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Abstract

Last four decades have witnessed successful utilization of image analysis techniques, which involve two
prominent and computationally intensive pattern recognition methods known as supervised classification and
unsupervised classification, to identify roads, forests. grass-lands, minerals, oil, rocks, soils, landforms,
water. social activities, etc. on the earth and to monitor development of facilities and resources, and also to
model some of the natural phenomenon like expansion of deserts, soil erosion, floods, volcanoes, etc., from
remote sensing data. For this purpose an imaging system classifies remote sensing data in information classes
like land cover, land use, utility lines, etc. and an analyst after assessing the accuracy of the classification,
merges the output of the classification with a Geographical Information System (GIS). Problem of
computationally intensiveness of classifiers is becoming more and more severe due to ever increasing spatial,
spectral, radiometric and temporal resolutions of multi-band sensors. So, potential areas of research are
reduction of computational efforts and improvements of accuracy for on-line incorporation of classifiers.
Researchers are currently attempting to solve this problem in the following ways: 1) modifying the
implementations of existing algorithms, 2) developing new classifiers, and 3) using special purpose computer

architectures.

In the present research, no explicit attempts are made to propose any computer architecture for computation.
However, a relatively new declarative language, Prolog, is used for implementation of classifiers. Prolog,
owing features like natural levels of abstractions, backtracking, unification capabilities, declarative and
naturally object oriented, provides a natural modeling mechanism and permits easy derivation of new
knowledge from existing data. In the present work some fast and robust statistical and fuzzy supervised
classifiers are developed and are implemented using LPA WinProlog and associated tools. The performance
of these classifiers is compared with Maximum Likelihood Classifier (MLC). The present work emphasizes
development and implementation of the following proposed supervised classifiers and their comparison with
MLC:

1) A new statistical supervised classifier in five variants, which utilizes a parameter, indicating
overlapping of class-pairs in various bands, derived from mean and standard deviation. Similarly, a
new fuzzy classifier in five variant utilizes fuzzy mean and fuzzy standard deviation.

2) An improved explicit fuzzy supervised classifier with an improved modulation.

3) Two new fuzzy supervised classifiers, one uses beta-distribution, and other uses modulation of
parameters of beta-distribution for fuzzy membership function followed by max-min rule.

4) Two new fuzzy supervised classifiers — in first classifier, the initial fuzzy membership is defined by
multivariate normal distribution. Then fuzzy mean vectors and fuzzy covariance matrices are

estimated to hard classify pixels in the manner of MLC but in fuzzy environment. In second
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classifier, initial fuzzy membership is defined in terms of the distance of the pixel from the class
mean and sum of its distances from all the given classes.

5) Two new fuzzy supervised classifiers. one of them uses range for fuzzy membership in each band
and other classifier also uses mean apart from range for defining fuzzy membership function.

6) Two less promising fuzzy classifiers based on the univariate normal distribution, one uses purely

max-min rule and other uses count of bands where maximum fuzzy membership exists.

For comparative study, LISS-1II data is taken and four cases of training sites are specified on this data. First
two cases involve overlapping and mixed classes, third case involves less separable classes and fourth is a
case of clear separation of classes. The separability of the classes is specified in the terms of divergence,
transformed divergence and Jaffrie-Matusita (JM) distance. The interpretation and analysis of the results of
executing above-mentioned 20 algorithms on data taken in 15 combinations of bands (four combinations of
single band, six combinations of two bands, four combinations of three bands and one combination of four

bands) for the above-mentioned four cases, reveals promising results.

In cases of separable classes, the beta-distribution based classifiers achieve slightly less overall accuracy as
compared to MLC but these are much faster than MLC. Three variants of the new proposed fuzzy algorithm
achieve considerably higher overall accuracy than MLC, whenever the classes have mixed pixels and are less
separable. In the case of less-separations among the classes, the improved explicit fuzzy classifier performs
better in terms of both overall accuracy and classification time over all the five variants of the proposed
algorithms and the MLC. However, if the classes are more separable, proposed improved explicit fuzzy
method performs significantly faster than MLC but overall accuracy is reduced marginally. The classifiers
making use of coefficient equal to one to establish overlapping are considerably faster than MLC and achieve
overall accuracy comparable to MLC. Further, selected bands with some of the classifiers further improve
classification accuracy. Due to modulation of standard deviation and better estimates of the expected extend
of classes in various bands the improved explicit fuzzy classifier achieves a significantly high speed up over
MLC and still significantly improves overall accuracy of overlapping classes. For fuzzy classifiers, the

selection of suitable fuzzy membership function and then its modulation both tasks are important.

The algorithms proposed in this work can be integrated with GIS. As compared to MLC their better
performance in GIS is assured even for the overlapping and mixed classes because the accuracy achieved by
these methods is less dependent on the training sites. Thus, the different approaches with varying
classification accuracy and time provide a wide spectrum to integrate a classifier with GIS and one can

choose it depending on the desired accuracy and/or speed.
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CHAPTER
1 Introduction

Imagc analysis 1s a process of discovering, 1dentifying and understanding patterns that are relevant to the
performance of an image-based task. The uluimate objective of image analysis is to determine a high level
d\cﬁsc\rigtif)»rlyo_f_q multi-dimensional scene or phenomenon with a competency level comparab]é 10 tA}-latvof a -
human. A typical image analysis system performs following operations [Patterson 1990, Sonka et al. 2001]:

1. Image formation, sensing and digitization

2. Local processing, image segmentation and classification
3. Shape formation and interpretation
4

Semantic analysis and description

Imaging systems or image analysis systems closely resemble human visual system which is the most
important means by which human perceive the outer world. Sensors in the imaging systems resemble human
eye (and other concerned sensory organs) and digital computer functions like human brain. Imaging systems
are finding more and more applications due to ever increasing technological developments in the fields of
sensors. optics, communication systems, digital cameras, high resolution displays, etc. In the last four
decades the use of imaging systems in most of the scientific disciplines and some of socio-economic systems
gained high momentum due to their high information content and ever developing technologies to extract and
analyze dominant information [Jain 1995]. such as to:
1) Identify roads, forests, grasslands. minerals, oil, rocks. soils, landforms. water, social acuivities. etc.
on the earth and to monitor development of facilities and resources. and also to model some of the
natural phenomenon [Curran 1988].
2) Identify air-borne targets in defense [Awcock and Thomas 1995].
3) Identify abnormalities and to locate tumors in human body [Awcock and Thomas 1995].
4) Recognize hand written and printed characters in man-machine communications [Jain 1995].
S) Identify criminals through fingerprints and facial features in forensic science [Jain 1995).
6) Verify signatures for security reasons and to establish identity of a person using fingerprints. palm
prints, retina images, facial features, etc. [Schalkoff 1989].
7) Control quality in production of printed circuit boards, construction and teaching, etc. [Awcock and
Thomas 1995, Gupta et al. 2000].
8) Identify objects and their ranges in robotic vision [Awcock and Thomas 1995].
9) Identify stellar locations in astronomy and to identify weak zones (cavities) in space borne materials

through non-destructive testing techniques [Crane 1997].
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10) Identify potential control points in an image for subscquent operations like 1mage morphing and
warping to cstablish animation in games and movics [Crane 1997].
11) Scientifically analyze chromatograph. chromosome, wcar particle size distribution in lubricating

oils. asbestos fiber, scanning electron microscopy, ctc. [Awcock and Thomas 1995, Crane 1997].

In this work the part of imaging systems namely the classification of remote sensing data is investigated.
Before we discuss about classification, a brief description of remote sensing and computer processing of

remote sensing data is presented in the next scction.
1.1 Computer Processing of Remote Sensing Data

Remote Sensing (RS) is defined as collection of information about an object (or phenomenon) and 1ts
surroundings without physically contacting the same [Swain 1978, Jensen 2000, Lillesand and Kiefer 2000].
An air-borme or a space borne remote sensing platform primarily consist of imaging sensors to acquire
information about the existing terrain conditions in the form of digital images in different wavelength ranges
in the electromagnetic spectrum. Terrain characteristics, concerned to electromagnetic waves. such as
reflectance, scattering, emission in each of the wavelength ranges is collected in the form of digital images
and these images are used in identifying the terrain as one of the land cover classes such as soil. water, rock.
crop. forest, etc. Further, remote sensing is also used for weather forecasting, atmospheric modeling. and
defense application. Remote sensing techniques like LIDAR (Light Detection and Ranging) are used for

detecting anomalies in Earth’s magnetic field and slides in layers of Earth.

Satellite remote sensing has been popular since the launch of the imaging satellite NIMBUS-1 n August
1964 by NASA under Nimbus satellite program [Szekielda 1988]. This program was aimed to develop an
observational system capable of meeting the research and development needs of atmospheric scientists.
Since then, applications of remote sensing data for earth resources gained momentum due 10 the easy
availability of image data from a number of remote sensing satellites launched in past four decades. Due to
their versatile use, a number of satellites are also planned in future. The information can be denved by the
two basic processes involved in remote sensing, namely, data acquisition and data analysis. Data acquisition
involves the sub-processes - emitted or reflected energy from energy source, propagation of the energy
through atmosphere, the energy interacts with earth surface features, after interaction a part of the energy is
re-transmitted through atmosphere, an airborne and/or space sensor senses the re-transmitted energy. the
output of sensor is recorded. The data captured by satellite are available in form of images. These images are
of two types — 1) Panchromatic and 2) Multispectral. Panchromatic images are comprised of a single spectral
band, whereas multi-spectral images are comprised of multiple bands. For example, the PAN sensor mounted

on IRS-1D provides panchromatic image and Landsat [Mowle and Dennetur 1991] Thematic Mapper (TM)



images have seven bands: blue, green, red, near-infrared (NIR), mid-infrared-I, thermal-infrared, and mid-

infrared-I1. These images arc 1n analoguc or digital form. For computer processing the analog images arc also

converted into digital form. These digital images consist of number of pixels (picture elements). By

analyzing the pixel values, an image classification system can extract various information from satellite

images, such as land use and land cover, hydrograph, water quality, arcas of eroded soils, etc. The data

analysis involves the following tasks [Jensen 2000. Lillesand and Keifer 2000]:

1.

Data is examined using imaging systems, or using various viewing and interpretation devices or by
visual interpretation. Here reference data such as maps and census data can help the interpretation.
The interpreted information can be compiled in hard copy maps and tables. However, recent trend is
to record this compilation in computer files.

Finally, the information is used by users for different applications in various fields.

During image interpretation, visual techniques make usc of the excellent ability of the human mind to

qualitatively evaluate spatial patterns in a scene. However, visual techniques has certain disadvantages:

1.
2.
3.

These may require extensive training
These are laborious
Spectral characteristics are not always fully evaluated due to limited ability of human eye to discern

tonal values on an image

In applications, where spectral patterns are highly informative. it is preferable to analyze digital image data

using imaging systems rather than visual techniques. Hence, remote sensing images are processed in the

following steps:

1.
2.

Image pre-processing to reduce geometric distortions. noise, spectral errors.

A more discriminating sub-set of features is selected depending on the application. In this stage, only
relative features are selected by eliminating irrelevant features and by grouping redundant features.
To reduce complexity and dimensionality of the problem, original variables are converted to
transformed variables such that the latter are functions of the former. Next step is the classification.
Classification of unknown pattern in one of the pre-specified classes is done by discovering some
similarity of the unknown pattern with one of the pre-specified patterns (supervised classification) or
automatically by natural grouping (unsupervised classification). This step is computationally
intensive and it closely resembles pattern recognition process [Patterson 1990].

The output of classification stage is Jvarious themes, which could be merged with other
geographically referenced data, and can be used for different applications or analysis purposes after

post processing like corrections in geo-referencing, attaching additional attribute data, etc



Classification is onc of the prominent steps and it 1s computationally intensive step in image analysis. Hence,

success of image analysis depends largely on classification accuracy and the classification time.
1.2 Classification

In classification, unknown pixel is classified into onc of the predefined classes using feature selection and
some classification technique. Criteria for feature selection and classification is developed with the help of
mathematical (or intuitive) theories [Schalkoff 1989]. Based on the way of implementation, classification
methods can be further classified as:

1) Supervised.

2) Unsupervised, and

3) Hybrid.

In the supervised approach, classification logic is developed with the help of some truth information (training
set). Membership of training samples in each of the classes is known before hand. Training data set 1s used to
develop the feature selection and classification logics. Test set is used to find the classification efficiency of
the classifier. Unsupervised classification logic, on the other hand, finds natural groups in the given data.
Due to capabilities to find natural grouping, unsupervised classification can be said as an aide to supervised
methods [Swain and Davis 1978]. In hybrid classification. the classification logic can involve both
supervised and unsupervised approaches. The supervised classification methods have found their practical
utilization in interpretation of RS data [Mather 1987]. In the next two sections the development and
improvements of the classifiers over time has been discussed briefly. A detailed literature survey of these

techniques is given in chapter 2. where objectives of present research are also laid down formally.

