closely.
Previous studies have indicated that typically the greater the number of values
of §, the better the discriminating power [1,4,11,15]. Practically speaking, these
values should be limited and since no theoretical basis exists for the selection
of 6, heuristics were exﬁployed. Earlier fesearch efforts (3] have reported that in
practice small values of intersample spacing distance (d) yield the best results.
With these considerations in mind, the intersample spacing distances chosen
were 1 and 3. Orientation of the streets and other objects accompanied by some
heuristics compelled the angular orientations (4) to be 339°,79°, and 25°. Thus,

six values of 6 were chosen for this study,

1. & = (1,339°),
2. 6, = (3,339°),
3. 65 = (1,79°),
4. 8, = (3,79°),
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5. 65 = (1,25°),

6. 66 = (3,25°).

After the selection of the samples, grid size, d’é, and @’s the image was
equal probability quantized (EPQ). The number of gray levels were reduced
from 256 to 16. From the quantized image, the first order measures viz. mean
and variance were computed for each of the 49 samples. The GLC matrices
(16 x 16 in size) and the second order texture measures were computed from
the quantized image for all the samples for each value of §. The total number
of measures under consideration was 36, since si?< measures were computed for
six values of §. These along with the first order measures formed a set of 38
measures for each of the 49 samples.

These measures were then subjected to the supervised and the unsupervised
classification techniques. The experiments performed with the supervised sta-
tistical technique are described first.

The classification scheme was such that the classifier placed the samples
into two categories — targets and background. Each time the algorithm was
informed of the targets of interest and it did the rest viz. designing the classifier,
testing it, selecting an optimal threshold, and computing the probability of error.
Resubstitution method was the testing procedure employed. The classifier was
designed (trained) with all the samples belonging to the target class and then

tested with the complete set of samples.

45



Carports were the first targets considered. The forward sequential search

algorithm picked up the following two measures.
1. Inertia (d = 1,0 = 79°).
2. Energy (d = 3,8 = 339°).

The classifier yielded a perfect classification, POE = 0.0. All the targets were
correctly classified and no backgrounds were incorrectly assigned to the target
class.

The next class of targets under scrutiny were the Houses. The following mea-
sures selected by the forward sequential search algorithm forced the statistical

classifier to yield a correct classification.

1. Mean.

[SV]

. Cluster Prominence (d = 1,6 = 339°).
3. Local Homogeneity (d = 1,6 = 339°).
4. Entropy (d = 1,8 = 79°).

Vegetative areas were the next considered targets. The forward sequential
search algorithm came up with the following set of measures that resulted in an

error-free classification.

1. Mean.

2. Inertia (d = 1,6 = 339°).
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The next targets of interest were the Roads. The statistical classifier isolated
the roads correctly utilizing the following measures which the forward sequential

search algorithm had selected.

1. Local Homogeneity (d = 1,6 = 339°).

3]

. Mean.

[I+]

. Energy (d = 1,8 = 339°).
4. Variance.

The Street with car samples were identified by the statistical classifier accu-

rately, without any false alarms using the following 3 measures

1. Inertia (d = 3,6 = 79°).
2. Mean.
3. Energy (d =1,6 = 339°).

Local Homogeneity (d = 1,8 = T79°) was the measure that resulted in a
perfect classification of the Dry land regions.
The statistical classifier used variance as the measure to detect the Courts

in the image under consideration. The results discussed above are summarized

in Table. 5.1.




Table 5.1: Results Obtained Using the Supervised Statistical Classification Tech-

nique (Visible Range).

Classes/ Number of | Verified T Computer Classification

Measures Used Classificn. | Cp | H | Veg | Roads | Swc | D1 | Crts | Accuracy
Carports/2 12 1210 0 0 0|0} O 100%
Houses/4 10 ofwo|o| o |0 ]o| o | 100%
Vegetation/2 9 0|0} 9 0 0 {0 O 100%
Roads/4 8 010 0 8 0 0 0 100%
Street with car/3 5 olo|lo| o | 5|0 0| 100%
Dry land/1 3 ololo| o | o |3] o | 100%
Courts/1 2 0(0] O 0 0 [0]| 2 100%
Total 49 - - - - - - - -
Overall - S N - - - - 100%

The results of the cluster analysis based classification technique are discussed
next.

Carports were again considered first. Studying the measures for all the sam-
ples and inspecting the results obtained with the supervised technique. inertia
(d = 1,0 = 70°) was chosen as the measure. The IX-means clustering algorithm
was asked to cluster the samples into two clusters. A perfect classification re-

sulted. No Carports were lost and no samples belonging to other classes were

48



called targets.

Houses were considered next. The following measures resulted in a classifi-
cation where two targets were lost and two samples belonging to the Dry land

class were called targets, when the number of clusters requested was four.

1. Mean.

2. Inertia (d = 1,6 = 339°).

Mean along with inertia (d = 3,60 = 339°) resulted in a classification where three
Houses were lost with no false alarms when the number of clusters was four.

Vegetation regions were the next set of targets under test. The measures
1. Mean.
2. Inertia (d = 1,6 = 339°),

misclassified one target sample but encountered no false alarms when the number
of clusters requested was seven.

Roads were the targets studied next. Two targets were lost and one Dry
land, two Courts, and two Street with car samples were labelled targets. The

number of clusters were five and the measures were

1. Mean.

[(V)

. Variance.

o

. Entropy (d = 1,0 = 25°).
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4. Energy (d=1,0 = 25°).

This logically, was the best result among the many that were studied. This
is indicated by the fact that Dry land and Street with car were classes not
significantly different from the class under consideration.

Street with car was the next class under test. The following three measures
resulted in the best classification where one target was lost while three Road
samples and two Carports were labelled targets. The number of clusters was

SIX.
1. Inertia (d = 3,6 = 79°).
2. Mean.
3. Energy (d = 1,6 = 339°).

Five clusters were needed with local homogeneity (d = 1,6 = 79°) as the
measure to provide a classification where all the targets (Dry land) were correctly
classified while a House and a Vegetative region sample were picked up as targets.

Perfect classification resulted when Courts were the targets sought. The

number of clusters was seven and the measures were
1. Variance.
2. Energy (d = 1,6 = 339°).

3. Local homogeneity (d = 1,6 = 339°).
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4. Entropy (d = 1,6 = 339°).
5. Inertia (d = 1,8 = 25°).

The clustering algorithm did give rise to some false alarms, but logically
speaking these samples were assigned to the best second choices (in most of the
cases).

Table. 5.2 summarizes the results of the cluster analysis based (unsupervised)

classification technique.

A Comparison of the Supervised and the Unsupervised Techniques

The major difference, besides the results was the fact that the supervised sta-
tistical classifier assigned class labels to the samples and as such in case of a
miss it was easy to see the class to which the target was assigned. In case of the
cluster analysis based classification technique, cluster assignments were made.
In fact the target cluster was the only one that retained its identity. The rest
of the samples were considered background and as such misses could not be
interpreted.

To compare the performance of the two techniques a simple approach was
adopted. Using the measures selected by the supervised technique, the response
of the unsupervised technique was studied and vice-versa. Following are the
results.

To isolate the Carports, the supervised technique picked up two measures

as was indicated in the discussion above. These two measures were then used
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Table 5.2: Results Obtained Using the Unsupervised Technique ( Visible Range).

Classes/ Number Cluster Analysis Results (Clusters)

of Measures Verified

Used Classificn. | Cp | H | Veg | Roads | Swc | D1 | Crts | Accuracy
Carports/1 12 1210] O 0 2 0 0 100%
Houses/2 10 0 (8]0 0 0|1 0 80%
Vegetation/2 9 olo]| 8 0 o |1] o0 88%
Roads/4 8 010} O 6 3 0 0 75%
Street with car/3 5 0 (0| O 2 4 |0 0 80%
Dry land/1 3 0210 1 0 i3 0 100%
Courts/5 2 0 (0}] O 2 0 10 2 100%
Total 49 - -1 - - - - - -
Overall - - - - - - - - 87.8%

for clustering. Perfect clusters resulted when the number of clusters requested
was two. In fact, using inertia alone the clustering technique was able to cor-
rectly cluster the samples. However. when this measure (alone) was fed to the
Mahalanobis distance classifier one target was lost.