1.3 State-of-the-Art of Classification of Remote Sensing Data by Supervised
Methods

Basic principle is to assign a class label to an object on the basis of its properties. Maximum Likelihood
Classifier (MLC). K-Nearest Neighbour (KNN) [Friedman et al. 1975] and a faster version of KNN [Sethi
1981], Minimum Distance, and Linear Discriminate Functions [Swain and Davis 1978, Devijver and Kittler
1982] utilize only .sl)_e_qgg!__i_r}_forrnation and their effectiveness depends on [Argialis and Harlow 1990]:
Q _a) The availability of feature@@ are invariant to the expected changes within the pattern classes. (Yl
b) The amount of discriminating information contained in the measurements (features),
¢) The effective utilization of the information in the classification algorithm, and —

L4

d) If the stated assumptions for the method are applicable to the training and test data sets.
R SUMpon



For recognition of complex and structured image patterns such as highways, airports, drainage patterns, and
landforms. only statistical approaches arc not adequate. In order to abstract the information from image
effectively, these complex patterns can .be recognized with structural pattern recognition methods [Banks
1990. Treash and Amaratunga 2000]. The techniques of structural pattern recognition is also applicable m
other ficlds like Natural Language Processing, which also uses some sort of classification or recognition of
patterns permissible by grammar of a particular language [Rohil 2000a].
o/

As spatial resolution increases, spatial context can contribute to efficient interpretation of an image. But,
prominent i:ﬁisjgg] ‘methods are not utilizing the spatial context. So, methods are also proposed to utihze
spatial context in addition to spectral information [Haralick et al. 1973, Khazenie and Crawford 1990,
Marceau et al.1990, and Lee and Landgrebe 1991]. Further, future of the scope of these prominent statistical
and syntactic (structural) methods 1s doubtful due to their weaknesses to handle high resolution (spatial. (olie
spectral, radiometric and temporal) and multi-source data [Middlekoop and Jensen 1991, Serpico and Roli
1995, Solberg et al. 1996, Binaghi et al. 1997] such as:

a) Multi-sensory data

b) Large image sizes due to increased pixel resolution

¢) Many data sources such as topography, maps, and local knowledge

d) Nominal non-ordinal data in GIS

Prominent statistical and syntactic (structural) methods are easy to implement, can also take into account the
spread and orientation of classes in the multi-dimensional space. However. the use of the prominent
statistical and syntactic (structural) methods can be justified only when large sample size is given and the
pixels in these samples are spectrally uniform so that the samples can be muluvanate normally distributed
with a single mode (peak) in the multidimensional histogram [Mather 1987]. These weaknesses of the
prominent statistical and syntactic (structural) methods lead to the development of Expert Systems (ES) and
Knowledge-Based Systems (KBS) for Image Classification [Goodenough et al. 1987, Jensen 1990, Mchldau
and Schiwengerdt 1990, Schenk and Zilberstein 1990, Middlekoop and Jensen 1991, Kartikeyan et al. 1995,
Dobson et al. 1996], which are found to be having the following additional qualities:

a) A strong relationship between rules in statistical pattern recognition and rules in Expert Systems

b) Ability to handle non-numeric data

c) Ability to handle information in an intelligent way

d) Ability to cope with uncertainty and probabilities

However, to be practically useful and productive. expert systems and knowledge-based technologies require
a large knowledge-base, a knowledge representation scheme, an efficient search and control strategy which

can intelligently handle diverse, non-exact, uncertain and inaccurate knowledge or information (even from



contradictory sources), yet these systems are required to be user-friendly and easy in use. These further
requirements of knowledge-based systems lead to fuzzy logic based classification methods [Wang 1990, Abe
and Lan 1995, Binaghi et al. 1997, Melgam et al. 2000, Bardossy and Samanicgo 2002]. As extended in
chapter 4. fuzzy logic based classification has many advantages over conventional statistical classifiers like

MLC.

1.4 State-of-the-Art of Classification of Remote Sensing Data by Unsupervised
Methods

The unsupervised methods simply determine the characteristics of non-overlapping groups of pixels in terms
of their attribute values. Two statistical methods, namely, K-means and ISODATA, are widely used for this
task. Mather [1987] describes these two methods in detail. Bezdek et al. [1986] developed Fuzzy C-means
method, which is an extension of K-means in fuzzy environment and Cannon et al. [1986] provided its
efficient implementation. Other unsupervised methods are proposed [Gath and Geva 1989, Delbo et al. 2000.
j ia and Richards 2002, Maulik and Bandyopadhyay 2003, Jia and Richards 2003] over time. Use of Markov
random fields for unsupervised classification [Nishii 2003] 1s also made to increase the posterior
_@pgjjliu_cs‘ofigggc:_t classification. An adaptive system for continuous classification from satellite image}_\'
[Saitwal et al. 2003] can make use of two probabilistic neural network classifiers and a context-based
predictor 1o perform continuous cloud classification. However. the major problems with unsupervised
classification are:

a) High computational time even for small size of image.

b) Lack of techniques to validate the clusters obtained after unsupervised classification

[Windham 1982].
¢) Most of the clustering schemes use some user-specified parameters and effect of these

parameters is not known to the extent so that clustering can be used for real life problems.

1.5 State-of-the-Art of Classification of Remote Sensing Data by Hybrid
Methods

Hybrid classification approach involves elements of both supervised and unsupervised analysis. Hybnd
classifiers are used particularly in analyses where there is a high degree of variability in the spectral response
patterns for individual cover types present in the data. These conditions are qui@common in such applications
as vegetation mapping in mountainous areas. Spectral variability comes about both from vanation within
cover types (i.e. species) and from different site conditions (i.e. soils, slope, aspect) [Lillesand and Kiefer
2000]. High degree of variability, further causes unpredictably many sub-classes in the individual cover

types. Because the elements of unsupervised classifiers are not well established to take into account even



small number of cover types, the hybrid methods currently involve more elements of supervised
classification than unsupervised classification [Lillesand and Kiefer 2000]. The practical usc of hybrid

methods is limited to verify uniformity of training sites used in supervised classification.

Further scope of hybrid classifiers depend on techniques available for hierarchical clustering, mult-
dimensional scaling, correspondence analysis, and texture analysis [Johnson and Wichern 2002. Shackelford
and Davis 2003]. These techniques are not well established even for very small size of data [Banks 1990.

Awcock and Thomas 1995, Johnson and Wichern 2002, Shackelford and Davis 2003].

After performing these classifications, we get themes of information classes, which can be used as layers in

Geographical Information Systems (GIS) for different applications.
1.6 Geographical Information Systems

A Geographical (or Geographic) Information System (GIS) is a computer system for capturing, storing.
querying, analyzing, and displaying geographic (or geo-referen&f:.cj?\(i‘ata [Chang 2002]. One of the best ways
to introduce GIS is to consider the generic types of questions Ahey have been designed to answer and the
functions they perform. These include questions about location, patterns, trends and conditions, and functions
of manipulation. windowing, spatial analysis (aggregation and classification). measurements (location,
perimeter, area, and simple or complex features), non-spatial queries, spatial queries, modeling (simulation
of ‘what i’ scenario), proximity, boundary operations, and logical operations [Holdstock 1998, Boyle et al.

1998, Heywood et al. 2002].

Since the beginning (late 1960s), GIS has been important in natural resource management, such as land use
planning, timber management, wildlife habitat analysis, riparian zone monitoring, and natural hazard
assessment. In more recent years, GIS has been used in emergency planning. market analysis. facilities
management, transportation planning, and military applications [Bowman 1998, Choudhry and Moard 1998,
Zheng and Baetz 1999]. Integration of GIS with other technologies such as Global Positioning System (GPS)
and the Internet has introduced new applications such as precise farming, interactive mapping on the Internet,
and location-based services management [Chang 2000, Rohil 2000c, Gupta 2002, Gupta and Rohil 2002,
Heywood et al. 2002].

Data in GIS is organized in such a way that they can be envisioned as digital layers or coverage of
information. Each of the coverage is registered to the same common map base: each has a distinct type of
features, points, lines or polygons. The GIS stores the spatial data and attribute data. Coverage represents a

single theme, such as soils (polygon), streams (line), roads (line) land-use (polygon) and wells (point)



[Holdstock 1998]. The spatial data concepts presented to a uscr, by GIS, are required to be closely related to
the source data, and from these concepts a computer based spatial model may be constructed. In this respect.
there tends to be an emphasis on the geometric primitives that characterize spatial data (obtained cither as a
result of classification or by survey). There are two broad categories of spatial data models encountered 1n a
typical GIS. These are the vector data model, which represents phenomena in terms of the spatial primitives.
or components consisting of points, lines, areas, surfaces and volumes, and the raster data model (sometimes
referred to as the grid model) that represents phenomena as occupying the cells of a predefined, grid-shaped
tessellation. The vector model emphasizes the cxistence of discrete phenomena, delineated by their
boundaries (points, lines and surfaces). The expression vector-model arises from the fact that the primitive
spatial entitics are themselves usually defined in terms of coordinates. Raster model places emphasis on the
contents of grid-cell locations in space and hence regarded as a form of sampling. Raster based spaual
models regard space as tessellation of cells, each of which is associated with a record of classification or

identity of the phenomenon that occupies the cell. One layer is required to represent one class.

If all layers have same grid-size, the raster model offers easy and fast overlay and arithmetic operations on
one or many layers as compared to vector model. However, raster model needs more storage space, more
time for display, and is less accurate in geo-referencing as compared to vector model [Chang 2002, Heyw cod
et al. 2002). But, as most of the data acquisition and display devices operate in raster mode, the raster data
has to be converted to vector model to get advantages of vector representation. GIS users can process
satellite images (and other remote sensing data) and extract data, by means of classification, for a variety of
maps in vector format such as land use and land cover, hydrograph, water quality, and areas of eroded 5(;; s
The following characteristics of satellite remote sensing data make them of immense value as a data source
for GIS [Curran 1988]:

e  Wide availability:

e Low cost (compared to other remotely sensed images);

e Wide area views;

e Time-freezing ability;

e High spectral and spatial resolution;

e Three-dimensional perspective and

e Readily digitized.

Classification plays an important role in many of the functionalities of GIS.



1.7 Importance of Classification in Geographical Information Systems

1.7.1 Geographic Visualization

Geographic visualization has the samc objective as cxploratory data analysis [MacEachren 1995]. Mainly,
four applications of classification are used for geographic visualization i.e. data classification. spatial

aggregation, multiple maps in a view, and map comparison.
1.7.2 Data Classification for Creating New Data

Data classification is probably the most common method for map manipulation. The method is useful for
data visualization as well as for creating new attribute data and new maps. Classification aggregates data and
map features using a classification method and a number of classes. By changing the classification method
and the number of classes, the same data can produce different looking maps, each with its own spatial
pattern. Cartographers often make several versions of the maps from the same data and choose one -typically
one with a good spatial organization of classes — for final map production. For data exploration, classification
is most useful in separating spatial data by some d_eic_:r)il_)}_i\_/gﬂs}-at_is_t_ig. As a tool for data exploration, data
classification can offer additional information by linking a classified map with other attributes that are not
used in classification. New attribute data for a vector-based map can be created by selecting a data subset.

that is. records that fall within a class according to the classification scheme and assigning a value to the

selected data subset.
1.7.3 Data Reclassification

Creating a new raster model by classification is often referred as reclassification, recording, or transforming
through look-up tables [Tomlin 1990]. Two methods of data reclassification may be used. The first method i;
a one-to-one change in which a cell value in the input grid (spatial reference in a layer, and layer in tumn
maps an geo-referenced feature) is assigned a new value in the output grid. The second method assigns a new
value to a range of cell values in the input grid. Floating-point grids can only be reclassified by assigning a
new value (may be spatially interpolated or extrapolated) to a range of cell values in the input gnd.
Reclassification of a floating-point grid results in an integer grid. Raster data reclassification is an important
function in data exploration and data analysis. It has the following applications:

e Data simplification: Reclassification can group continuous slope values into a set of classes. for

example, 1 for slopes of 0%-10%, 2 for slopes 10%-20%, and so forth. |

e Data Isolation: Reclassification can create a new grid that contains a unique category or value such

as irrigated. or a range of values such as slopes of 10%-20%.



e Data Ranking: Reclassification can crcate a new grid that shows the result of the ranking of the cell-
values in the input grid. For example, a reclassificd grid can show the ranking of 1 to 5, with 1 being

least suitable and 5 being most suitable.

1.7.4 Spatial Aggregation

Spatial aggregation 1S similar to data classification except that 1t groups data spatially. The levels o
geographic units form a hierarchical order, and we can aggregate data from one lower level to a higher level.
Displaying aggregated data at different levels offers a view of the effect of spatial scaling. If distance is the
primary factor in a study, spatial aggregation can be based on distance measures from points, lines. or areas.
Spatial aggregation for raster data means preparing a coarser-resolution grid and computing values of the
larger cells. This may use some contextual classifiers for both accurate interpolation and assigning

appropriate class to coarser grid.

To integrate diverse sources of data with GIS, data representation schemes for GIS, spatial data analysis. and
to solve specific problems in GIS uses of artificial intelligence techniques are investigated. illustrated arné
proposed [McKeown 1987. Jia 2000. Rohil 2000c]. The recent trend is to use artificial mtelligence
techniques for all these tasks [MacKeown 1987]. For example, Rohil [2000b] illustrates use of fuzzy log:c

techniques for remote sensing data analysis and geographic visualization.

1.8 Research Agenda

ey (brd
From the discussions in the earllir_jectlo)s of this chapter. we can establish that classification plays :
fundamental role m‘ﬁ;térpretawnd em\a )'515 of remote sensing data. The conventional classifiers like ML
are t00 intensive computationally to integrate with GIS applications. When using conventional classifiers. i~
classification accuracy achieved is highly dependent on training data [Mather 1987, Wang 1990] because -2
conventional classifiers work well only when all the classes are multivariate unimodal normally or gauss:z=

distributed. A need is always felt to develop new classifiers or to modify existing classifiers 1o enhan:@

accuracy and fegjyce classification time and that are less _(_i_gggndeng on tramma sites and particular probabi.ltn
distribution [Melgatii 2000]. @ 1,
N

!
Further, the output of classifiers has to be mﬁd with (:J_I_§ However, the need of on-line merger of t=e

RSV

themes is also felt apart from off-line due to ever increasing resolution (spatial, spectral, radiometric 2-d

O

temporal) of remote sensing data and diverse applications of GIS. It is required to integrate not only 1=e

remote sensing data acquisition process but also the classifiers in GIS.
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In the next chapter, these problems and rescarch in these areas are investigated through literature review to

lay down formally the objectives of the present research work.
1.9 Organization of the Thesis

A bricf introduction to imaging systems, classification. remote sensing. GIS and definition of various terms
are given in this introductory chapter. The major problems in imaging systems, especially in classification
stage are summarized, the latest research trends, and importance of classification in GIS have been discussed

in this chapter. The state-of-the-art of the classification approaches is also discussed briefly.

In chapter 2. detailed literature survey has been presented on the classifiers that apply various approaches -
supervised and unsupervised, non-probabilistic and probabilistic statistical classifiers, artificial neural
networks, Fourier and wavelet transform, Knowledge-based Systems, Knowledge-based Expert Systems, and
Fuzzy Logic - to investigate various problems. First general references of supervised and unsupervised
classifiers are discussed and then the more specific references involving improved versions are discussed.

The trends of handling varying resolution and multi-source data for classification are also surveved.