Four measures were required by the supervised technique to discriminate
between the Houses and rest of the samples. The unsupervised technique results

were not so good using this set of measures. There were two sets of measures



that yielded better but not perfect results. These sets of measures resulted in
the loss of two targets each time, when fed to the Mahalanobis distance classifier.

Vegetative regions were easily detected using two measures by the supervised
technique. These two measures resulted in the loss of one target sample when
the unsupervised technique tried to cluster the samples into seven clusters. This
in fact was the best result the clustering algorithm could provide.

Four measures were required to isolate the Roads from the other samples by
the supervised technique. The unsupervised technique required a different set
of four measures to yield a decent result. When fed to the Mahalanobis distance
classifier, these measures resulted in the misclassification of three targets and
falsely labelling one carport as a target.

The supervised and the unsupervised classification schemes used the same
set of three measures when attempting to identify the Street with car samples
in the image. The supervised technique yielded a perfect classification while the
unsupervised technique encountered some errors (discussed above).

The supervised statistical classification technique provided a perfect classifi-
cation using local homogenerty (d = 1,6 = 79°) as the measure, while the cluster"
analysis based technique used the same measure to yield its best result — two
false-alarms when Dry land samples were the targets sought.

One measure was required by the supervised scheme to identify the Courts in
the image. This measure resulted in one Vegetative region sample and three Dry

land samples being incorrectly called targets. Five measures were required by
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the unsupervised classification scheme to yield perfect classification for a total of
seven clusters. These measures when fed to the Mahalanobis distance classifier

resulted in a perfect classification.

Experiments Using Thermal Infra-red Channel Imagery

The same initial steps, as those in the previous case were employed. The same
samples were retained and so were the other parameters viz. grid size, d’s, and
6’s. The image was quantized (16 gray levels) and the first order measures were
extracted from it. A set of 36 second order texture measures were then computed
and a series of experiments were performed. The results are discussed below,
first for the supervised statistical classification technique.

Carports were considered first. The forward sequential search picked up
inertia (d = 3,8 = 79°) as the measure which resulted in a perfect classification.

Houses were the next set of targets. The classifier yielded an error free clas-
sification with mean as the measure, which was chosen by the forward sequential
algorithm.

Vegetative regions were perfectly isolated using mean as the measure.

The following three measures were required to isolate the Roads from the

rest of the samples.
1. Local Homogeneity (d = 3,6 = 25°).

2. Mean.
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3. Variance.

The statistical classifier needed three measures to identify the samples be-

longing to the Street with car class. The measures were

1. Cluster prominence (d = 1,6 = 339°).

2. Mean.

3. Energy (d = 1,68 = 339°).

Dry land regions were correctly classified, without any false-alarms using the

following measures that were selected by the forward sequential search algorithm.

1. Cluster shade (d = 1,6 = 339°).

2. Mean.

Mean was the only measure required to detect the Courts in the image. The
results are tabulated in Table. 5.3.

Following are the results obtained from the unsupervised classification tech-
nique.

Carports were correctly isolated using the following measures

1. Mean.

[SV]

. Inertia (d = 3,6 = 79°).

3. Inertia (d = 3,6 = 25°).

()
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Table 5.3: Results Obtained Using the Statistical Classification Technique

(Thermal Infra-red Range).

Classes/ Number of | Verified Computer Classification

Measures Used Classifien. | Cp | H | Veg | Roads | Swe | D1 | Crts | Accuracy
Carports/1 12 12(0] 0 0 010 0 100%
Houses/1 10 0 |10} O 0 0o 0| O 100%
Vegetation/1 9 0{0| 9 0 0 |0 0 100%
Roads/3 8 0 [0} O 8 010 0 100%
Street with car/3 5 0jo0o| O 0 510 0 100%
Dry land/2 3 00| 0 0 0 |3 0 100%
Courts/1 2 0 (0] O 0 0 |0 2 100%
Total 49 -1 - - - - - -
Overall - - - - - - - - 100%

The number of clusters requested was two. These measures were chosen after
experimenting with a lot of measures and different number of clusters.
The following measures provided a classification where only one House (tar-

get) was lost while no false alarms were encountered. The number of clusters

was SiX.

1. Mean.
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2. Local Homogeneity (d = 3,6 = 79°).

With a request of three classes and mean as a measure, all the Vegetative
regions were perfectly classified.
Roads posed some problems before a decent classification resulted. The

number of clusters requested was seven and the measures were
1. Inertia (d = 3,0 = 25°).
2. Local Homogeneity (d = 1,6 = 339°).
3. Mean.

The classification resulted in one target sample being lost. This could be due to
the fact that the class — Street with car — was not drastically different from the
one under consideration and also some of the Dry land samples were reasonably
like the targets sought.

Cluster shade (d = 1,0 = 25°) was the measure that yielded the best classi-
fication for the Street with car samples — loosing one target and labelling three
Vegetative region samples as targets. The number of clusters was six.

One Dry land region was lost while two Houses, one Road and one Street
with car sample was incorrectly assigned to the target (Dry land) cluster. The

number of clusters was seven and the measures were

1. Cluster shade (d = 1,6 = 339°).

2. Local homogeneity (d = 1,6 = 339°).
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Two measures were required to classify the Courts correctly. The number of

clusters was seven and the measures were
1. Mean.
2. Inertia (d = 1.0 = 339°).

The results are tabulated in Table. 5.4.

Table 5.4: Results Obtained Using the Unsupervised Technique (Thermal In-

fra-red Range).

Classes/ Number Cluster Analysis Results (Clusters)

of Measures Verified

Used Classificn. | Cp | H | Veg | Roads | Swe | D1 | Crts | Accuracy
Carports/3 12 1210 0 0 0 (0] O 100%
Houses/2 10 0]9]| 0 0 0|2 0 90%
Vegetation/1 9 0 (0] 9 0 3 (0] o0 100%
Roads/3 8 00| O 7 0 |1 0 87.5%
Street with car/1 5 00| O 0 3 |1 0 60%
Dry Land/2 3 0(0] 0 0 0 {2 0 67%
Courts/2 2 0 (0] O 0 0 [0} 2 100%
Total 49 - - - - - - - -
Overall - - -] - - - - - 89.8%
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A Comparison of the Supervised and the Unsupervised Techniques

As explained earlier for the unsupervised classification scheme, interpretation of
the misses was not possible since only the target cluster retained its identity.
The approach described earlier was adopted for all the experiments to study the
two techniques.

The supervised technique needed one measure to classify the Carports cor-
rectly without any false alarms. This measure resulted in one target being lost
when clustering for two clusters. The unsupervised technique required three
measures to yield a perfect classification. The number of clusters was two. The
Mahalanobis distance classifier was also able to correctly classify the Carports
using the three measures the unsupervised technique had used.

Mean was the measure used by the supervised technique to identify the
Houses in the image. The unsupervised technique missed two Houses when
attempting to cluster the samples into five clusters using mean. Another measure
was required in addition to the mean for the unsupervised technique to yield its
best result viz. the loss of only one target. These two measures resulted in a
perfect classification when utilized by the statistical classifier.

Both the supervised and the unsupervised techniques were successful in iso-
lating the Vegetative regions using mean as the measure. The number of clusters
for the unsupervised technique was three.

Roads were discriminated from rest of the samples by the supervised tech-

nique with the help of three measures. The unsupervised technique required
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a different set of three measures to yield a classification where only one target
was lost. The measures selected by the supervised technique resulted in the loss
of two targets when clustering was attempted for seven clusters. For the same
number of clusters, the other set of measures resulted in the loss of only one tar-
get sample. The Mahalanobis distance classifier yielded a perfect classification
using the measures provided by the unsupervised technique.

The measures chosen by the forward sequential search algorithm did not
yield good clusters when Street with car samples were sought. Similarly, the
measure that produced decent clusters resulted in an extremely bad classification
accuracy when the Mahalanobis distance classifier attempted to perform the
classification.