Chapter 3 explains the required theory. mathematical expressions for univariate and multivariate parameters
like mean, covariance, standard deviation. various distances, divergence, transformed divergence and Jaffrie-
Matusita (JM) distance, and basic and improved versions of the conventional supervised classifiers.
Emphasis has also been given on the techniques used for assessment of a classifier. The interpretation and
physical meaning of the various parameters 1s also explained. This chapter also explains concepts to be used
for fuzzy classification and its advantages. apart from the a brief review of fuzzy set theory and fuzzy
systems including an explanation of how to handle uncertain and vague knowledge to reason in fuzzy

environment and hence improved performance of fuzzy classifiers.

Chapter 4 discusses the proposed new statistical and fuzzy supervised classifiers. A statlsncal superv 1sed

oy : : a
classifier is proposed with its_five varants assuming equal APT‘O“ probability and normally distributed

training samples. This chapter explains a technique of handling overlapping in normal probability

distributions in univariate data and five variants of this technique are proposed. Thirteen new fuzzy

superwsed c13551ﬁers and the technique of handling overlapping in probability distributions of classes in

fuzzy environment are also discussed. Two more, fuzzy methods are developed, but are not included for

detailed analysis and interpretation due to their poor performance.

Chapter 5 includes an improved explicit fuzzy method. Here an existing explicit fuzzy method [Melgani et

——

al. 2000] has been improved in the modulation stage and justifications has been given why the proposed

11



modification gives better results. With the proposed improvement the method is not only made faster but also
it demonstrates better accuracy (in overlapping cases) as compared to conventional mcthods and existing

explicit fuzzy method [Melgani ct al. 2000].

Chapter 6 cxplains the data reporting for the mvestigation of various algorithms and cxplains the
implementation of the computer programs for various tasks. The chapter discusses four different cases of
separable and overlapping classes. The method of performing investigations on the 20 algorithms is also

explained in this chapter.

Chapter 7 details the interpretation and analysis of the results obtained by exccuting 20 algorithms on the
four cases. In this chapter, the color plots of the results are presented in combinations of 1, 2, 3 and 4 bands.
Graphs are presented for overil[ accuracy, KHAT, §tatistics computing time, class assignment tme and total
cla§§iﬁ9ati9n time.

Chapter 8 lists the conclusions of the thesis work.

Chapter 9 explains scope for further investigation and research of the present work. Following the chapter 9.

the List of References is appended.

Seven appendices follow the list of references. The Appendix A explains how to use Fuzzy logic in LP{
WinProlog programming language. Here only important guidelines and clauses, which are directly related to
fuzzy systems. are given. Appendix B contains the calculated statistics of all pixels, training pixels and test
pixels of the various sites of the four cases. These statistics involve their count. mean vector. covariance
matrices, and correlation matrices. The Appendix C contains tables containing results about overall accuracy
and KHAT achieved by 20 algorithms and time taken by the same when each is executed on the test data
represented in combinations of 1. 2, 3, and 4 bands. Appendix D contains confusion matrices for
performance of classifiers and also contains data about K-matrices, which are used to resolve overlapping
cases. As we need overall accuracy from the confusion matrix, which is already tabulated in appendix C.
only the confusion matrices for case 1 in combination four bands are given. Appendix E contains compleze
listing of all the programs developed for this work in LPA WinProlog. Appendix F contains derivation of
parameters of univariate beta-distribution. The results of this derivation are finally used in estimating the
parameters of beta-distribution in two fuzzy classifiers that are based on univariate beta-distribution. At last.
the Appendix G lists the research papers (or abstracts) presented, published or communicated for publication
from this research work. Among these, one paper has been awarded ISRS OPTO-MECH award for being

best paper and another paper is awarded with commendation certificate.
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CHAPTER . e e
Literature Survey and Objectives of the Research

2

2.1 Introduction

espite over 40 years of remotely sensing earth from space at optical and other wavelengths, consistent
D global-scale land cover information still eludes us. Part of this problem lies in the absence of universal
definitions of what information is needed and more importantly, what technologies and methodologies can be
effectively and efficiently mustered to collect, assimilate, and interpret the information at such scales. The
remotely sensed data requires processing to obtain the synoptic view of the earth’s surface in the form of
classified thematic maps. This is done using a method of categorizing (classifying) digital data into pre-
specified groups. Digital methods consider the reflected radiation from different bands as digital numbers
located in a feature space and apply pattern recognition [Watanable 1969] techmques to build classification
models for discriminating land covers. However, the selection of classification model depends on number of

factors like desired accuracy. intended purpose of the results of classification. number of features in use. cic.
2.2 Literature Survey

In general. the classification methods [Tou and Gonzales 1974. Narendra and Goldberg 1977. Venkateswariu
and Raju 1991, Lillesand and Kiefer 2000] can be grouped as statistical (decision theoretic) and syntaciic
(structural or linguistic). Supervised and unsupervised image classification [Tou 1974, Hord 1982. Dobsor: et
al. 1996] using statistical methods have been found to be very successful with remote sensing data at local to
regional scales, generally yielding 85% to 90% correct classification within a scene. When, insufficient
observations or documentary evidence of the nature of the land-cover types is available for the geographical
area covered by a remotely sensed image, it would not be possible to estimate the_mean centers of the
classes. Moreover, the number of such classes will be unknown. Unsupervised classification dlrect‘l‘y strikes

at this problem to assist an analyst to estimate the numbeﬁnatural clusters.

A

Unsupervised classifiers involve algorithms that examine the unknown pixels in image and aggregate them
into a number of classes based on the natural grouping or clusters present in the image values. Unsupenvised
classifiers do not utilize training data as the basis for classification. The basic premise is that values within a
given cover type should be close together in the measurement space whereas data in different classes should
be comparatively well separated. The classes that result from unsupervised classification are spectral classes.

Because the spectral classes are solely based on the natural groupings in the image values, the identity of



these will not be initially known. The analyst must compare the classified data with some form of reference
data (such as larger scale imagery or maps) to determine the identity and informational value of the spectral
classes. Thus. in the unsupervised approach we determine spectrally separable classes and then define their

informational utility.

There are numerous clustering algorithms (unsupervised classifiers) that can be used to determine the natural
spectral groupings present in the data set. Tou [1974]. Jensen [1986], and Mather [1987] detail out the two

common forms of clustering, K-means and ISODATA approaches. Due to iterated migration of the means

and distance calculations K-means is computationally intensive even for small size of images. ISODATA

e
U

algorithm is even more computationally intensive than K-means algorithm due to expansion and shrinking of
the clusters apart from the calculations for migrating mean and the distances. The major problems in

unsupervised classification are:

1) High computational time even for small size of image.

2) Lack of techniques to validate the clusters obtained after unsupervised classification [Windham
1982].

3) Most of the clustering schemes use some user-specified parameters and effect of these parameters 1s

not known to the extent so that clustering can be considered practical to generate themes to be

merged with GIS.
4) The performance of the clustering algorithms varies with the number of clusters required [Gath
1989]. Q mowmf,y;fm- I ingna 4
5) The effects of band reduction and using additional features are not known to extent that the

clustering schemes can be considered practical for GIS applications.

GIS uses vector and raster data. Classification has been always important for converting data from raster to
vector and vice-versa. High accuracy is always desired for vector data to be practical. As there are no
acceptable methods to validate the clustering in context of GIS. the use of unsuperyised methods for GIS 1s
neither feasible nor practical with the present state-of-the-art of the unsupervised classifiers. As in some of
the GIS applications like navigation, dynamic data is required and which has to be updated online based on
the current position. Unsupervised methods, which are computationally intensive, may not provide resuits in
synchronized manner. Moreover, due to limitations of cluster validation certain errors may be propagated
during this process. In GIS, all objects are to be geo-referenced. Due to lack of techniques for detecting the
magnitude of the errors in the classification of unsupervised classification data, geo-referencing cann;t be
done acceptably. Use of contextual information can improve upon this accuracy but then complex image
processing tasks for establishing and using contextual information are implemented off-line in almost all
GIS. The spectral classes resulted from unsupervised methods have to be assigned labels of information

classes. This task can be done either by a trained analyst or by an expert system. When making use of
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unsupervised classifications for GIS, an expert system or knowledge-based system will be an additional

requirement. These additional systems are though practical but are not easy to integrate with GIS.

Due to number of limitations of unsupervised classification, supervised classifiers are recommended for GIS
mput. Hence, the present work deals only with superwsed classifiers. Non-probabilistic statistical supervised
classifiers, which E—oﬁtwa_s;umc any probability distribution, are distance classifiers (or centroid classifiers)
and parallclepiped classifiers [Swain and Davis 1978. Mather 1987]. Further, the distance c13551ﬁers use
Euchdean distance and Mahalanobis distance measures [Duda and Heart 1973. Mather 1987]. However
these distance methods ar(;;;mputanonally intensive and are not able to account for the high correlation and
overlapping in classes. Fast distance classifiers [Swain and Davis 1978, Hodgson 1988, Bryant 1989] use
computational logics like contextual information, ensemble average [Zaki et al. 1989] or nearest neighbour
distance (NDD) [Hodgson 1988], which makes them fast. NDD is distance of a class from its nearest class.
During classiﬁcatiora/pixel is con;sidered to be nearer to one class by looking if it is within one-half of the
NDD or not. However, these approaches can speed up the classification at the most by two folds as compared
to Euclidean distance classifier. Except those based on the contextual information approach none of these
approaches could add to the classification accuracy. The major problem with NDD is that some pixels are

unclassified.

Mahalanobis distance based classifiers [Mather 1987, Zaki et al. 1989] can account for covariance and can

provide higher classification accuracy, provided the samples are multivariate unimodal normal distributed.

But due to matrix multiplication this method is slow and with increasing dimensionality (number of bands or
channels) more computations are required due to need of finding inverse of square matrices (number of such
matrices is equal to the number of pre-specified classes). During the classification stage. each pixel’s
Mahanalobis distance from each of the given classes has to be calculated, which lead to high classification
time and increases with the increase in the number of bands used for data representation and number of

unknown samples to be classified.

The parallelepiped classifiers use regions, defined in terms of lower and upper bounds of values in the bands

————

for each of the pre-specified training samples [Mather 1987, Lillesand and Kiefer 2000). These classifiers are
also very fast and efficient computationally. However, difficulties are encountered when category ranges
B_X@P' Unknown pixel observations that occur in the overlap areas will be classified as “not sure” or be
arbitrarily placed in one (or more) of the overlapping classes. Overlap is caused largely because of the
category distributions exhibiting correlation or high covariance are poorly described by the decision regions.
In the presence of high covariance. the decision regions fit the category training data very poorly resulting in
confusion for a parallelepiped classifier. Unfortunately, spectral response patterns are frequently highly

correlated and high covariance is often observed among them.
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The most popular probabilistic statistical classifier is Maximum Likelihood Classifier (MLC) [Mather 1987,
Venkateswarlu and Raju 1991). Lee and Landgrebe [1991] and Venkateswarlu and Raju [1991] proposed
faster versions of MLLC. Venkateswarlu and Raju [1991] used a linear algebra theorem, which defines the
ranges of a quadratic form [Eppler 1976, Venkateswarlu and Raju 1991] with the MLC and achieves a speed-
up of about 1.5 over conventional MI.C, and further speed-ups can be obtained by using lower triangular
form, threshold-based logics, and partial sum approach [Bryant 1989, Venkateswarlu and Raju 1991]. Lee
and Landgrebe [1991] proposed a multistage MLC in which some groups are terminated at each stage by
using a few number of variables reduced by some type of threshold information. Further improvements in

speed can be achieved by using feature selection, transformed variables, look-up table operations and by

using contextual information in MLC [Swain and Devis 1978]. However, these techniques are not well suited
to global-scale application because the multivariate spectral signatures are: 1) sensitive to sensor ¢ cahbratlon
uncertainty, 2) dependent upon illumination geometry, 3) sensitive to local atmospheric conditions. and 4)
may vary from year to year. There have been numerous attempts to classify land cover and other geophysical
quantities [Siegal and Gillespire 1980, Gath and Geva 1989, Dobson et al. 1996. Gorte and Stein 1998]. A
comparative study of many of the classification attempts [Goldberg and Scilien 1978, Harsanyi and Chang
1994, Paole and Schowengerdt 1995, Dobson et al. 1996] indicates that they are either class oriented or
attached by complex and time—consuming procedures making them almost impractical to apply over an
entire image. Table 2.1 further summarises some advantages and disadvantages of some selected

classification approaches.

Algorithms based on Fourier transfolrms can classify pixels of an image independently of the classification of
their neighboring pixels [Stromberg and Farr 1986]. However, these are computationally intensive. The
methods based on “f_‘_’,e.lg transforms [Simhadri et al. 1998, Fukuda and Hirosawa 1999] can be faster than
those based on Fourier trans%c?rms and we need not constraint to use only sinusoidal functions. which are
computationally intensive due to series expansion. However, a function, used for wavelet transform,
providing accurate results to discriminate one set of classes may not achieve higher accuracies when

classifying another set of classes with similar overlapping [Gonzalez and Woods 1993). 1)

A faster classification algorithm was introduced for Hyper Spectral Image Classification by reduction of
dimensionality using projection approach [Harsanyi and Chang 1994]. Efforts are also made to detect
features by using just one band [Kaufman and Remer 1994]. Use of just one band reduces computational
time and complexity but only one type of land-cover is detected at a time. In most of the times, this becomes
domain specific. Some attempts have been made to obviate this restriction [Abe and Lan 1995].

Though digital methods are fast and accurate when their model assumptions are true, their success has been

limited due to the natural variability of the landscape and the over simplicity of their model assumptions. In
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practice different land covers have diffcrent probability models and the spectral signature of each class varies
dynamically according to context. Thus, there is a need to consider the dependencies of features based upon
spatial context and other factors external to the scene [Binaghi et al. 1997]. The possibility of improving
classification by using spatial context increases with increasing resolution but the current methods, like
autocorrelation [Gonzalez and Woods 1993] for finding context information arc computationally very
intensive. Moreover. to perform classification, algorithms have to use syntactic approach, which may further
requirc computationally intensive graph traversal algorithms. If one wants to use external features like
thematic layers for establishing context, the available accuracy of the thematic maps are not consistent with
the resolution of the remote sensing data. More errors (of unknown magnitudes) are introduced if these
thematic maps are re-sampled to make them consistent with the remote sensing data. The re-sampling
operation is also computationally expensive due to interpolations. Hence, using context is though practical
but it has its problem to integrate with GIS with current state-of-the-art techniques. 7 -

Feature reduction [Mather 1987]. most of the times, improves classification accuracy and at the same time it

e T

speeds up the classification process. Slight improvement in classification accuracy has been achieved by
automated reduction of Hyper-spectral imagery using wav elet spectral analysis [Kaewpijit et al. 2003].
However, feature reduction methods can be used to classify less number of classes and the selection of
features depends on particular application. This dependence is mathematically complex to establish [Remer

and Kaufman 1994].

Supervised and unsupervised Artificial Neural Network (ANN) architecture has been widely applied in
image enhancement. pattern recognition. image segmentation. etc. [Yoshida and Omatu 1994, Baraldi and
Parmiggiani 1995, Serpico and Roli 1995. Paole and Schowengerdt 1995, Dobson et al. 1996]. ANN
architecture: 1) is much faster than conventional ones [Tou 1974, Jensen 1986, Lillesand and Kiefer 2000]
hke K means. and ISODATA. 2) does not require a priori knowledge of the classical statistical distribution,
Le., c}'lstnbuuon free [Dobson et al. 1996, Goldberg and Scilien 1978]. and 3) does not require a priori
specification of the weight that each data source must have on the classification process, 1.¢., it is preferable

for multi-source remote sensing data classification. However. these algonthms are computatlonall\ intensive

and to make them robust, 2 large database 1s required.

e i = e

?

4

To solve the problems [ posed by ANN. classifications are being tried by Artificial Intelligence methods, like

Knowledge Based Expcrt Systems [Dobson et al. 1996]. To obtain the ad\ antages of both methodologies,

s et

i.e., the human experts’ method of considering spatial and other ancillary information in the data analysis. led
to what is called knowledge based expert system (KBES). There have been few approaches of KBES to

analyze remote sensing data for land cover classification. The rule-based. frame based and the blackboard

architectures are some of the popular models However, such classifiers need exposure to structural classes

B
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from a wide varicty of ccosystems at various times of year in order to validate the spatial and temporal

stability.

A fuzzy rule-based classification algorithm, where fuzzy rule system is derived from training set using
suﬁu?z?ztc-ciwanncaling as an optimization algorithm is proposed [Bardossy and Samanicgo 2002]. This mcthod
shows shight improvement, 0.4 %. over MLC in terms of classification accuracy by using only nine rules for
four different land cover classes. Many fuzzy-logic based methods have been experimentally tested [Binaghi -
et.al. 1997] and arc found to perform better than MLC. Wang [1990] proposed a fuzzy classification method, .

where multivariate normal distribution is assumed. In Wang’s [1990] approach, by using pre-calculated

fuzzy mean and fuzzy covariance, the fuzzy membership of the pixels in each of the given classes can be
cachchz;‘and thl;S the pixels can be soft classified into the number of classes with varying degree of fuzzy
membership. During defuzzyfication an “unknown™ pixel is assigned to the class where it has maximum
fuzzy membership. Although Wang's approach has advantage of achieving higher classification accuracy, it
requires more classification time as compared to MLC. (ih‘en [1999] proposes a further slower method but

achieving higher classification accuracy.

Integration of images with GIS plays an important role and some attempts are made in this direction.
Sophisticated digital techniques have been developed to tackle specific image processing tasks in the analysis
stage and the need for efficient reference to collateral data like maps have led to special handling systems
called GIS [Kartikeyan et al. 1995. Jia 2000]. A framework to represent a broad class of problems in the
analysis of remote sensing imagery is proposed and an inference engine to tackle such problems is derived
[Kartikeyan ct al. 1995]. A simple model for spectral knowledge representation is used along with a method
for quantification of knowledge through an evidence calculation approach. An automatic knowledge
extraction technique [Kartikeyan et al. 1995] to gather knowledge from training samples is also proposed.

~———

The proposed approach [Kartikeyan et al. 1995] has the advantages of avoiding commission errors and can

incorporate non-spectral and collateral knowledge, while its accuracy using only spectral knowledge is

comparable with MLC.

Jia [2000] proposed a tool for integrating KBES with GIS and infer solutions after this integration. ¢ the
spatial knowledge is represented using Expert Systems techniques and then reasoning with this knowledee
can generate decision-tree, which can be used for classification. However, Jai [2000] used this method for

classifying roads based on their uulity.
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TABLE 2.1

COMPARISON OF SOME SELECTED CLASSIFICATION APPROACHES

SNo Classifier Approach Advantages Disadvantages l
1. Maximum Likelihood | e Can resolve normally distributed | o  Have singularity problems
('lassifier classes with diverse covariance e Requires priori estimation and
[Mather 1987] ¢ (Can adapt to training sites uniform training samples '
\ ; e  With increasing resolution, it 15 |
‘ difficult to obtain representative
training samples I
2. Context Based e Can improve accuracy e  Computationally intensive :
[Binaghi et al. 1997] e Good for detecting both linear | e Requires external features to
and regional features find context information |
3. Fourier Transform [Stromberg | o Classify  pixels of image | ® Requires more computing time !
and Farr 1986] independent of the classification of |  [Simhadri et al. 1998]
their neighboring pixels e Requires heuristic extensions to
e More suitable for detecting linear real environment
features like roads, railway-lines, |
etc. j
4, Wavelet Transforms e  Good for temporal analysis e  Computationally intensive |
[Fukuda and Hirosawa 1999] o  Faster than Fourier Transforms e Results may not agree at mulu-
resolutions i
5. Dimensionality Reduction e Becomes problem domain | e Can detect only less number of I
[Remer and Kaufman 1994] specific classes |
o Computational time and
complexity is reduced i
6. Projection Approach e Applicable to spectrally poor as | e Performance varies depending l
[Harsanyi and Chang 1994] well as mixed pixels on the particular scenario ;
i
7. Artificial Neural Network [ e Preferable for  multi-source [ o Computationally intensive when ;
[Pacle and Schowengerdt | remote sensing data on serial machine i
1995] e Do not require any priori | ® To make them robust. a need of E
knowledge of the classical statistics large database [Melgani 2000}
8. Knowledge-based or Expert | e Capable of handling multi-source | e  Needs large knowledgebase ;
Systems data ® Need controlled search stratec: |
[Kartikeyan et al. 1995] e Can handle non-numeric data B
L
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SNo Classifier Approach Advantages Disadvantages ]
9. Fuzzy Logic Based | o Capable of representing diverse, | ® User must  decide  about
Approaches  in General non-exact, uncertain, and inaccurate | suitability of fuzzy membership

[McKcown 1987, Wang 1991,
Melgans et al. 2000]

knowledge even from contradictory
sources

e A fast classification time

e Improved representaton  of
geographical information
e Improved estimates of
classification parameters
e Identification of cover class

components of mixed pixels

function

e  Multivariate versions are slow

o In casc of scparable classes only
marginal improvement n accuracy

is achieved as compared to MLC

%
|
i

spread of fuzzy covariance even in
case of overlapping and mixed

classes

e Chen’s approach 15 even more

e Higher overall accuracy as
i compared to MLC
10. | Multivariate Fuzzy Classifiers | o  Offers higher accuracy than | e Slower than MLC due to ininal
[Wang 1990, Chen 1999] MLC fuzzy membership calculations by |
e Can take into account wide [ using matrix multiplication |

slower due to iterative computations

ST Explicit fuzzy methods

[Melgani et al. 2000}

\
E
|
!
{
|
I

e Significantly faster than MLC
e Offers higher overall accuracy

for test samples

e The tested for overlapping and '

mixed classes only

e A parameter

obtained by

empirical observations is used 1o

control its performance

A classification is needed. which can be applied at regional to global scales and operates at a resolution

consistent with the need to retain measures of heterogeneity for certain applications like GIS. This is one of

the vital areas where remotely sensed data and their processing assist to determine the various land-covers

[Holdstock 1998]. Traditionally. pixel based approaches generate one-pixel-to-one-class mapping, which

makes these approaches more difficult as the area of interest contain a mixture of land-cover classes [Duda

and Heart 1973, Lillisand and Kiefer 2000]. Moreover. in the traditional methods like MLC or its faster

versions. the pixel may not be mapped to any class, if the probability that it belongs to a class is less than

some threshold, and hence the pixel is unclassified. In other words, if thresholds are not used, there mav be

some situations when the maximum likelihood is almost negligible or very close to its likelihood in other

classes. even though it is classified into one of the classes. Fuzzy classification has been used to deal with

mixed pixel problem that allows every pixel to have a membership value between 0 and 1 in every class. For

the classification of multi-spectral remote sensing data, some fuzzy supervised methods have been proposed



For cxample, Wang [1990] proposed a fuzzy supcrvised approach for fuzzy classification by using pre-
calculated fuzzy mean vectors and fuzzy covariance matrices. Chi- Fran Chen [1999] proposed fuzzy training
data for supervised classification by calculating fuzzy means neratwcly to a stable valuc and then performing
hard classification. Farid Melgani ct al. [2000] proposed a fuzzy supervised classification method based on
MIN fuzzy reasoning rule applicd after modulating standard deviation of each class in each band. This
method does not only demonstrate 7.2 fold sped up, but also demonstrates an improvement of 2.65% in
overall accuracy, over MLC, when applied on test samples. However, when it is applied on training samples.
it 1s slightly inferior (0.83%) to MLC in terms of overall accuracy. A method to classify high-dimensional
data, utilizing a two-stage classifier, is also developed and implemented [Tu et al. 1998]. Maulik and
Bandyopadhyay [2003] proposed unsupervised fuzzy partitioning using a real-coded variable-leﬁgth geriétic

algorithm with automatic evolution of clusters for pixel classification. A hlerarchncal fuzzy classification

approach making use of both spectral and spatial information has been proposed for High-resolution
Multispectral data over urban areas [Shackelford and Davis 2003]. Shackelford and Davis’s [2003] method
achieves 8 % to 11 % larger accuracies than MLC, but the authors present no analysis of classification time.
Moreover, this approach is applicable for urban areas. The major problem faced with hierarchical classifiers
is that these are computationally intensive and because of different standard being followed for the
hierarchical classification of the information to be derived from remote sensing data there is no proper
method of validation of the results achieved from these method and the problem become more severe if these
methods are used in other type of hierarchical classification scheme. A fuzzy logic classification scheme is

proposed [Moore et al. 2001] which is applicable only for ocean color satellite images.

Using current spatial and relational database technologies. all classifiers may not always process spatial data
efficiently and provide results in acceptable ume, because some tasks are time consuming especially the
calculation of class signatures and matrix multiplications. Therefore, the results of the various sub-tasks are
stored in some database for subsequent use. which need not be a relational database to cope with other
requirements like contextual and secondary information for classification. It may be object relational or
deductive q§}§@ses [Mckeown 1987]. The following are some issues related to thgcyla_s‘s_i_f‘icrs and .database
t»@n,o]ﬁolg_y being used for integrating remote sensing data with GIS: T

1. What should be the structure and organization of data files?

2. How to handle images which have been taken at various resolutions for the same area”? How to meree

such two images and store in database [McKeown 1987]?

3. How itcan be assured that an algorithm developed for low-resolution imagery will also work efficiently

and reliably on high-resolution imagery and vice versa [Hassan 1998, Dangermond and Schutzberg
1998]?

4. How to handle dynamic search of a potentially large database to decide what features to display based

(primarily) on their spatial location and intrinsic properties [McKeown 1987]?
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Present GIS software packages do not support complex image processing tasks, and image processing
software packages are off-linc which causes frequent delays before inputting data into GIS. Most of the GIS
have been developed only to process low-resolution satellite imagery and databasc storage is suggested
efficiently only for low-resolution imagery [Hassan 1998, Dangermond and Schutzberg 1998]. One of the
most attractive features of high-resolution satellite imagery is that it will cost much less to acquire data than
using altemative terrestrial and extraterrestrial approaches. It is expected that high-resolution data will result
in casier and faster data acquisition, lower overall cost. less uncertainty in the information produced by GIS,
and the availability of new data that could not be obtained before. For example, using current methods we are
able to detect some pixel (and hence geo-referenced area) belonging to a particular class say drainage, or
river. but what is expected is to even obtain complete network of drainage and rivers and to find the topology
of these features for various analysis. estimates and simulation of ‘what-if" scenario, by using artificial
intelligence techniques. However, to be able to use these high-resolution remote sensing satellite systems,
new flgorithinf_gnd tqqls f(_)r automated extraction of data from images captured from these systems are
needed. As these imagery becomes commonplace, there will be a need of GIS packages capable of
prggerging and e:ﬂgﬁ_@g_ data »frrorm them by t‘_}}r_gggv\_rintqgra‘tjpn of remote sensing data with GIS using the

techniques of fuzzy logic. artificial intelligence. pattern recognition, matrix algebra. etc.

2.3 Objectives of the Research

As revealed from literature survey, the following are the major problems with use of remote sensing data in
GIS:
o  Absence of universal definition of information to be derived from remote sensing data
e Conventional classifiers are efficient only for images of small sizes and low spectral resolutions
e Due to change of land cover over time. off-line classification is not of much use to analystK_ack of Wl ’
methodologies and techniques to correlate different types of databases o
e Techniques to integrate GIS database with classifiers are not developed properly to explore the
feasibility of dynamic database
To reduce some of these gaps, the present research is aimed at:
o Development or identification of suitability of some classifiers based on classification time, accuracy.
features used, and type of data to be classified, for classification of moderate size and moderm;_
S———

resolution remotely sensed imagery.

o Investigation of different approaches like fuzzy logic and logic programming such that classifiers can

efficiently convert data from one form to another at various stages and infer useful deductions through

classification.