Dry land samples were the next set of targets considered. The measures that
provided a perfect classification for the supervised statistical technique failed to
vield good clusters. The two measures that produced good clusters resulted in
one Vegetative region and two Street with car samples to be labelled targets,
when used by the Mahalanobis distance classifier.

Courts were easily identified by both the classification techniques. One Car-
port was assigned to the target cluster when clustering was attempted using the
measures provided by the forward sequential search algorithm. The measures
that yielded perfect clusters when used by the supervised classifier resulted in

an error free classification.
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Experiments Using Near Infra-red Channel Imagery

The same initial procedure was adopted as in the previous two cases. The results
of the (statistical) technique are discussed below.

Carports were easily separated from the rest of the samples. The measure
picked up by the forward sequential search algorithm —variance— resulted in a
perfect classification.

The first order measures ~mean and variance— were sufficient to discriminate
between Houses and the rest of the samples.

The following two measures were selected by the forward sequential search

to yield a perfect classification of the Vegetative regions.
1. Mean.
2. Inertia (d = 1,6 = 339°).

Roads were the next targets considered. The forward sequential search al-
gorithm and the Mahalanobis distance classifier could not yield a perfect classi-

fication. The following measures resulted in two of the targets being lost.
1. Mean.
2. Energy (d = 3,0 = 79°).

As discussed earlier the samples of this class were not markedly different from
some of the background classes, however only two samples were lost and assigned

to the class —Street with car— which indeed is a valid second choice.
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Only one measure — cluster prominence (d = 3,6 = 339°) was needed by the
statistical classifier to isolate Street with car samples from the rest.

Three measures

1. Cluster shade (d = 1,8 = 339°).

2. Mean.

3. Local homogeneity (d = 3,6 = 339°).

were required for the identification of Dry land samples in the image.

Cluster prominence (d = 1,6 = 339°) was the measure that resulted in
an error free classification when Courts were the targets sought. Table. 5.5
summarizes the results. |

The results obtained from the cluster analysis based classification technique
are discussed next.

With variance as the measure and a request of three clusters, the clustering
algorithm presented clusters where Carports were separated from the rest of the
samples.

Houses were considered next. The following set of measures resulted in a
classification where only one target sample was lost. The number of clusters

was five.
1. Inertia (d = 1,0 = 79°).

2. Inertia (d = 3,6 = 79°).



Table 5.5: Results Obtained Using the Statistical Classification Technique (Near

Infra-red Range).

Classes/ Number of | Verified Computer Classification

Measures Used Classificn. | Cp | H | Veg | Roads | Swc | D1 | Crts | Accuracy
Carports/1 12 1210 0 0 0 0 0 100%
Houses/2 10 0 10| O 0 0 0| O 100%
Vegetation/2 9 olo| 9| o 0 |o]| o | 100%
Roads/2 8 010 0 6 0 {0 0 75%
Street with car/1 5 0oj0}] O 0 5 1.0 0 100%
Dry land/3 3 040 0 0 0 3 0 100%
Courts/1 2 ojoj o | o o |o| 2 | 100%
Total 49 - - - - - - - -
Overall - -] - - - - - - 95.9%

3. Local Homogeneity {d = 3,8 = 25°).

4. Mean.

Six clusters were required for the classification of the Vegetative regions. One

target sample was lost while no false alarms were noticed. The measures were
1. Inertia (d = 3,6 = 25°).

2. Energy (d = 1,6 = 339°).
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3. Variance.
4. Mean.

One target sample (Roads) was lost while three background samples were incor-
rectly labelled targets when the following set of measures were used to isolate

the roads. The clusters were six in number.
1. Inertia (d = 3,6 = 25°).
2. Energy (d = 1,6 = 339°).
3. Mean.

One sample belonging to the class —Street with car— and two Dry land samples
were the ones which caused the false alarms. The samples were assigned to valid
second choices as was evident from the image.

One target (Street with car) was lost when clustering was performed using
cluster prominence (d = 3,0 = 339°) as the measure and the number of clusters
was SiX.

One Dry land sample was lost and two Road samples along with one Street
with car sample were assigned to the Dry land cluster when the number of

clusters was seven and the measures were

1. Cluster shade (d = 1,6 = 339°).

2. Mean.
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3. Local homogeneity (d = 3,6 = 339°).

Two Vegetative regions were called Courts (targets) when clustering was

performed using the following measures for a total of seven clusters.

1. Variance.
2. Mean.

Table. 5.6 summarizes the results.

A Comparison of the Supervised and the Unsupervised Techniques

Carports were easily separated from the rest of the samples by both the tech-
niques using variance as the measure. The number of clusters in the unsuper-
vised case was three.

Mean and variance were required by the supervised technique to isolate the
Houses. Two houses were lost when the unsupervised technique tried to cluster
the samples into five clusters using these measures. Four measures and five clus-
ters were required by the clustering algorithm to yield a classification where only
one target was lost. The Mahalanobis distance classifier could not yield a perfect
classification using the measures preferred by the unsupervised technique.

Two measures were all that was needed by the supervised technique to de-
tect Vegetative regions. These measures did not let the unsupervised technique
cluster the samples into error free clusters. Instead, a set of four measures were

required by the clustering routine to cluster the samples into six clusters with




Table 5.6: Results Obtained Using the Unsupervised Technique (Near Infra-red

Range).
Classes/ Number Cluster Analysis Results (Clusters)
of Measures Verified
Used Classificn. | Cp | H | Veg | Roads | Swe | D1 | Crts | Accuracy
Carports/1 12 12(0] 0 0 00 0 100%
Houses/4 10 0 (9]0 0 010 0 90%
Vegetation/4 9 olol 8| o | o|o]| 2 | 889%
Roads/3 8 0(0] O 7 0 2 0 87.5%
Street with car/1 5 00| O 1 4 §1 0 80%
Dry Land/3 3 0 (0} O 2 0 2 0 66.7%
Courts/2 2 0i0] 0 0 0|0 2 100%
Total 49 - -1 - - - - - -
Overall - - -] - - - - - 89.8%

minimum error - loss of one target. Perfect classification resulted when the
Mahalanobis distance classifier at;tempted to classify the samples using these
measures.

The supervised technique could not yvield a perfect classification of the Roads.
The best results were achieved using two measures. These measufes produced
highly error prone clusters when clustering the samples. A set of three measures

were required by the unsupervised technique to yield a decent classification for
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six clusters. Two targets were lost and two background samples were incorrectly

labelled targets when the Mahalanobis distance classifier used the measures in-
dicated by the unsupervised technique.

Both the classification techniques easily picked up the Street with car sam-
ples. The same measure proved useful in both the cases. However, one target
was lost when clustéring was attempted while no errors were encountered for
the supervised statistical classification scheme.

Dry land samples were easily separated from the rest by the supervised tech-
nique while the unsupervised scheme failed to do so. The best results it produced
were using the measure indicated by the supervised scheme.

Extremely bad clusters were formed when the measure provided by the mea-
surement selection algorithm was used for clustering. Two measures were re-
quired for the unsupervised (cluster analysis based) technique to perfectly iden-
tify the Courts in the image. The Mahalanobis distance classifier also yielded
a perfect classification using the measures indicated by the unsupervised tech-
nique.

From the individual analysis of the channels the following conclusions can
be drawn.

Carports were easily identified by the statistical classification technique in
all the channels. However, channels 2 and 3 required only one measure where
as channel 1 needed two measures to yield a perfect classification. The cluster

analysis based classification technique used three measures to produce perfect
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clusters in channel 2. In channels 1 and 3, only one measure was required to
isolate the Carports from the other samples. Thus for the Carports channels 2
and 3 for the supervised classification technique, and channels 1 and 3 for the
cluster analysis based technique provided the best classification.

Channel 2 provided the best results for the statistical classification technique
as well as the unsupervised classification technique for the target class Houses.
Channel 3, in case of the unsupervised technique provided the same accuracy
but required more number of measures.

Vegetative regions were easily identifiable in channel 2 for both the clas-
sification techniques. Channel 2 also provided the best results for both the
classification techniques when Roads were the targets under consideration.

Street with car samples presented some difficulty in channels 1 and 2, while in
channel 3 only one target was lost. The noticeable fact was that, these samples
were never correctly classified by the cluster analysis based classification scheme.
This could be due to the fact that Roads and Dry land samples were not all that
much different from the samples of this class. The supervised technique yielded
perfect classification in each channel requiring only one measure in channel 3.

The supervised technique classified the Dry land samples correctly in each of
the channels. The number of measures required was smaller (one) in channel 1.
The cluster analysis based classification technique failed to yield good results.
From the number of false-alarms point of view, it performed best in channel 1.

The supervised statistical and the unsupervised techniques yielded 100%
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classification accuracy when Courts were being sought. Channel 2 seemed to be
the best since the number of measures was fewer here. Thus overall channel 2
yielded the best results.

In the next section experiments performed on a high resolution single chan-
nel image are discussed. In this section and the next one there is no special
section devoted to the comparison between the supervised and the unsupervised
techniques as was done here, but the comparison can be found as one proceeds

with the discussion.

5.1.2 Experiments Performed on a High Resolution Thermal Chan-

nel Image

The image under consideration for this part of the experiment was a single
channel image 512 x 512 in size. It was inspected closely and 12 target and 30
background samples were chosen. The background samples were selected from
different regioné in the image to enhance the variety of such samples. A 14 x 14
square grid was chosen to be placed on the samples. This size was selected after
inspecting the target samples in the image. The intersample spacing distances
chosen were 2 and 5, while the angular orientations were 90° and 45°. Thus four

values of § were considered.
1. 6, =(2,90°),

2. 6, = (5,90°),
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3. 63 = (2,45°),
4. 64 = (5,45°).

The image was equal probability quantized reducing the number of gray levels
from 256 to 16. The first order measures were computed for each of the 42 sam-
ples, from the quantized image. Clustering was attempted using these measures.
With mean as the measure two targets were misclassified and five background
samples were incorrectly labelled targets. Five targets were lost and 13 back-
ground samples were wrongly classified when variance was used. In both the
cases, the number of clusters requested was two. This was an attempt to study
the effect of the first order measures on the cluster analysis based classification
technique.

GLC matrices (16 x 16 in size) and subsequently the second order measures
were computed from the quantized image. Since the number of values of § was
four, the total number of second order measures were 24 (six for each 6). These
measures were then made available to the forward sequential search algorithm.
This was an attempt to study the effects of second order measures on the su-
pervised classification scheme. The following measures were selected by the

algorithm that resulted in a POE of 0.0 i.e perfect classification,

1. Cluster Shade (d = 5,6 = 45°).
2. Inertia (d = 5,60 = 45°).

3. Inertia (d = 5,8 = 90°).



4. Inertia (d = 2,6 = 90°).

As a means of comparison of the two techniques, the measures selected by the
supervised technique were used for clustering (unsupervised technique). In this
case, one target and 13 background samples were misclassified.

When both, the first and the second order measures wereb used, the forward
sequential search algorithm picked up the same set of measures as above. This
indicated that no better clustering results could be expected with the help of the
supervised technique. Various sets of measures were used for the unsupervised
technique, but the clustering results were far from desired. Some of the results

were
1. Measures selected

e Mean.
e Cluster Shade (d = 5,60 = 45°).

o Inertia (d = 5,6 = 45°).

One target was misclassified and 17 background samples were labelled

targets.
2. Measures selected

e Mean.

e Inertia (d = 5,60 = 45°).



Three targets and eight background samples contributed to the error.

In each case the number of clusters requested was two. No better results were
obtained by changing the number of clusters. The measures were selected by
inspecting the measures of all the samples along with some influence from the
results obtained by the supervised technique.

The inability to arrive at good results forced us to reconsider the choices of
the various parameters viz. the grid size, d’s and the ’s. A lot of background
area around the target was enveloped within the grid of size 14 x 14 and as such
the reduction of the grid size was the primary thought. The size was reduced
to 11 x 11. The first order measures were computed for all the 42 samples and
used for clustering.

With mean as the measure, the clustering accuracy improved significantly.
Only one target was misclassified and two background samples were mistaken
to be targets. The variance did not improve upon this result.

Second order measures were then generated for all the samples with a grid
size of 11 x 11. The d’s were changed to 1 and 3, while the 8’s were still 90°
and 45°. These measures were then forwarded to the forward sequential search

algorithm which picked up the following measures for a perfect classification.

1. Local Homogeneity (d = 1,8 = 90°).

2. Cluster Prominence (d = 1,6 = 90°).




Clustering with these measures, the algorithm misclassified four targets and two
background samples were falsely called targets. Mean was added to the above set
of measures, but the clusters did not change. With mean and local homogeneity
(d = 1,8 = 90°) the clusters were such that, again one target sample was
lost while two background samples were called targets. Various combinations
of measures were tried but at no time were the results as good as the ones
indicated above. The number of clusters was two for most of the experiments
and changing them did not produce better results.

It was evident from the results that for a § of 90°, the results were much
better than for a 6 of 45°. A decision was then made to drop the measures
corresponding to § = 45° and generate those for § = 0°. This was promptly done
and the entire set of 26 measures was subjected to the statistical classification

technique. The following two measures yielded an error free classification,
1. Mean.
2. Inertia (d = 1,6 = 0°).

These measures were then utilized by the unsupervised technique. When two
clusters were requested, all the targets were correctly classified while two back-
ground samples created the false alarm. Only target sample was lost with no
false alarms reported for three clusters.

Two new background samples were added to the set of the samples. The same

measures discussed above were used and the same clustering accuracy resulted



i.e one target misclassified. To test the robustness of the system a few more
background samples were added to the set. The results are discussed below.
Six more samples were added to the set making the number of background
samples 38 as against 12 samples belonging to the target class. The forward
sequential search and the classifier could not yield a perfect classification. The

best they could provide was a POE of 0.04. The measures were
1. Mean.
2. Local Homogeneity (d = 1,60 = 90°).

These measures, while clustering, misclassified one target and incorrectly la-
belled five background samples as targets. The number of clusters was two.
When mean and inertia (d = 1,8 = 0°) were used for clustering, only target was
lost while one background sample had an erroneous classification. Number of
clusters under consideration was four. These measures, when used for classifi-
cation by the Mahalanobis distance classifier provided the same POE as it did
using the measures selected by the forward sequential search.

Four more background samples were appended to the set of samples. The
number of background samples increased to 42, while the number of targets
remained 12. The statistical classifier resulted in a perfect classification using

the following measures chosen by the forward sequential search algorithm.
1. Local Homogeneity (d = 1,6 = 90°).

2. Cluster Prominence (d = 1,6 = 90°).
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3. Mean.

4. Inertia (d = 3,60 = 0°).

These measures when fed to the clustering algorithm resulted in the loss of
five targets and a misclassification of five background samples. The number of
clusters was two. For three clusters and the set of measures, which by now was
convincingly powerful — mean and inertia (d = 1,8 = 0°) - the accuracy was
remarkable. One target was missed while one background sample was picked up
as a target by the clustering algorithm. Two targets were lost and 20 background
samples were incorrectly called targets when these measures were used to cluster
the samples into two clusters. The final result for three clusters is tabulated in
Table. 5.7. The performance of the statistical classification technique is not

tabulated, to recall it yielded a 100% classification accuracy.
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Table 5.7: Performance of the System (Cluster Analysis Based Classification

Scheme).

Verified Cluster Analysis Results
Classification | Objects | Bkgnd 1. | Bkgnd 2. | Total | Accuracy
Objects 11 1 0 12 91.7%
Bkgnd 1 19 22 42 97.7%
Total 12 20 22 54
Overall | Accuracy - 96.3%

In the experiments described above the first order measures were arranged af-
ter the second order measures. This order was reversed to study the effect of such
a reversal on the measurement selection process. Three measures were selected
by the forward sequential search algorithm which resulted in one background
sample being called a target. Resubstitution testing method was employed and

the measures were
1. Mean.
2. Inertia (d = 1,60 = 79°).