CHAPTER
3 Theory — Concepts and Methods

3.1 Introduction to Classification

Onc of the most basic and essential characteristics of living things is the ability to classify, recogmze
and identify objects. Certainly all higher-animals depend on this ability for their very survival.
Without it, they would be unable to function cven in a static unchanging environment. This section discusses
the process of computer based recognition and classification, a process whereby computer programs are used
to classify and recognize various forms of input stimuli such as visual, acoustic or electromagnetic patterns.
In the subsequent sections, we will see that classification of remote sensing data is also similar to this
process. We will also see that the conventional Maximum Likelihood Classifier is also developed along these

concepts by making use of probability distributions.
3.1.1 Classification and Recognition Process

In artificial (or computer) classification or recognition, essentially four steps (Fig. 3.1), must be performed
[Patterson 1990]. In the first step, when sensory devices receive stimuli produced by objects. the values of
more prominent attributes and their relations are used to characterize an object in the form of a pattern vector

X. as a string generated by some grammar, as a classification tree, a description-graph or some other means

of representation. The range of characteristic attribute values is known as the measurement space Sy.. In the
second step. a subset of attributes whose values provide cohesive object grouping or cluéteﬁng. consistent
with some goals associated with the object classification, are selected to produce high intra-class and low
inter-class grouping. The subset represents a reduction in the attributes space dimensionality and hence
simplifies the classitication process. The range of the subset of attribute values 1s known as the feature space
Sr. In step three, by using the selected attribute values, object or class characterization mode;;re léémed
and stored for subsequent classification by forming generalized prototype descriptions, classification rules or
decision functions. The range of the decision function values or classification rules is known as the decision
space Sp. In the fourth step, recognition of familiar objects is achieved through application ostt—lh; rmles
learned in step three by comparison and matching of object features with the stored models. Refinements and
adjustments can be performed continually thereafter to improve the quality and speed of recognition (Fig.
3.1). There are two basic approaches to the recognition problem [Patterson 1990]; )
1. The decision theoretical approach

2. The syntactic approach
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Fig. 3.1 Process of Pattern Classification and Recognition

3.1.2 Decision Theoretical Approach for Classification

In decision theoretic approach, a decision function maps pattern vector X into decision regions of decision

space Sp as illustrated in the Figs. 3.2 and 3.3. More formally:

1. Given a universe of objects O = {0,, 02 03 0y, .... O}, let each o; have B observable attributes and

rotations expressable as a vector V = {v, v v ... Va}.

* Samples of class ¢,

+ Samples of class ¢

Cy
16

X1
+ + + + +
+ + +

4— dX)=xj0,+ x0; + ®3 =0

Fig. 3.2 Linear Decision Regions

2. Determine:

a). A subset /< B ofthe v;, say X = {x;, x, xy, ..., X}



b). For, C' 2 2 groupings or classifications of the o; which cxhibit high interclass similarities
such as a decision function d(X) can be found which partitions .S, into C disjoint regions.

The regions are then used to classify cach o,, as belonging to at most one of the C classes.

 Determining the feature attributes and decision regions requires stipulating or lcarning mapping from the

measurement space Sy to the fecature space Sy and then a mapping from 5, to the classification or decision

space Sp. Sy = Sk = S When a line d(x) (or more generally a hyper plane in B-space) can be found that

separates classes into two or more groups as in Fig. 3.2, we say that the classes are linearly separable. Classes

that overlap each other or surround one another. as in Figs. 3.3 (a) and 3.3 (b). cannot generally be classified

~ with the use of simple decision functions. For such cases, more general non-linear (or piecewise lincar)

functions may be required [Morrison 1976, Patterson 1990]. Altemative_ly,‘some other selection technique

- (like heuristics) may be needed. In cases where the attribute values are offered by noise or other random

fluctuations. it may be more appropriate to define probabilistic decision functions. In such cases the attribute
vector X are treated as measures of likelihood of class inclusion. For example. using Baye’s rule [Morrison
1976. Patterson 1990]. one can compute the conditional probability P(¢;[X). that the class of an object o, is ¢
given the observed value of X for o;. This approach requires a knowledge of the prior probability P(c,), the
probability of the occurence of samples from c;, as well as P(X|c;). A decision rule for this case is to choose

class ¢ if:

P(¢/X) > P(ciX) foralli =/ (3.1)

A more comprehensive probabilistic approach is one. which is based on the use of a loss or nsk Bavesian
function where the class is chosen on the basis of minimum loss or risk. Let the loss function L(i. j) denotes
the loss occurred by incorrectly classifying an object actually belonging to class ¢, as belonging to ¢, when
L(i. j) is constant for all i,j and i #, a decision rule can be formulated using the likelihood ratio defined z3
P(X|c;)/P(X|c;) The rule is to choose class ¢, whenever the following relation holds V j = .

P(X|e)/P(Xlc;) > P(X|e))/P(X

Cx) (3.2)

Probabilistic decision rules may be constructed as either parametric or non-parametric depending on t-e
knowledge of the distribution forms. The decision theoretic approach is apparently simple for twao-
dimensional case. However, in practice it is much more mathematically involved. We extend this concept .1
section 3.3 and 3.4 for multidimensional hyperspace. To classify B-dimensional data in one of the =
partitions of hyperspace classifiers make use of more advanced mathematical concepts like probabilistc
models. For example, Baye's classification [Swain and Davis 1978] on which the conventional classifier.
namely, Maximum Likelihood Classifier [Swain and Davis 1978, Mather 1987] is based, makes use of

conditional probability.
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Fig. 3.3 (a) Example of Nonlinearly Separable Classes
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Fig. 3.3 (b) Example of Nonlinearly Separable Classes
3.1.3 Syntactic Classification
The syntactic recognition approach is based on the syntactic “structure” among the object classes. With this

approach a grammar or generative grammar, defined in terms of an alphabet of character or terminal words

the vocabulary, is based on shape primitives.
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3.2 Digital Image Processing of Multispectral Data

Digital 1image processing has developed rapidly because of the need to process digital MSS data from
[andsat and other satellite bascd sensors. In principle, digital image processing involves data processing,
image enhancement, and 1mage classification, the latter two at times considered as part of image
interpretation. Computers are used n various phases of data manipulation and analysis and in more
sophisticated information extraction methods. They are also instrumental in integrating remote sensing
results into other data sources in models for status assessments and interpretations. decision-making, and
operational control. Computer classification eliminates the repetitious judgment of a human operator and
increases the detail of the classification. Extensive interaction with a human interpreter is still required
because the “ground truth” requirements are very similar to those of photo interpretation. Known examples
of the classes selected for classification must be identified for the computer as training sets. The computer
abstracts the mean and standard deviation of each of the spectral measurements for all elements in each
training set. For maximum error at the 95% confidence level, the minimum sample size per field must vary

between 1 to 58 pixels for ground radiometric and airborne MSS measurements [Curran 1988].

Subsequent discussions require multivariate expressions of mean vector, biased estimates of covariance
matrix. and unbiased estimates of covariance matrix. which for a population of n samples are given by

equations (3.3). (3.4), and (3.5) respectively [Morrison 1976. Hair et al. 2003).
1 n

p= ’—IZx, (3.3)
| = ,
thxvc = "—; z:(\, —”')(xj —”') } (34)
r=1
R .
) =ﬁz{(x' —p)(x; — ) } (3.5)
i=1

In analysis of remote sensing data, unbiased covariance matrix 1s used, and for simplicity it is called as
covariance matrix [Mather 1987]. Another type of matrix, called corelation matrix. R, whose elements are
related to those of the covariance matrix by equation (3.6). can also be used to establish corelations among

bands.

i ST (3.6)

where, v,; = i,/" element of covariance matrix
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3.3 Conventional Non-probabilistic Supervised Classifiers

1

There arc three basic steps involved n a typical classification procedure. First, the analyst identifics
j’rcprf:scmauvc training arcas and develops numerical description of the spectral attributes of cach land cover
i1typc of interest in the scene. Second, in the classification stage, each pixel in the image data set 1s categorized
fmto the land cover class it most closely resembles. If the pixel is insufficiently similar to any training data
set, it is usually labcled unknown. The category label assigned to each pixel in this process is then recorded
in the corresponding cell of an interpreted data set. Thus. the multi-dimensional image matnx 1s used to

develop a corresponding matrix of interpreted land-cover category types. After the entire data set has been

categorized, in third stage, the results are presented in the output stage. Being digital in character, the result
may be used in a number of different ways. Three typical forms of output products are thematic maps. tables
* of full scene or sub-scene area statistics for the various land-cover classes, and digital data files. which are
~ also amenable to inclusion in 2 Geographic Information System (GIS). In this later case the classification
output become a GIS input. In this section emphasis 1s given on the conventions statistical methods for

supervised classification.
3.3.1 Minimum-Distance-to-Means Classifier

First the mean or average spectral value in each band for each category is determined. These values comprise
the mean vector for each category. A pixei of unknown identity may be classified by computing the distance
between the value of the unknown pixel anc each of the category means After computing the distances the

unknown pixel is assigned to the closest class as given below.

Xewie{l23.....oooornn m} if
g (X) < g (X) for all j=1i (3.7)
g (X) = (X- M) (X-M) (3.8)

where, m =no. of classes

w; = i" class

M, = Mean vector of the i class calculated by using equation (3.3).
If the pixel is farther than an analyst-defined distance from any category mean, it would be classified as
“unknown.” ThisA strategy is mathematically simple and computationally etficient but it has certain

limitations. Most importantly, it is insensitive to different degrees of variance in the spectral response data
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Because of such problems this classifier is not widely used in applications where spectral classes are close to

" one another in the measurement space and have high variance [Mather 1987, Lillesand and Kiefer 2000]. As
g (X) =(X'=M,)(X-M,) (3.9)

: therefore, to speed up cquation (3.7) we can use cquation (3.10):

| g (X) = M, M, - 2X'M, (3.10)
Further sped up can be done by ensemble average classifier [Zaki et al. 1989] as follows:

(1). Calculate M;

(i1). X will be classified as o, 1f

X'(M~M;) <T,;, forall j=i (3.11)

M M) MMM - (M7 M) [MT (M7 M) (3.12)

T, =
’ 2 (M M-MTM-2MM)

Note that T,, = - T;; (3.13)

3.3.2 Parallelepiped Classifiers

The parallelepiped classifier reguires the least information from the user with respect to other classifier
described in this chapter. For each of the classes specified. the user provides an estimate of the minimum and
maximum pixel values on each of the bands or features. Alternatively a range. expressed in terms of a given
number of standard deviation units on either side of the mean of each feature. can be used. The 'decision rule
employed in the parallelepiped classifier is simple. Each unknown pixel is taken in tumn and its value on each
of the features is checked to see whether it lies inside any of the parallelepipeds. Two extreme cases might
occur: in the first, the point in hyperspace representing a particular pixel does not lie inside any of the regions
defined by the parallelepipeds. Such pixels are of an unknown type. In the second extreme case the point lies
inside just one of the parallelepipeds and the corresponding pixel is therefore labeled as a member of the
class represented by that parallelepiped. However, there is the possibility that a point may lay inside two or
more overlapping parallelepipeds. and the decision then becomes more complicated. The easiest is to allocate
the pixel to the first (or some other arbitrarily-selected) parallelepiped inside whose boundaries it falls. The
order of evaluation of the parallelepipeds then becomes of crucial importance, and there is often no sensible
rule that can be employed to determine the best order [Lillesand and Kiefer 2000]. The technique is easy to

program and is relatively fast in operation. Since, the techniques make use only of the minimum and
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maximum values of each feature for cach training set it should be realized that (a) these values may be
unrepresentative of the actual spectral classes that they allegedly represent, and (b) no information is

gathered from those pixels in the training set other than the largest and the smallest in value on each band.

3.3.3 Centroid classifier

The centroid (mean centre or weighted mean) of each training class is computed - it 1s simply the vector
comprising the mean of each of the B features used in the analysis. The Euclidean distance (or any similar
type of distance not involving covariance in any form) from each unknown pixel is calculated by using
cquation (3.8) for each centre in turn and the pixel is given the label of the centre to which its Euclidean
distance is smallest. The alteration to the decision rule involving a threshold distance is effectively
acknowledging that the shape of region in B-dimensional space that is occupied by pixels belonging to a
particular class is important. The third classification technique, Maximum Likelihood Classifier, described in
section 3.4.3 begins with this assumption and uses a rather more refined method of describing the shapes of

the regions in B-space that are occupied by the members of each class [Jensen 1986, Mather 1987].

3.3.4 Mahanalobis Distance Classifier

For each unknown vector X calculate g{X) for alli= {1/, 2. 3, ..... m} using equation (3.10)
g (X) = (X - M) (PCM)" (X -M,) (3.14)

and then X will in o, if g (X) < &(X) forall j =i

(PCM,)" is the nverse of pooled covariance matrix of the i'" group

PCM, = 5 p(,) S, (3.15)

i=l
where. p(w,) = priori probability density function of w;

= " = unbiased covariance matrix of i"" class
m = number of classes, ;

Mahalanobis classifier retains degree of direction sensitivity via covariance matrix [Swain and Davis 1978,

Mather 1987}. However, this is computationally intensive.
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3.4 Maximum Likelihood Classifier

3.4.1 Introduction

Maximum [.ikelihood Classifier (MLC), the conventional and widely used supervised classification method

used with remote sensing 1mage data. has roots in Baye's classification [Andrews 1972, Duda and Hean

1973]. MLC algorithm assumes:

I. The frequency distribution of the class membership can be approximated by the multivariate normal

distribution. If number of training samples in cach class is high. it has been found that the

assumption of normality holds reasonably well.

2. Actual frequency distribution of each class is unimodal [Jensen 1986, Mather 1987].

3.4.2 Baye’s Classification

Let the spectral classes for an image be represented by @, s, .... ©c where C is the total number of classes.
To determine the class or category to which a pixel at a location X belongs it is strictly the conditional
probability p(w, | X), i = 1. 2. ... C. that are used. The position vector X is a column vector of brightness
values of the B-dimensional pixel: B as number of bands or channels. It describes the pixel as a point in

multi-spectral space with co-ordinates defined by the brightness. The probability. plw; | X), gives the

likelihood that the correct class is @, for a pixel at position X. Classification is performed according to

Xewf p(o,|X)> plw, | X)forallj=i (3.16)
i.c.. the pixel at X belongs to class @, if p(w, | X) is the largest. This intuitive decision rule is a special czse
of a more general rule in which the decision can be biased according to different degrees of significance
being attached to different incorrect classifications. The general approach is called Baye's Classificat:on

[Andrews 1972, Duda and Heart 1973].