3. Cluster Shade (d = 1,68 = 339°).
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Jackknife testing procedure was then used for this image. Extensive exper-
iments were performed on the other images and thus this procedure was not
attempted there. The jackknifing capabilities existed but in order to reduce the
computation expenses this procedure was utilized for this image only. Besides
this testing procedure was not the main focus of this study. The 12 targets were
divided into two groups of six each and the 42 background samples into two
groups of 21 each.

The first set of six targets and 21 background samples were used to train the
Mahalanobis distance classifier. The forward sequential search algorithm picked
up two measures for a POE of 0.0 and a threshold of 3.7. The second set of six
targets and 21 background samples were used to test the classifier. A perfect
classification resulted for the measures and the threshold chosen in the training

phase. The measures were
1. Mean.
2. Inertia (d = 1,0 = 79°).

Then the roles of the training and the testing sets were reversed. This time
the second set of six targets and 21 background samples were used for training
the classifier. Two measures were picked up resulting in an error free classifica-

tion. The threshold was 4.7 and the measures were
1. Inertia (d = 3,6 = 79°).

2. Mean.



One background sample was incorrectly labelled a target when the classifier was
tested using the first set of six targets and 21 background samples. Interesting
is the fact that the sample that was misclassified was the one which resulted
in an error when resubstitution was the testing procedure used. The result is

summarized in Table. 5.8.

Table 5.8: Performance of the System (Supervised Statistical Classification

Scheme Employing Jackknifing Testing Procedure).

Verified Computer Classificn.

Classification | Objects Bkgnd Total | Accuracy
Objects 12 0 12 100%
Bkgnd 1 41 42 97.7%

Total 13 41 o4
Overall | Accuracy | 98.1%

5.2 Experiments With Multichannel Imagery

Three sets of experiments were performed in this category. The image used
in the first part of the experiments was a multichannel image and thus provided
the right environment to be explored for this type of study.

For the first set of experiments 24 new samples — 12 belonging to the Roads



category and 12 to the Dry land category — were chosen. These samples were
visually indistinguishable in channels 2 and 3 and as such these were the channels
chosen for this part of the study. The grid size was the same as before i.e
15 x 16, the d’s were 1 and 3, and the &’s 339°, 79°, and 25°. The channels
were individually analyzed using the GLC method (as applied to single channel
images), the texture measures from the two channels were appended and used for
the task of object detection, measures from the gray level difference histograms
were generated for the two channels and appended and used to analyze the
image, and finally the technique proposed by Rosenfeld et al.[2] was used to
analyze the image. Only the statistical classification scheme was employed in
each of the cases.

Following results were obtained when analyzing the two channels individ-
ually. In channel 2, two roads were classified as Dry land and one Dry land

sample was called a road. The measures were
1. Energy (d =1,0 =79°).
2. Mean.
3. Cluster Shade (d = 3,6 = 339°).

Four roads were called Dry land samples and two Dry land samples were

assigned to the roads category, in channel 3 with the following set of measures.

1. Local Homogeneity (d = 1,60 = 339°).
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2. Inertia (d = 3,60 = 339°).

Thus the samples could not be correctly classified in either of the channels.
The measures used in the above experiment were appended for all the samples
( from both the channels) and the following set of measures yielded a perfect

classification.

—

. Energy (d = 1,0 = 79°) (channel 2).

"~ 2. Mean (channel 3).
3. Local Homogeneity (d = 1,6 = 79°) (channel 2).
4. Variance (channel 3).
5. Cluster Prominence (d = 3,60 = 339°) (channel 2).
6. Energy (d =1,6 = 339°) (channel 3).

Measures from the gray level difference histograms for both the channels were
generated and appended. One road sample was called Dry land and one Dry

land sample was called road with the following set of measures.
1. Angular second moment (d = 1,8 = 79°) (channel 2).
2. Inverse difference moment (d = 1,6 = 79°) (channel 2).
3. Contrast (d = 3,0 = 25°) (channel 3). |

4. Entropy (d = 1,8 = 79°) (channel 2).
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5. Contrast (d = 1,6 = 339°) (channel 2).

6. Angular second moment (d = 3,0 = 339°) (channel 3).

Nine measures were required to yield a classification where two Dry land
samples were called roads by the technique proposed by Rosenfeld et al.[2] (2-d

GLD). The measures were

1. Angular second moment (d = 3,0 = 25°).

™

Angular second moment (d = 3,6 = 339°).
3. Angular second moment (d = 1,6 = 339°).
4. Inverse difference moment (d = 3,6 = 79°).
5. Angular second moment (d = 3,8 = 79°).

6. Contrast (d = 1,0 = 339°).

7. Inverse difference moment (d = 1,6 = 339°).
8. Contrast (d = 3,6 = 339°).

9. Angular second moment (d = 1,6 = 25°).

The results are summarized in Table. 5.9.

Thus, it can be seen that the technique of appending the measures yielded

the best results in this case.
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Table 5.9: Probability of error of the Various Techniques Used for Object De-

tection in Multichannel Imagery.

POE / Number of Measures Used

Ch 2. | Ch3. | GLC (append) | GLD (append) | 2-d GLD

0.125/3 | 0.25/2 0.0/6 0.08/6 0.08/9

Inspired by the above results, the techniques discussed were used to perform
image segmentation in multichannel images. The second set of experiments
utilized the same set of samples as was done in the case of analysis of single
channel images i.e the same 49 samples belonging to seven different classes. In
addition to those samples six more samples were chosen belonging to the Dry
land class making it a total of nine samples in that class and 55 samples overall.
The d’s were 1 and 3, while the 8’s were 339°, 79°, and 25°. As discussed earlier
this image was a three channel image, each channel being 512 x 512 in size. The
data sets and their generation was explained while discussing the experiments
performed on each channel separately. The technique proposed by Rosenfeld
et al.[2] is feasible for two channels only and as such channels 1 and 2 were
used. Supervised statistical classification technique was employed in each of the
following cases.

The measures from the GLC matrices and the first order measures generated

for all the samples in the two channels were appended.



Carports were easily isolated using inertia (d = 3,8 = 79°) (channel 2) as the
measure. Mean (channel 2) was enough to separate the Houses from the rest of
the samples. The vegetative regions were correctly classified using the following

set of measures
1. Mean (channel 1).
2. Inertia (d = 1,60 = 339°) (channel 1).

The Dry land category could not be correctly isolated. The best the classifier
performed was misclassifying two Dry land samples and labelling them as veg-
etative regions, and picking up one house as a Dry land sample. The measures
used was cluster shade (d = 3,8 = 339°) (channel 1). The roads were correctly

classified without any false alarms using the following set of measures.
1. Local Homogeneity (d = 3,6 = 25°) (channel 2).
2. Mean (channel 1).
3. Cluster Prominence (d = 1,6 = 33960) (channel 1).
Street with car samples were classified without any errors, the measures being
1. Inertia (d = 3,6 = 79°) (channel 1).
2. Local homogeneity (d = 3,6 = 339°) (channel 2)

Variance (channel 1) was the measure used by the statistical classifier to

detect Courts in the image.
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Measures from the gray level difference histograms were generated for all the
samples in both the channels (channels 1 and 2) and then appended.

Contrast (d = 3,8 = 79°) (channel 2) was the measure used to isolate the
Carports correctly. Two measures were required by the statistical classifier to

separate the Houses form the rest of the samples.
1. Angular second moment (d = 1,6 = 339°) (channel 2).
2. Mean (d = 1,0 = 339°) (channel 1).

The following four measures were needed to result in an error free classifica-

tion when the targets considered were the vegetative regions.
1. Contrast (d = 1,6 = 339°) (channel 1).
2. Inverse difference moment (d = 1,8 = 339°) (channel 1).
3. Angular second moment (d = 1,6 = 79°) (channel 1).
4. Angular second moment (d = 1,6 = 339°) (channel 1).

Dry land category was correctly identified, without any false alarms using

the following set of measures.

1. Angular second moment (d = 1,6 = 79°) (channel 1).

[SV]

. Mean (d = 1,0 = 79°) (channel 1).

3. Inverse difference moment (d = 3,6 = 339°) (channel 1).
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4. Contrast (d = 3,6 = 79°) (channel 2).
5. Angular second moment (d = 3,8 = 339°) (channel 1).
Three measures were required to identify the roads in the image.

1. Inverse difference moment (d = 3,6 = 25°) (channel 2).

(V]

. Mean (d = 1,6 = 339°) (channel 1).

w

. Entropy (d = 1,0 = 339°) (channel 1).

Street with car samples were separated from the rest by the statistical clas-

sifier using the following three measures

1. Contrast (d = 3,6 = 79°) (channel 1).

o

. Angular second moment (d = 3,6 = 339°) (channel 2).

3. Inverse difference moment (d = 1,8 = 339°) (channel 1).

Contrast (d = 1,6 = 339°) (channel 1) was the sole measure that was required
by the classifier to detect the Courts in the image without any errors. Thus 100%
classification accuracy resulted.

Rosenfeld’s technique was the next one used. Four measures were required

to isolate the Carports correctly.
1. Contrast (d = 1,6 = 79°).

2. Inverse difference moment (d = 1,8 = 339°).
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3. Angular second moment (d = 1,8 = 79°).

4. Angular second moment (d = 1,60 = 339°).

Houses were identified using the following measures.

1. Angular second moment (d = 1,6 = 79°).

o

. Angular second moment (d = 1,60 = 339°).

3. Inverse difference moment (d = 1,6 = 339°).

NN

. Contrast (d = 1,6 = 79°).

One vegetative region was incorrectly labelled Dry land and one Dry land sam-
ple was assigned to the target class when the vegetative regions were being

considered as the targets. The measures used were

1. Contrast (d = 3,6 = 79°).

[\

. Inverse difference moment (d = 3,6 = 339°).

3. Angular second moment (d = 1,6 = 79°).

4. Angular second moment (d = 1,6 = 339°).

Seven measures were required to correctly classify the Dry land category without

any false alarms. The measures were

1. Contrast (d = 1,6 = 339°).
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Angular second moment (d = 1,8 = 339°).
3. Contrast (d =1,6 = 79°).

4. Angular second moment (d = 3,6 = 339°).
5. Angular second moment (d = 3,6 = 25°).

6. Inverse difference moment (d = 1,8 = 79°).
7. Inverse difference moment (d = 3,6 = 339°).

Roads were identified using the following set of measures,

1. Contrast (d = 1,8 = 339°).
2. Angular second moment (d = 1,6 = 339°).
3. Angular second moment (d = 1,6 = 79°).

4. Inverse difference moment (d = 1,8 = 79°).

ot

. Inverse difference moment (d = 1,6 = 339°).

Three measures were required by the statistical classifier to separate the

Street with car samples from the rest. The measures were

1. Angular second moment (d = 1,8 = 339°).
2. Contrast (d =1,0 = 79°).

3. Contrast (d = 1,6 = 339°).



The results are summarized in Table. 5.10. The 2-d GLD technique did not com-
mit drastic errors, but the GLD (append) technique resulted in a 100% accuracy.
Both the set of experiments performed above, indicate that the appending tech-
nique is indeed a strong one for object detection as well as image segmentation.

As is evident from the table, the appending technique performed the best. For

Table 5.10: Probability of error of the Various Techniques Used for Image Seg-

mentation in Multichannel Imagery.

POE / Number of Measures Used
Classes GLC (append) | GLD (append) | 2-d GLD
Carports 0.0/1 0.0/1 0.0/4
Houses 0.0/1 0.0/2 0.0/4
Vegetation 0.0/2 0.0/4 0.03/4
Dry land 0.05/1 0.0/5 0.0/7
Roads 0.0/3 0.0/3 0.0/5
SWCars 0.0/2 0.0/3 0.0/3
Courts 0.0/1 0.0/1 0.0/1

the same classification accuracy the number of measures were fewer in the case
of the appending techniques and it was the only one that provided a perfect
classification. It should however, be noted that the number of measures selected

should, in general be one-tenth of the number of samples. Cases where more
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than two or three measures are used cannot be assessed as reliable estimates.
The third part of the study describes an attempt to utilize all the information
available from the three channels to perform the classification. The classifiers
were not informed of the type of the image or the number of channels. The same
49 samples were used as in the case of single channel analysis. In each channel
38 measures were generated for each sample. The measures from channel 1,
followed by channel 2 and channel 3 measures formed the complete data set for
each sample. The total number of measures was thus 114. These measures were
used by both the classification techniques, the results of which are discussed
below. The gray level difference method was also used to analyze the multi-
channel image. A comparison of both the methods is included at the end of this

section.

5.2.1 Gray Level Co-occurrence Method for Texture Analysis in

Multispectral Images

Carports were considered first. The forward sequential search algorithm had
a large set of measures to choose from and chose the following measure which

provided an error free classification.
1. Inertia (d = 3,60 = 79°) (channel 2).

Clustering with this measure resulted in the loss of one target with the number
of clusters being two. When inertia (d = 1,8 = 79°) (channel 1) was used for

clustering perfect classification resulted for two clusters. This measure, however,
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did not yield a perfect classification when attempted by the Mahalanobis dis-
tance classifier. It misclassified a target sample. When the forward sequential
search was asked to pick up five measures irrespective of the error, it picked up

the following set of measures for a perfect classification.
1. Inertia (d = 3,8 = 79°) ( channel 2).

2. Mean (channel 1).

(4]

. Energy (d = 3,6 = 339°) (channel 1).
4. Inertia (d = 1,6 = 339°) (channel 1).
5. Variance (channel 1).

The unsupervised technique also yielded perfect clusters using these measures.
The number of clusters was two.

Vegetative regions were considered next. Mean (channel 2) yielded a correct
classification when used by both the techniques. For the unsupervised technique
the number of clusters was three.

Houses were the next on the list. The supervised technique used mean (chan-
nel 2) to isolate the Houses from rest of the samples. Clustering with this
measure resulted in two of the Houses being misclassified. Mean (channel 2)
and mean (channel 1) resulted in an error free classification with four clusters.
These measures resulted in a POE of 0.0, when fed to the Mahalanobis distance

classifier.
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Roads were the set of targets considered, next. The following measures

helped the supervised technique to correctly classify the samples. |

1. Local Homogeneity (d = 1,8 = 339°) (channel 1).

o

Mean (channel 2).

3. Mean (channel 1).

4. Variance (channel 1).

5. Inertia (d = 1,6 = 339°) (channel 1).
i

These measures, however, refused to let the unsupervised technique form perfect
clusters. The following measures, for seven clusters, yielded a perfect classifica-

tion

1. Mean (channel 2).

o

. Mean (channel 1).
3. Inertia (d = 1,60 = 339°) (channel 1).

The Mahalanobis distance classifier misclassified two targets and picked up a
Street with car sample and a Dry land sample as targets using the above mea-
sures.

Cluster prominence (d = 3,6 = 339°) (channel 3) was the measure picked up
by the forward sequential search algorithm, using which the statistical classifier

vielded a perfect classification, when Street with car was the target class sought.
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This measure when used for clustering resulted in the loss of one target sample,

the number of clusters being six. Perfect clusters were formed when cluster
shade (d = 1,0 = 25°) (channel 2) was used along with the above measure. The
number of clusters was six. The Mahalanobis distance classifier also yielded a
perfect classification using the two measures.

Local homogeneity (d = 1,6 = 79°) (channel 1) was the measure that re-
sulted in a perfect classification of the Dry land samples. This measure did not
yield good clusters. Two measures were required by the clustering algorithm to
provide error free clusters. The nt’xmber of clusters was six and the measures

were
1. Mean (channel 2).

2. Mean (channel 1).

A perfect classification resulted when these measures were used by the Maha-
lanobis distance classifier.