3.4.3 Maximum Likelihood Classifier

Let us denote ; s, ..., ®,, M distinct populations (classes) with known d-dimensional probability densiny
functions p,(X), poX), -... Pu(X). respectively. The priori probabilities that an observation is selected from
populations ®, ©», ..., @, are denoted bY g1, gz ...» G respectively. According to the Bayesian Maximum
Likelihood (ML) classification rule. [Swain and Davis 1978, Mather 1986, Venkateswarlu and Raju 1991)

assuming equal costs for misclassification, a random pixel vector X (of dimension B) is classified in w, cl

if

ass
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gpX) =max{gpdX)} Vi=1. 2 ..m (3.17)

Assuming equal priori probabilities of all the classcs, decision rule (3.17) becomes

Xemf

pu(X)=max{p(X)}, Yi=1 2 ..m (3.18)
In equations (3.17) and (3.18). the probability density pi(X) is expressed as:
-1
1 (X-p,) 2 (X-)
P (X —;,———l-cxP(— — 2‘ (3.19)
(27) |2,

. . l .
Here, u, and X, are the mecan vector and covariance matrices of the & class, and are calculated from the
+ I3 k
. . -1 .
training data. 2, is a symmetric positive definite matrix. P2 |Zk| are the inverse and determinant of the
. k

covariance matrix 2., . By taking logarithms of both sides of equation (3.19) and using rule (3.18), a new

classification rule can be represented after eliminating some constant terms as:

X e wif

d(X) = max{d{X)}, Vi=12 ..m (3.20)
where,

d, (X) = -In|Z,|- G (X) (3.21)
0, (X)=(X-p,) Z' (X=14) (3.22)

In equation (3.21), d(X) is generally known as the discriminate function and Q\(X) as the quadratic term.
Caleulati f the quadratic term makes the MLC rule computationally inefficient. Calculation of *he
alculation o

quadratic t for a group requires B(B~ 1) multiplications and about same order of additions or subtractiens.
uadratic term

So classification of a pixel vector X into one of the m groups necessitates mB(B+1) multiplications. By
classifi

ive sign 1 - i the equation (3.21), the classification rule car b
neglecting the negative sign 1n the left-hand side of the €q (3.21) .

rewritten as:

Xewif

d(X) = min{d(X)}, Vi=1 2 ..m (3.23)
where.

d,(X) = In|Z, |+ @ (X) (3.24)

3.5 Assessment of Classification

For the analysis of the performance of the classification algorithms, both newly developed and conventional

MLC, we utilize confusion matrix and the time taken for the classification of test pixels (samples). In :his

section we present generation and interpretation of confusion matrix, generation and interpretation or the
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distance matrices indicating statistical separation among different classes, and the ways of measuring the

accuracy of classification achicved by classification algorithms.

3.5.1 Confusion Matrix

The most commonly used method of representing the degree of accuracy of a classification, for m classes. 15
to build an m x m confusion (or ¢rror or contingency) matrix, E [Jensen 1986, Mather 1987, Lillesand and
Kiefer 2000]. The clements of row i of matrix E give the number of pixels which the operator has identified
as being members of class i that have been allocated to classes 1 to m by the classification procedure.

Element i of row i (the i" element along the main diagonal) contains the number of pixels identified by the

operator as belonging to class that have been correctly labeled by the classifier. The other elements of row i

give the number and distribution of pixels that have been incorrectly labeled. Confusion matrix (also called

as an error matrix or a contingency table) can be used to evaluate or assess spectral classification. From this

matrix we can estimate user’'s accuracy (UA), producer’s accuracy (PA), average user’s accuracy (AUA),

average producer’s accuracy (APA) and overall accuracy (OA). An example of confusion matrix along with

assessment of classification is given in Table 3.1. The last two columns and last two rows of the Table 3.1

are extended to the error matrix. These extended rows and columns present the assessment of the

classification depicted by the error matrix.

TABLE 3.1
A SAMPLE CONFUSION MATRIX

Class | Crop | Urban Trees | Sand | Total PA

Crop | 251 24 15 20 310 80.97

Urban | 194 | 172 210 | 88 ! 664 25.90 |

Trees | 9 30 244 16 299 81.61 |

!

| Sa 59 142 1282 50.35 :

Sand | 44 37 1‘
~Toal | 498 | 263 |28 |266 |80 APA=30.71

UA 5040 | 6540 | 46.21 | 53.38 | AUA=53.85 | OA =52.03

User’s accuracy measures commission €rrors and indicates the probability that a pixel classified into a given

category actually represents that category on ground. Producer’s accuracy measures omission errors and

pixels of the given cover-type are classified. Assume E represents the error matrix or
given m classes, then the UA for class ¢, PA for class ¢, AUA, APA and OA is

(3.27), (3.28) and (3.29) respectively [Mather 1987, Lillesand and Kiefer

indicates how well
confusion matrix for the
given by equations (3.25), (3.26),
2000].
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VA= - (3.25)

YE,,
r-}
PA, = F (3.26)
E
SUA,
AUA== (3.27)
m
S PA,
APA == (3.28)
ni
m E"
04=25 (3.29)
E

. : S eati of omission or commission can be studied. In an ideal case. all
From this information, classification errors

i ' indicating no misclassification. Commission
' fusion matrix would be zero, g
non-diagonal elements of the con

. ' ' lassified into a category to
- onal elements of the matrix where pixels are ¢ \
errors are represented by non diag

which they do not actually belong Omission errors represent the reverse type of situation. If more than an
‘nich they do n -

) : ss misclassified, that category may warrant further inspection and
acceptable percentage of the pixels in acla

retraining.
3.5.2 KHAT (Kappa Coefficient)

KHAT, al lled as kappa factor or kappa coefficient [Lillesand and Kiefer 2000], is another measure for
, also calle

classification. Kappa coefficient, K , 18 computed from the confusion matrix by equation (3.30).
ication. , K

K= N;Zﬂ:xi'f -g(}:i& "\'H) (330)
Nz - Zr:(xh "t-H')
i=]

I = number of rows in error matrix

ior di atrix
X.; = observation along the ma)or diagonal of the error m

Xi- = total number of observation 1n row 1
: jon i ni
X.i= total number of observation in colum

N = Total number of observations
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The calculated valuc of x ranges in [-1, 1] and if value is more than or cqual to 0.6 we say that classifier is

very good. A negative value 1s worthless. So, the values of « in the rangce (0.1] are acceptable. The & can

be multiplicd by 100 and interpreted like percentage.

3.6 Separability Measures for Multivariate Normal Spectral Classes

To quantify the separation between a pair of probability distributions as an indication of the degree of

overlap, a combination of both the distance betwecn means and measure of standard deviation are required.

These quantities are referred to as measures of separability, which implies the ease with which patterns can

be correctly associated with their classes by means of statistical pattern classification [Swain and Davis 1978,

Mather 1987]. We will discuss here three commonly used measures of separability, namely divergence.

transformed divergence, and the Jeffrie-Matusita (JM) distance (or Bhattacharrya distance) [Mather 1987].

Calculations of these distances require multivariate expressions of mean vector and covariance matrix. which

for a population of n samples are given by equations (3.3), and (3.5) respectively.

3.6.1 Divergence of a pair of normal distributions

Divergence is a measure of the separability of a pair of probability distributions that has its basis in their

degree of overlap. It 1S defined in the terms of likelihood ratio. Since. spectral classes in remote sensing

image data are modeled by multidimensional normal distribution, it can be shown that the divergence. d.

between i) pair of populations can be expressed as given in equation (3.31).

d_ =Lz, -z ;- +%T"{(E?' ~ I ) ) ) (3.31)
-1 2 i 7 !

1 gt . . . o~
where, Tr{} is the trace of the subject matrix, ft; (mean vector of i class) and X, (covariance matrix of

class) are given by equations (3.3) and (3.5) respectively.

For a given set of features (any proper subset of these features), the divergence can be calculated for each

pair of classes and can be structured as a matrix, called divergence matrix. Alternatively, divergence can be

used to reduce the number of features [Mather 1987, Swain and Davis 1978]. However, there are two

vis 1978].

problems with divergence [Swain and Da
on between spectral classes. It implies that for easily separable

I Its increase is quadratic With separatl
all increase in divergence will lead vastly better classification accuracy whereas in

classes, a sm
t the case i.¢. there is only very slight increase in the probability and hence the

practice this 1s no

classification accuracy.
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2. Easily separable classes will weigh average divergence upwards in a misleading fashion to the extent

that sub-optimal reduced feature subsets might be indicated as best.

3.6.2 Transformed divergence of a pair of normal distributions

As the distribution given by d, , is not well known so a measure called the transformed divergence 1s used

instead. This has the effect of reducing the range of the statistic, the effect increasing with the magnitude of

the divergence. Thus, when averages are taken, the influence of one or more pairs of widely separated classes

will be reduced. The transformed divergence, d,.T,. , between the i/" pair of classes is obtained from (3.32).

-d,,

dlrlzsro(l—e 8 ) (3.32)

where, s, is used to scale the value of transformed divergence. We can use 100 so that we can then treat

transformed divergence like percentage and a value of d,-"?,- of 80 or more indicates good separability of the

corresponding classes i and j [Mather 1987].

3.6.3 The Jeffrie-Matusita (JM) distance or Bhattacharrya distance between a pair of normal

distributions

The Jeffrie-Matusita (JM) distance (also sometimes called the Bhattacharrya distance), J;; between a pair or

normal distributions / and J, which is seen to be a measure of the average distance between the two class

density functions. is given by equation (3.33).

J,“,' =2(1—€_u) (3.33)
where.
]
- L +X.)?
r +E. 1 ( i j ] .
a:l(ui_#r)' ! I] (ui_ui)—*-;ln [ T (3.34)
8 / £ |Er‘l: +|E/‘ 2

If JM distance is plotted as a function of distance between class-means of a pair of classes it shows a

Samrating behaviour not unlike that expected for the probablh
2.0, so that JM distance of 2.0 between spectral classes would imply classification of pixel data into those

ty of correct classification. It is asvmptotic 1o

classes, (assuming they were the only two), with 100% accuracy. This saturating behaviour is highlv

desirable since it does not suffer the difficulty experienced with divergence.



3.7 Decisions under Uncertainty

It may be inappropriate or impossible to assign probabilitics to the several futures identified for a given
decision situation. Often no meaningful data are available from which probab‘iliticsﬁmuy be developed. In
other instances. the decision maker may be unwilling to assign a subjective probability, as is often the case
when the future could prove to be unpleasant. When probabilities arc not available for assignment to future
cvents, the snuailon s classified as decision making under uncertainty. As compared with decision making
under certainty and under risk, decisions under uncertainty are made in a more abstract environment

[Blanchard and Fabrycky 1998]. In this section. three approaches to take decision under uncertainty are

mentioned.

3.7.1 Laplace criterion

In the absence of priori-probabilities one might reason that its possible state of nature is as likely to occur as

any other. The rationale of this assumption 1S that there is no stated basis for one state of nature to be more

likely than any other. This is called the Laplace principle. Under this principle, the probability of the

occurrence of each future state of nature 1S assumed to be 1/n, where n is the number of possible future states

[Blanchard and Fabrycky 1998].

3.7.2 MaxMin and MaxMax Criteria

Two simple decision rules are available for dealing with decisions under uncertainty. The first 1s the MaxMin

rule. based on an extremely pessimistic view of the outcome of nature. The use of this rule would be justified

if it is judged that nature will do its worst. The second is the MaxMax rule, based on an extremely optimistic

view of the future. Use of this rule justitied if it is judged that nature will do its best. Because of the
pessimism. MaxMin rule. its application will lead t
present the pavoff for the i alternative and the j" state of nature. the required

o the alternative that assures the best of the worst possible

outcomes. If E,; is used to re

computation is max{min{E:))- The optimism of the MaxMax rule is in sharp contrast to the pessimism of
i :

the MaxMin rule. Its application will choose the alternative that assures the best of the best possible

.th .
is used to represent the payoff for the i™ alternative and the /" state of nature. the

outcomes. As before, if Ei/
required computation 1S max{max{Ei;)) [Blanchard and Fabrycky 1998].

3.7.3 Hurwicz Criterion

Because the decision rules, MaxMin and MaxMax are extreme, many decision makers shun them. Most

People have a degree of optimism Of pessimism somewhere between the extremes. A third approach to
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decision making under uncertainty involves an index of relative optimism and pessimism. It is called the
Hurwicz rule [Blanchard and Fabrycky 1998]. A compromise between optimism and pessimism i1s embraced
in the Hurwicz rule by allowing the decision maker to select an index of optimism, o, such that « in [0.1].
When ¢ = 0, the decision maker is pessimistic about nature, while an « = 1, indicates optimism about nature.
Once « 1s selected, the Hurwicz rule requires the computation of max;{a[maxi(E;;)] + (1 - o)[min(E, )];.

where E;, is the payoff for the i alternative and the /" state of naturc [Blanchard and Fabrycky 1998).

Use of fuzzy logic to take decisions under uncertainty has been emphasized in the last two decades. Due to

the versatile applications, and radically different approaches of fuzzy systems we discuss fuzzy logic and

fuzzy classification in detail.