Variance (channel 1) identified the Courts in the image rather easily. Mean
(channel 2) and inertia (d = 1,60 = 339°) ( channel 2) yielded a perfect clustering
accuracy for seven clusters. The Mahalanobis distance classifier also produced
a perfect classification using these measures. The results of the two techniques

are summarized in Table. 5.11 and Table. 5.12.



Table 5.11: Results Obtained Using the Statistical Classification Technique

(GLC append).

Classes/ Number of | Verified Computer Classification

Measures Used Classificn. | Cp | H | Veg | Roads | Swc | D1 | Crts | Accuracy
Carports/1 12 12|0( 0 0 0 |[0]| O 100%
Houses/1 10 0 |10]| O 0 0 |0 0 100%
Vegetation/1 9 00| 9 0 0 |0 O 100%
Roads/5 8 00| 0 8 0 |0 0 100%
Street with car/1 5 0j0]| O 0 5 0 0 100%
Dry land/1 3 0(0]| O 0 0 |3 0 100%
Courts/1 2 of(0]|] O 0 0 |0 2 100%
Total 49 -] - - - - - - -
Overall - - f - - - - |- - 100%
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Table 5.12: Results Obtained Using the Unsupervised Technique (GLC append).

Classes/ Number Cluster Analysis Results (Clusters)
of Measures Verified
Used Classificn. | Cp | H | Veg | Roads | Swe | D1 | Crts | Accuracy
Carports/1 12 1201 0 0 0 (0] O 100%
Houses/2 10 0 |10{ O 0 0 jO0| O 100%
Vegetation/1 9 0f{o0} 9 0 60 {0} O 100%
Roads/3 8 6 {0 O 8 0 |0 0 100%
Street with car/2 5 0010 0 5 0] O 100%
Dry land/2 3 0 (0] O 0 0 |3 0 100%
Courts/2 2 000 0 0 [0] 2 100%
Total 49 - - - - - - - -
Overall - - - - - - - - 100%
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The following comments are in order here. The supervised classification
technique yielded a 100% accuracy and it had in fact done so for each of the
channels (almost except for the roads category in the third channel) individually.
The unsupervised technique had never enjoyed a 100% accuracy, but it did so
now. This shows that measures from different channels when used together have

a better discriminating power than those from a single channel only.

5.2.2 Gray Level Difference Method for Texture Analysis in Multi-

spectral Images

An approach somewhat similar to the one just described was used. Measures
were generated for each channel separately and then appended together as dis-
cussed above. The same d’s and 8’s were used to generate the GLC matrices as
before and from these the absolute difference histograms were computed. Con-
trast, Angular Second Moment, Entropy, Mean, and Inverse Difference Moment
were the measures computed from these histograms. Since six values of é were
considered and five measures for each §, 30 measures per channel were under
consideration. Appending all the channels made it a 49 sample 90 measure
problem.

Carports were easily identified by the supervised technique using contrast
(d = 3,8 = 79°) (channel 2) as the measure. This was not at all surprising since
contrast is analogous to inertia and the d, 6, and the channel number indicate

that exactly the same measure was chosen as was in the case of the GLC’s.
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The unsupervised technique misclassified one target when clustering the samples

into two clusters using these measures. Contrast (d = 1,0 = 79°) (channel 1)
correctly clustered the Carports separately from the other samples when two
clusters were requested. The Mahalanobis distance classifier lost a Carport
when using this measure for classification. Inertia (d = 3,0 = 79°) (channel
2) and inertia (d = 1,6 = 79°) (channel 1) helped both the techniques yield
a perfect classification. The number of clusters for the unsupervised technique
was two.

Houses were considered next. The supervised technique, with the following

measures, isolated the Houses correctly,
1. Inverse Difference Moment (d = 1,8 = 79°) (channel 3).
2. Inverse Difference Moment (d = 1,6 = 339°) (channel 2).

The unsupervised technique did not encounter good success with these measures.

Clustering the samples into five clusters with

1. Inverse Difference Moment (d = 1,6 = 79°) (channel 3).

[AV]

. Inverse Difference Moment (d = 1,8 = 25°) (channel 2).
3. Inverse Difference Moment (d = 1,6 = 339°) (channel 1).

resulted in a perfect classification as did the Mahalanobis distance classifier.
Vegetative regions were discriminated from the rest by the supervised tech-

nique using
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1. Mean (d = 1,8 = 79°) (channel 3).

2. Mean (d = 1,60 = 339°) (channel 1).

The clustering algorithm did not yield good results using these measures. In
fact the best result it produced classified all the targets correctly and labelled
one Dry land sample and a road sample as targets. The number of clusters was

four and the measures were
1. Mean (d = 1,6 = 79°) (channel 3).
2. Mean (d = 1,6 = 339°) (channel 3).

These measures when fed to the Mahalanobis distance classifier resulted in the

loss of a target and one Dry land sample and a road sample falsely being called
targets.
Roads were easily isolated by the supervised technique using the following

set of measures
1. Mean (d = 1,8 = 339°) (channel 1).
2. Inverse Difference Moment (d = 3,6 = 25°) (channel 2).

The unsupervised technique did not do well with these measures but provided

a decent classification with the following set of measures

1. Inverse Difference Moment (d = 3,6 = 25°) (channel 2).

2. Inverse Difference Moment (d = 1,6 = 339°) (channel 2).
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3. Inverse Difference Moment (d = 1,6 = 339°) (channel 1).

Only one target was lost while no false alarms resulted. The number of clus-
ters was five. The Mahalanobis distance classifier misclassified one target and
incorrectly called two Carports as targets using these measures.

The following measures forced the statistical classifier to correctly classify

the Street with car samples.
1. Inverse difference moment (d = 3,6 = 339°) (channel 3).
2. Contrast (d = 1,0 = 339°) (channel 1).

The cluster analysis based classifier failed to yield an error free classification
using these measures. The following measures resulted in seven clusters where
one target was lost and one vegetative region was incorrectly labelled target

(Street with car).
1. Inverse difference moment (d = 3,6 = 339°) (channel 1).
2. Inverse difference moment (d = 3,8 = 339°) (channel 3).

The Mahalanobis distance classifier also misclassified a target sample while la-
belling one vegetative region as target using these measures.

Dry land samples were correctly isolated by the supervised classifier using
entropy (d = 1,6 = 339°) (channel 1) as the measure. The clustering algorithm
labelled two Road samples as targets when clustering for six clusters using this

measure. Perfect classification resulted when entropy (d = 1,6 = 339°) (channel
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2) was used along with the above measure. The number of clusters was seven.

The Mahalanobis distance classifier also resulted in a perfect classification uti-
lizing the two measures.

With contrast (d = 1,0 = 339°) (channel 1) as the measure the Courts were
identified without any error, by the supervised technique. However, a different
measure was required by the unsupervised technique to result in a perfect classi-
fication. This measure also forced the Mahalanobis distance classifier to yield a
perfect classification. The number of clusters for the unsupervised technique was
seven and the measure was angular second moment (d = 1,8 = 79°) (channel

1). The results are summarized in Table. 5.13 and Table. 5.14.




Table 5.13: Results Obtained Using the Statistical Classification Technique

(GLD append).

Classes/ Number of | Verified Computer Classification

Measures Used Classificn. | Cp | H | Veg | Roads | Swc | D1 | Crts | Accuracy
Carports/1 12 12{0] 0 0 0 {0]| O 100%
Houses/2 10 0 (10§ O 0 0 (0] O 100%
Vegetation/2 9 0|0} 9 0 0 0| O 100%
Roads/2 8 0|0 0 8 0 0 0 100%
Street with car/2 5 0{0] 0 0 5 | 0 0 100%
Dry land/1 3 0{0]| O 0 0 |3} 0 100%
Courts/1 2 010 0 0 0 0 2 100%
Total 49 - - - - - - - -
Overall - -l - - - - - - 100%
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Table 5.14: Results Obtained From the Unsupervised Technique (GLD append).