3.8 Fuzzy Logic Based Classification of Remote Sensing Data

Lotfi A. Zadeh of the University of California, Berkeley, first introduced fuzzy sets in 1965. His objectives

were to generalize the notions of a set and propositions to accommodate some type of fuzziness or

vagueness. Fuzzy systems can represent complex knowledge and even knowledge from contradictory

sources. Fuzzy systems are based on fuzzy logic. which represents a powerful approach to decision making

[Berkan and Trubatch 2000. Sonka et al. 2001] which can be used to discriminate various situation for

example classification of mixed and overlapping pixels. In cases of overlapping and mixed classes, the

current remote sensing image analysis methods are unable to extract the majority of information dormant

within digital remotely sensed data and the accuracy levels of image classification are quite unsausfactony.

s it was suggested that studies are required on resolutions of sensor systems, physical

To improve the analysi

principles of remote sensing. Further. it was suggested to improve the data processing algorithms (1.e.

including probability distributions in the classifiers). However, so far the effects of knowledge-based and

fuzzy logic based classifiers and information representation has not been given its deserved attention in

remote sensing data analysis [Wang 1990. Kartikeyan et al.1995}. Fuzzy logic theory directly strikes at this

problem. Geographical information (including remote sensing-derived information) is imprecise in nature

and impreciseness results from hatural variations or arises through original measurements, as well as through

data processing. For example, in talking about land cover, a piece of land with sparse grass can be classified

into either grassland or s oil. Fuzzy set theory provides useful concepts and tools to deal with imprecise

information because fuzzy classification estimates the contribution of each class in the pixel and permits

partial membership of a pixel in each class. Hence, the fuzzy logic based classification methods have

following advantages: "

LA faé.i_}:‘lAa-S—;{ﬁcation time-/' which becomes a factor of great importance with the advent of new
*ﬁgugfﬂ;;ég;s”&oviding broad collection of data, for example, HIRIS (High Resolution

generatio
ometer) with 192 spectral bands,

Imaging Spectr
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2. The strength of the methods 1s certainly its simplicity and its optimal extraction of the data through

the explicit fuzzyfication,
3. Supports modular architecture involving a high flexibility for casily inserting new bands or removing
bands without disturbing the remaining parts of the classifier,

4. The implementation of fuzzy methods on artificial neural networks would not pose any difficulty.

wh

Representation of geographical information.
6. Partitioning of spectral spacc,
7. More accurate estimates of classification parameters,

8. Identification of cover class components of mixed pixels, and

9. Higher overall classification accuracy.

Usually, a fuzzy classifier is implemented in three steps — Fuzzyfication, Application of some Fuzzy

Reasoning Rule, and Defuzzyfication. During fuzzyfication, fuzzy membership of a B-dimensional pixel 1s
calculated by using a suitable expression. In case of multivariate mode the fuzzy membership of a pixel 15

calculated in each class and for univariate fuzzy classifiers fuzzy membership of a pixel is calculated for each

class ¢ of m given classes in each band b of B bands. In case of univariate classifiers, the output of the

fuzzvfication is an m x B matrix of fuzzy inputs. F,,, whose element in row ¢ and column b 1s the fuzzy

membership degree of the pixel for class ¢ in band b. Next stage applies a suitable fuzzy reasoning rule on F

to obtain a primitive fuzzy output vector Fop
by dividing each element of F,p by the sum of all the elements of F,, to obtain

of order m x 1. Next, to perform fuzzy partition we can

normalize elements of Fop'
fuzzy output vector Fp. The final stage, defuzzification, applies another fuzzy rule (or some fuzzy operation)
on F,, to hard classify a pixel in one

fuzzification is a vector of fuzzy inputs, which 1s then no
zzy input vector for performing hard classification.

of the classes. In case of multivariate classifiers, the output of

rmalized and finally. defuzzification usually applhes

Max fuzzy rule on normalized fu

Before we discuss fuzzy classifiers in detail in the next two chapters, the concepts of theory of fuzzy sets.

operations on fuzzy sets and reasoning with fuzzy logic are presented briefly in subsequent sections in that

order.

3.9 Theory of Fuzzy Sets

In standard set theory, an object is either a member of a set or it is not. There is no in between. The natural

Numbers 3, 11, 19, and 23 are members of t
members. Traditional logics are based on the notions that P(a) is true as long as a is a member of the set

he set of prime numbers, but 10, blue, cow, and house are not

be](’ngi"g to class P and false otherwise. There is no partial containment. This amounts to the use of a

Characteristic function f for a set A. where fa(¥) = | if x is in A; otherwise it is 0. Thus, f is defined on the
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universe U and for all x € U, f: U = 10,1}. We may generalize the notion of a sct by allowing characteristic
functions to assume valucs other than 0 and 1. For example, we define the notion of a fuzzy set with the

characteristic function u. which maps from U to a number in the real interval [0,1]: that 1s2: U — [0,1]. Thus

we define a fuzzy set A as follows:

Let U be a set. denumerable or not, and let v be an clement of U. A fuzzy subset A of U is a set of ordered

pairs {( x, ui(x))}. for all x in U, where ua(x) is a membership characteristic function with values in [0.1].

and which indicates the degree or level of membership of x in A. A value of ui(x) = 0 has the meaning as

f(x) = 0. that x is not a member of A, whercas a value of ua(x) = 1 signifies that x is completely contained in

A. Values of 0 < ux(x) < | signify that x is a partial member of A.

Characteristic functions for fuzzy sets should not be confused with probabilities. A probability is a measure

of the degree of uncertainty. likelihood or belief based on the frequency or proportion of occurrence of an

event. A fuzzy characteristic function, on the other hand, relates to vagueness and is a measure of the

feasibility (or ease of attainment) of an event. Fuzzy sets have been related to possibility distributions, which

have some similarities to probability distributions, but their meanings are entirely different.

3.10 Operations on Fuzzy Sets

Operations on fuzzy sets are somewhat similar to the operations of standard set theory. They are also

intuitively accepted.

A =B if and only if us(x) = ug(x) forallx € Y equality (3.35)
A ¢ B if and only if us(x) < us(¥) for allx €U containment (3.36)
Uang(x) = min, {ua(x). up(X)} intersection (3.37)
Uap(x) = max, {ua(x). us(x)} union (3.38)

complement set (3.39)

Ua-(x) = 1- up(x)

The single quotation mark denotes the complement fuzzy set, A’. With the above definitions, it is possible to

derive a number of propertics. which hold for fuzzy sets much the same as they do for standard sets. For

€xample, we have

ANBuUC)=(AnB)UKANC)
(AUB)UC=AUBUC). (AnB)mC=Af‘(B“C) associativity (3.41)
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AUA=A ANA=A idempotency (3.43)

There is also a form of DeMorgan’s laws:

Uiar. iy (X) = Ua L (X) (3.44)

Uia 3y (X) = U ~p(X) (3.45)

Note however, that AN A" = D. A A2 U since in general for ua(x) =a, with 0 <« < |, we have

Uy a(x)=maxfa. | a] =1 (3.40)
Uas a(x) =minf[a,l ~a] =0 (3.47)
On the other hand the following relations do hold:

AND =0 (3.48)
AvD=A (3.49)
ArnU=A (3.50)
AuU=U (3.51)

A number of operations that are unique to fuzzy sets have been defined. A few of more common operations

defined on A include Dilation. Concentration and Normalization expressed by the equations (3.32). (3.53)

and (3.54) respectively.

DIL( A) = [ua(x)]” forall xinU (3.52)
CON(A) = [ua(x)]’  forallxinU (3.53)
forallxinU (3.54)

NORM( A) = us(x) / max,{ua(x)}

Note that dilation tends to increase the degree of membership of all partial members v by spreading out tze

characteristic function curve. The concentration is the opposite of dilation. Normalization provides a mez=s

of normalizing all characteristic functions to the same base. In addition to the above a number of other

operations have been defined including fuzzification. Fuzzification permits one to fuzzify any normal et

These operations are discussed in next section.

3.11 Reasoning with Fuzzy Logic

The characteristic function for fuzzy sets provides direct linkage to fuzzy logic. The degree of membership af

x in A corresponds to the truth-value of the statement x is a member of A where A defines some pro-
positional or predicate class. When ua(¥) = L. the proposition A is completely true, and uy(x) = 0 it is
Completely false. Values between 0 and 1 assume corresponding values of truth or falsehood. Truth tables zre

useful in determining the truth-value of a statement. In general, this 1s not possible for fuzzy logic since there

may be an infinite number of truth-values. One could tabulate a limited number of truth-values: say those

- , not true, true, very t . |
Corresponding to the terms false. 10! very false ry true, and so on. More importantly. 1t
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would be useful to have an nference rule cquivalent to a fuzzy modus ponens. For example, let A, Al B

and B1 be statements characterized by fuzzy sets. Then one form of the generalized modus ponens recads

Premise: xis Al
Implication: If x1s A thenyvas B
Conclusion: 115 Bl

Although different forms of fuzzy inference have been proposed, we present only Zadeh's original

compositional rule of infcrence. First, recall the definition of a relation. For two sets A and B, the Cartesian

product A x B is set of all ordered pairs (a, b), for a < A and b c B. A binary relation on two sets A and B 15

a subset of A x B. Likewise, we define a binary fuzzy relation R as a subset of the fuzzy Cartesian product A

x B, a mappingof A —» B characterized by the two parameter membership function ug(a. b). For example. let

A =B =9 the set of real numbers. and let R: = «much larger than”. A membership function for this relauon

might then be defined as
ug(a, b) = O forash
= (1+ (a-b)7)"' fora>b

Now let X and Y be two universes and let A and B be fuzzy sets in X and X x Y respectively. Define 7oy

relations R(x), Re(x, y) and R¢(p) in X, X xY,and Y respectively. Then the compositional rule of inference

is the solution of the relational equation
Re(1) = Ry(x) 0 R(x.¥)
= max, {min{u,\(x). up(x. 3
gnifies the composition of A

where, the symbol O s and B.

In this chapter, we reviewed conventional classifiers and some of their faster versions. The method of
assessment of classification is presented and we also investigated qualitatively that fuzzy logic handles

ccurate and tolerable ways. We discussed the theoretical concepts of fuzzy logic aré 1t

uncertainty in more 2
conventional classification. In the next chapter. proposed
. >

1s shown that how fuzzy classification is superior to

statistical and fuzzy SUPer"ised classifiers are discussed.



CHAPTER
4 Statistical and Fuzzy Supervised Classifiers

4.1 Introduction

In the past three decades, computcr-assisted pixel based statistical methods for supervised and

unsupervised classification has been successfully applied to the analysis of remote sensing data. In these

methods, a set of characteristic measures called features, is extracted from each of the given pattern set

(training data). An unknown pattern (pixel) is classified into one of the pattern sets by partitioning the feature

space. One of the widely used methods, for such a classification, is Maximum Likelihood Classifier (MLC)

(Duda and Heart 1973, Fu 1976, Jensen 1986, Lillesand and Kiefer 2000]. A faster version of MLC is
proposed [Venkateswarlu and Raju 1991], which makes use of quadratic terms and range of the quadratic

terms [Graybill 1969] to gain speed up. In this work, 2 new statistical supervised classification algorithm 1s

proposed and implemented in five variants as explained in next two sections.

Traditionally, pixel based approaches generate one-pixel-to-oneclass mapping, which makes these

approaches more difficult as the area of interest €
Lillisand and Kiefer 2000]. Moreover. in the tradition

any class, if the probability that it belongs to 2 clas

ontain a mixture of land-cover classes [Wang 1990,
al methods like MLC, the pixel may not be mapped to
s is less than some threshold, and hence the pixel is

unclassified. Fuzzy classification has been used to deal with mixed pixel problem that allows every pixel to

have a membership value between 0 and 1 in every class. For the classification of multi-spectral remote

sensing data, some fuzzy supervised methods have been proposed. For example, Wang [1990}, proposed a

fuzzy supervised approach; Chi-Fran Chen [1999] proposed fuzzy training data for supervised classification
by cal;lvl;:ing fu;z;}r—);ans jteratively to a stable value and then performing hard classification. In present

work 13 new fuzzy supery_i?»fdﬁ!?iﬂﬁ?? s are d eveloped.

42  Proposed Statistical Supervised Classifier

The first stage of this two-stage classifier (implemented in five variants), performs fast classification of some

of the pixels by processing in univariate mode. Second stage classifies remaining pixels by using MLC. In
this method we use notion of «coefficient of overlapping’, k, value of which can be set by some rule as

¢Xplained in section 4.3.
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A Computation of signatures

/). Calculate mean vector for cach class. Mean vector of class ¢ containing n pixel. is given by (4.1).

n
>
{

~ 1

n

o (4.1)

2). Calculate covariance matrix for cach class. Covariance matrix, X _. of class ¢ with n pixels, is given by

(4.2).

S(x, - g )x, —#,) g |
L oo )

' n(n-1)

3). Extract standard deviation 0, of class ¢ in band b from the covariance matrix using (4.3). The diagonal

elements of the covariance matrix indicate standard deviation.

0., :((z, )M,)llz (4.3)

where, (Z,),,.1s the element of the covanance matrix of class ¢ at row r and column s.

4). Calculate the sigma range SR. . of class ¢ in band b. equally distant on both sides of the mean. for the

given value of the coefficient of overlapping. 4. using (4.4).

SR, =[n,, —KkGyobes KO ] (4.4)

Set the value of & either by an¥ of the rules explained n section 4.3 or explicitly specify a value for it (e.g.

on 4.3. where uﬁk =1 1s used).

C

0y

fifth variant in secti

B. Classification

1). The pixel x, belongs to class ¢ 1f ¥ band b. lower( SR, , ) < Xp < upper( SR, , ). where the lower and upper

functions evaluate the lower (1€ Hcp ~k.g,,) and upper (i.e. ., +k.0.,)bounds of SR_, respectively,

else the pixel is assigned to class 0. indicating that the pixel is unclassified by this rule.

2). For all pixels which ar¢ unclassifie
given m classes using (4.5)- A B-dimensi

likelihood

d by the above rule 1), calculate the likelihood of each pixel in the

onal pixel is then classified to the class in which it has maximum
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In actual im -
y plementation, 1f aim 1s only the hard classification, this step i1s implemented as impl d
LC, using min ¢ . . , emented in
g min expression, as given in cquation (3.23). This makes the method faster because h h
) € herc the

class-sign cale
gnatures are calculated once and then thesc are used for classifying all unknown pixel
S.