Classes/ Number Cluster Analysis Results (Clusters)

of Measures Verified

Used Classification | Cp | H | Veg | Roads | Swe | DI | Crts | Accuracy
Carports/1 12 12| 0 0 0 0 0 0 100%
Houses/3 10 0 |10] O 0 0 (0] O 100%
Vegetation/2 9 0j]01] 9 0 1 0| O 100%
Roads/3 8 0|0} 1 7 0 |0| O 87.5%
Street with car/2 5 0]0]| O 0 4 |0 0 80%
Dry land/2 3 0|0} 1 0 0 {[3( 0 100%
Courts/1 2 0|0]| O 0 0 |0} 2 100%
Total 49 - - - - - - - -
Overall - -l - - - - - - 95.9%

5.2.3 A Comparison of GLC and GLD Methods

In the case of Carports, the two methods performed identically. The measure
selected by the forward sequential search algorithm. when used for clustering,
resulted in the loss of a target sample. The measure that yielded perfect clusters
in the unsupervised technique forced the Mahalanobis distance classifier to loose

a target. In fact, the measures used in both the methods were analogous to each
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other.

The accuracy was even in the case of Houses, too. The set of measures used
were different and the number of clusters required was four in the case of the
GLC method and five in the case of the GLD method. The GLD method required
more measures to come up with the perfect clusters, in both the supervised and
the unsupervised techniques.

The GLC method resulted in a better accuracy (unsupervised classification)
for the next set of targets, i.e Vegetation. Two background samples were called
targets in the GLD method — a Dry land sample and a road sample. The
accuracy was the same for the superviscd classification scheme.

For the next set of targets, i.e Roud«. the number of measures required
for perfect classification was more in the case of the GLC method (supervised
technique) even though the accuracy was the same. For the unsupervised clas-
sification scheme, the GLC’s yielded a better classification accuracy. The GLD
method lost one sample without giving rise to any false alarms.

The samples belonging to the “Street with car” class were correctly identi-
fied by the supervised technique in both, the GLC based and the GLD based
techniques. The unsupervised technique could perfectly classify the samples for
the GLC based method but failed to do so for the GLD method.

The Dry land samples and Courts were classified without any errors by the

supervised as well as the unsupervised classification schemes for both the GLC

and GLD based methods.



Thus both the methods, GLC based and GLD based, provided 100% accuracy
as far as the supervised classification was concerned. The GLC’s performed
better in the case of unsupervised scheme (100% accuracy). The fact should
however be noted that the errors committed by the GLD method were not drastic
and a few more § considerations would probably have avoided them. The nature
of the classes should also be kept in mind while assessing the relative superiority
of one or the other method.

The flow chart of the typical sequence of operation is depicted on the follow-

ing page.
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Input image

Select samples,
grid size, d’s, and

8’s

r

Quantize the
image

Compute the first
order measures, the

GLC’s and the

second order
measures

' '

Supervised Cluster Analysis

Statistical Based
Classification Classification

Class Labels Cluster Assignments

Figure 5.4: A flow chart of the typical sequence of operation.
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CHAPTER 6

SUMMARY AND CONCLUSIONS

A GLC based texture analysis package useful for object detection and image
segmentation was developed. Supervised statistical classification technique has
been the main stay of many a research efforts. Difficulties in acquiring train-
ing samples and the high cost associated with it has forced the researchers to
be on the look out for other classification techniques. Cluster analysis was the
approach suggested here. It provides a logical means to perform unsupervised
classification of the data in a d-dimensional space. Performance of both these
techniques was studied for a wide variety of cases. Multispectral texture anal-
ysis has been a neglected field because of the extremely high cost associated
with acquiring of the multispectral scanners. Rosenfeld et al.[2] proposed tech-
niques to perform multispectral texture analysis, which were extensions of the
techniques being used for the analysis of single channel imagery. Because of
the shortcomings of these techniques when applied to a b-channel image, where
b > 2, alternative strategies are sought. Multispectral texture, conceptually
difficult to visualize, was discussed from the computational standpoint. Simple
techniques based on the GLC method and the GLD method were suggested to

perform texture analysis in multispectral images.
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Various experiments were performed to study the performance of the different
techniques discussed in this thesis. A high resolution multispectral urban scene
image was the first image to be considered. This was a three channel image
incorporating the visible, the thermal infra-red, and the near infra-red ranges.
These channels were considered as subimages and dealt with independently when
studying the performance of the classification techniques as applied to single
channel imagery. The supervised statistical classification technique yielded a
100% classification accuracy when channels 1 and 2 were analyzed. In channel
3, the roads could not be perfectly isolated from the rest of the samples. This was
because, the other classes — dry land and street with cars — were not drastically
different from the targets being sought (roads). The unsupervised technique did
not perform so well. Various sets of measures and different number of clusters
were needed to experiment with before decent results were achieved. The main
difference between the statistical classification scheme and the cluster analysis
based classification technique was that the statistical classifier assigned class
labels to the samples and as such it was easy to interpret the errors — misses
and/or false alarms. The unsupervised technique yielded cluster assignments
where only the target cluster retained its identity and as such the errors could
not be interpreted. The background samples were arbitrarily assigned to the
background classes and t.hus when a target was missed it was difficult to say
which class it was assigned to.

A high resolution thermal infra-red channel image was the other image used
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in this study. The statistical supervised technique yielded a 100% clustering

accuracy, while the cluster analysis based classifier was not far behind with a
96.3% classification accuracy. One target was lost and one background sam-
ple was picked up when the clustering program tried to cluster the samples
into three clusters. Resubstitution and Jackknifing testing procedures yielded
the same classification accuracy (98.1%) when the first order measures were ar-
ranged before the second order measures. Jackknifing testing procedure was not
employed in any other case because this technique was not the main focus of
this study and this technique is computationally expensive as compared to the
resubstitution testing procedure.

Three sets of experiments were performed in the category of multispectral
texture analysis. In the first set of experiments, 12 samples belonging to the
roads class and 12 belonging to the dry land class were chosen. These samples
were very much alike in the second and the third channel and as such these
channels were utilized for this part of the study. These channels were individ-
ually analyzed using the GLC method and neither of them could successfully
separate the samples. These measures were then appended in accordance with
the approach suggested here and perfect classification resulted. This was be-
cause the forward sequential search algorithm picked up a set of measures which
was a blend of the measures generated from both the channels. The measures
generated from the difference histograms for both the channels were appended

and subjected to the forward sequential search operation. One road was called a



dry land sample and a dry land sample was called a road, when these measures
were utilized by the statistical classifier. Rosenfeld’s technique was the final ap-
proach tested on these samples. This technique labelled two dry land samples as
roads. Thus the appending of the GLC based measures was the only technique
that provided a perfect classification.

Thus the technique of appending measures from different channels performed
well in the object detection domain. It yielded a 100% classification accuracy
when utilized for the task of image segmentation. The same image (high reso-
lution multispectral urban scene image) was used here. The same samples as in
the case of individual channel analysis were used. In addition to these 6 samples
were added to the dry land category making the total number of samples 55.
Since Rosenfeld’s technique was feasible only in case of 2 channels, channel 1 and
channel 2 were used for this part of the study. Rosenfeld’s technique performed
fairly well here. When isolating vegetative regions this technique called 1 target
a dry land sample and picked up 1 dry land sample as a vegetative region. The
GLC appending technique had trouble isolating the dry land class. The GLD
histogram based measures when appended yielded perfect results. Thus in both
the cases discussed here, the technique of appending the measures provided the
best results.

To study the relative performance of the two appending techniques - GLC
based and GLD based, they were used to analyze all the 3 channels of the mul-

tichannel image. The GLC based technique performed better than the gray
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level difference based technique. The cluster analysis based classification tech-
nique yielded a 100% clustering accuracy, underlining the fact that analyzing
multichannel images provides better results than analyzing just a single channel.

It is true that the technique of appending measures is not really performing
multispectral texture analysis, but it is in fact texture analysis in multispectral
images. Various aspects in this field need exploring. The concept of multispec-
tral texture needs to be developed. A technique in accordance with the concept,

which can practically be feasible needs to be devised.
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