4.3  Five Variants of the Proposed Statistical Supervised Classifier

Fora pa'
irof ¢ - . whereiz/ . .
lasses ¢, and ¢,, where i # j and both ¢, and ¢, are from a set of m classes, in band A, we defi
: . ine a

aram .
p eter k(r, )b 3S:
k _ l'lr,.l; il L
e c )6 — —_—
ar,.l) + O'(”(, (46)
where,

0, , = Standard deviation of class ¢, in band b

¢, , = Standard deviation of class ¢, in band b

I, , = Mean of class ¢; In band b

I, , =Mean of class ¢; In band b

For each class-pair (¢..¢;)s find k('r . ,» values in each band b of the total bands B. to obtain a matrix and
* X and we

call this matrix as K-Matrix. The K-Matrix has the form as given in Table 4.1,

TABLE 4.1
CORMAT OF K-MATRIX FOR C CLASSES AND 5 BANDS
Class Bands
Pairs ¢ 1 2 B
) | kavi | kamz | - k.28
(c.Ci) kou: k1.3).2 LY
e c) | kerer | Keroz | o kic.1.c08

The particular choice for the expression for ki s N be derived as follows:

tions, L and R, with mean p and pg, and standard deviation 5, and
. and Oy

[Ly, L2 and [R,, R,] respectively, we get

F . L
Or two univariate normal distribu

r .
€spectively, and defined in the range

L,- .= 3o, @7
Hr -R, = 3ox
Mg — (4.8)
M= kl.cl. + kRGR
(4.9)
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Assume, k; = kg = k then

(e - p) =k (o + og) (4.10)
or
k= )/ (o) + ok) (4.11)

If Kk is less than 3 then some overlapping between the pair of distributions 1s certain [Martin 1976]. So. 1n
general larger the k. less overlapping 15 observed. To increase k we must cither increase i or decrease . 5.
or 6y. Hence, the ratio expressed by cquation (4.1 1) is known as.‘coefﬁcient of safety’. However, due o

consistency reasons we will call it as -coefficient of overlapping’ for subsequent discussions in this work.

We propose five variants by applying the following rules:

A. MaxMax (AA) rule

Calculate k by using (4.12) and use this value of k in the proposed method.

k= max(r,kr,)(maxb(k((,.r,).b )) (412)

B. MaxMin (Al) rule

Calculate by using (4.13) and use this value of & in the proposed method.

k =maxu_(',(minb(km.r )b » (4.13)

C. MinMax (I4) Rule

Calculate & by using (4.14) and use this value of & in the proposed method.

k=min,,, ,(max, (&, ) (414)

D. MinMin (II) Rule

Calculate & by using (4.15) and use this value of k in the proposed method.

k= min(r,.r,)(minb(k(fnf,).b )) (415)

E. Use k= 1 in the proposed method for the fifth variant (SM).

The two characters (AA, AL IA, II) appearing against the name of each of the rules given in 4, B, C ané D

above denotes the abbreviation of the first. second, third and fourth variant of the proposed method

respectively. For each class, in each band we take ranges, which are spread about mean by a quantity equa! zo
k times standard deviation of the class in the corresponding band. The four variants abbreviated as AA. Al

IA, and [ MaxMax MaxMin MinMax, and MinMin rules respectively to calculate £ as explained above.
’ use Max , )

The fifth variant. abbreviated as SM. uses & = 1. Next, thirteen new fuzzy supervised classifiers are presented
iant,

M subsequent sections.
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44 Proposed Multivariate-Univariate Fuzzy Supervised Classifier and its Five

Variants .

In the first stage of this two stage fuzzy approach, which is implemented in five variants, the algorithm
performs fast classification of some of the pixels by processing in univariate mode. The second stage

involves classification of remaining pixels by fuzzy partition of the multi-spectral space.

A Computation of signatures

1). Calculation of initial fuzzy membership, for the given cover classes. The initial fuzzy membership

funcuion f_(x) of class ¢ is given by (4.16).

f(x):ix)— (4.16)

where,
P(x) is given by equation (4.5).

2). Calculate fuzzy mean vector for each class. Fuzzy mean vector [, of class ¢ containing n pixels, is given

by (4.17).

no= ‘Z"":fr(x‘)x' (4.17)

S f(x)

L y covariance matrix, L. of class ¢ with n pixels.
3). Calculate fuzzy ¢

ovariance matrix for each class. Fuzz

Is given by (4.18). A e LS =

if((x,)(x,. "#:)(x,- _ﬂ:)r
L o=

'Z'fr(xi)

4). Extract fuzzy standard deviation 0 .,

(4.18)

of class ¢ in band b from the fuzzy covariance matrix using (4.19).

The diagonal elements of the fuzzy covariance matrix indicate fuzzy standard deviation.

: Dss)' a.
On=((Z),,)" (4.19)

' . ovariance matrix of class ¢ at row » and column s.
Where. (I7), | is the element of the fuzzy ¢

3). Calculate the sigma range SR_, of class ¢ in band b, equally distant on both sides of the fuzzy mean. for

i ing (4.20).
the given value of the coefficient of overlapping. k, using (4.20)
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SR.,=u' -ko' .p +ko ] (4.20)
Set the value of & either by any of the rules explained in section 4.3 or explicitly specify a value for it. say & =
1, as in fifth variant (abbreviated as SF).

B. Classification

1). The pixel x, belongs to class ¢ if 7 band h. lower (SR, ) < x5 < upper (SR_, ), where the lower and

upper function cvaluate the lower (1c. A ~ko" ) and upper (ic. p +ka ) bounds of SR,

respectively, else the pixel 1s assigned to class 0, indicating that the pixel is unclassified by this rule.
2). For all pixels which are unclassified by the above rule 1), calculate fuzzy membership of each pixel in the

given m classes, using (4.21). A B-dimensional pixel is then, hard classified to the class in which it has

maximum fuzzy membership.

f,(x)=-m—P‘ﬁ)~ (4.21)
PRACY

where,
eXP[— ! (x-u,) I, (x —ﬂf)}

B = : (4.22)

4.4.1 Five Variants of the Proposed Multivariate-Univariate Fuzzy Supervised Classifier

For each class in each band, take the ranges about the mean, which are spread about mean by a quantity

s standard deviation. where k is eith
ub-section E of section 4.3. For a pair of classes ¢;

equal to some k-time er set by one of the rules explained latter in this
section or specified explicitly as in fifth variant, given Ins

m classes in band b, we define a :
and ¢;, where ¢; # ¢; and both ¢; and ¢; are from a set of ’ parameter K, b 83

given in (4.6) and generat€ K-Matrix as explained in the section 4.3. Four variants are proposed by applying

the rules given by the equations (4.12), (4.13). (4.14) and (4.15) respectively with two character codes

1 l d I 11 . . .
replaced by XX, XN, NX and NN for AA. Al IA. and [l respectively an for the fifth variant we take k = 1.

The four variants abbreviated as XX. XN, NX. and NN uses MaxMax, MaxMin, MinMax and MinMin rules

as explained respectively in sub-sections A, B, C. and D of section 4.3. The fifth variant, abbreviated as SF.

uses k= 1.

The algorithm illustrated above apparently seems f© be similar to the method proposed by Wang [1990).
However, The four significant differences between the newly proposed algorithm and the Wang's approach

are as follows:
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l. In case of Wang [1990], one has to explicitly (or manually) assign the fuzzy membership. But in the

proposcd algorithm, the fuzzy membership is estimated as given in step 1 of sub-section 4 of section

44.

[ 3%

In case of Wang [1990] there is neither neither any guideline nor any procedure is given to calculate

the initial fuzzy memberships required for the calculation of the fuzzy mean and the fuzzy

covariance. In the proposed new algorithm. there arc clear steps (steps 1 and 2 of sub-section 4 of

scction 4.4) to estimate the fuzzy membership.
3. In Wang's approach, the calculation of fuzzy membership values for fuzzy classification requires

values of the fuzzy mean and fuzzy covariance in advance. These parameters have to be supplied by

the analyst, which 1s not the case with the proposed new algorithm.

4. During the classification stage. Wang [1990] classifies all pixels by performing calculations similar

to MLC and generales a matrix of fuzzy memberships and then uses hard classification. In the

present work, first the classification is done using discrimination functions in single band. However

remaining (if any) unclassified pixels are classified using method similar to MLC.

These differences are found by carefully comparing the sieps o be followed in [Wang 1990] and in the new

proposed algorithm.

4.5 Multivariate Fuzzy Supervised Classifier and its Two Variants

In these algorithms, multivariate data are assumed to foilow multivariate normal distribution. In the first

variant, abbreviated as FM. the fuzzy members

then it is normalized by dividing the fuzzy mem

hip 15 calculated from multivariate normal distribution and
bership of the pixel in the class by sum of the fuzzyv

pixel in all classes. In the second variant, abbreviated as FD. a §§§;§nce weighted

memberships of the
ps calculate signatures and third step performs the

membership is taken. The three steps (first two ste

classification) to be followed are:
ership of the wain

1. Calculate initial memb
ng equation (4.23)in the second variant (FD).

ing pixels using equation (4.16) in the first variant (FM) of

the algorithm and usi

D_(x) (4.23)

.f,-(X) :l__;____
2. Di(x)

Where,

D.-(x):\"g(xi —p,) (4.24)

m o =
Number of classes
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|

_ .
' M, , =j" component of mean-vector of class i

‘ B = Number of bands

2. Calculate fuzzy mean and fuzzy covariance matrix for cach class, using the equations (4.17) znd

(4.18) respectively.
3. To classify a pixel. first calculate fuzzy membership of each pixel in the given m classes, using

equation (4.21). A pixel 1s then, hard classified to the class in which it has maximum fuzzy

membership.

4.6 Univariate Beta-distribution based Fuzzy Supervised Classifier and its

Two Variants

To incorporate various distributions, the beta-distribution with parameters p and ¢ is fitted. The values of the

p and q are calculated from the mean and variance of the data in a band. In the first variat, abbreviated as BF.

- the fuzzy membership of a pixel is calculated in all the bands separately in the given classes. The probability

indicated by the beta-distributed is normalized to get the membership. Next, max-min rule is used to perform

the classification. Second variant, abbreviated as MB, performs the modulation of the membership (as

obtained in the first variant) by using two parameters and B. The parameters o and 3 ranges in [0,1]. Again

max-min rule will perform the classification.

4.6.1 Steps to be followed in case of first variant (BF) are as follows:

I. Caleulate fuzzy membership of pixel x in band 5 and class ¢ using equation (4.25). Please refer appenc:+ F

for the derivation of the equation (4.25).

, - _ (g-1)
fb((X)= (xb _Lb.r)”’ K X(Hb.( xb)( ) (425)
| o [7tP)rta )
(peq-1 T SR AR
(Hb.r—Lh.r) X( y(p-l-(])
where,
P =y Tvy)(v, —vlz -v,)
9=p(1/v)-1)
al number r

7(r)= Evaluates gamma function for some re
V1= (Woe-Ly Y(Hy oL o)
Vs =0b‘c/((Hb"__Lb'()2)

= ptl .
Hoe=b \COmponent of the mean vector of class ¢
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!
|
| O = standard deviation in band » of the pixels of class ¢

I, = Highest value of o™ component of the pixels of the class ¢

L. = Lowest value of b" component of the pixels of the class ¢
2. Apply MaxMin rule to perform classification of a pixel.
4.6.2 Steps to be followed in case of second variant (MB) are as follows:

l. Calculate fuzzy membership of pixel x in band b and class ¢ using equation (4.25)

2. Now calculate maximum fuzzy membership and minimum fuzzy membership, and calculate modulated

fuzzy membership. /*5 (X), using the equation (4.26)
1*54(x) = a(ming(fo(x))) + B(maxs(fs (X)) (4.26)
where.
ain [0,1]
min, = min operator over b
max, = max operator over b

fo.(X) 1o be calculated as in equation (4.25).

3. Apply MaxMin rule to perform classification of a pixel.

The choice of the two parameters & and P, has its basis in Hurwicz criterion as discussed in section 3.7.3. for

taking decision under uncertainty. However, in this variant, unlike Hurwicz cniterion, two parameters are

used and their sum is not necessarily 1. While executing the second variant. the value of is a incremented

from 10 to 0 in steps of-0.01 and then for each value of o, the value of 3 is decremented from 10 to 0 in steps

of 0.01. The fuzzy membership 1s, then normalized by dividing it by the sum of all the fuzzy membersh:p

values. So. there is no problem in taking the values of oo and B more than 1. The results obtained from theze

are used to deduce that value of the modulating parameter a can be taken as 1 and that for B as 0.1. for high

overall accuracy.

4.7 Univariate Normal-distribution based Fuzzy Supervised Classifiers

This method assumes normal distribution of class in each band and fuzzy membership is calculated as per

€quation (4.27). In first variant (abbreviated as MM) simple max-min is used to classify, and second variant

(abbreviated as MC) calculates the qumber (count) of bands where fuzzy membership in that class shows

max. and then the pixel is classified in the class for which this count is highest. In case of tie, class with

Smaller index is taken. This variant ¢al be useful only for the cases where number of the classes is less than



|
|

|

or equal to the number of the bands used to represent the remote sensing data. The fuzzy membership

function of class ¢ in band b 1s

1 X, ~#,, )’
f,,,(x)z-————-——xcxp(—g— ,\l' ] (4.27)

o, V2r

1

Where p,,, and o,,, are the mean and standard deviation of the class ¢ 1n band b.

4.8 Univariate Range based Fuzzy Supervised Classifiers

First variant (abbreviated as RF) of this method essentially uses fuzzy membership derived using the lower

and upper limits of values of pixels of a class in a band. Second method (abbreviated as MR), uses mean also

to find fuzzy membership. The steps to be followed are as follows:
I. In case first variant (RF) calculate fuzzy membership, f(X), using equation (4.28) and in case of

second variant (MR) use equation (4.29) to calculate fuzzy membership.

min((x, = Ly )» (o =%s)) (4.28
A.r(x)z (.I_{_b.f‘ _Lli) )

e —

2

where,
H, . = Highest value of p™ component of the pixels of the class ¢

h i f the class ¢
Ly, = Lowest value of b component of the pixels o

f (x) _ min((xh - Lb.( )’ (”’b‘r - xh )) lbe( < Xp < /Jb,( (4293)
N (Eb-f.:f'ﬂ?
2
f, (x) = Mﬁ if p $Xp S Hp.e (4.29b)
' (Hyo ~Huc)
2

: fclass ¢
where, i, , = b" component of the mean t ector 0

2. Apply MaxMin rule for classification.

49  Fuzzy Supervised Classifiers based on Spurious Pixel Elimination

ond variant of the algorithm given in section 4.7. Here if the count

This algorithm slightly deviates from sec .
pixel is treated as spurious and removed from the training set and

€omes less than 50% of the bands. then the . .
ethod does not provide satisfactory results because the number of

the Signatures are calculated again. This m
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spurious pixels in most of the cases is only 0.02% - 0.05% of the number of pixels in the class. So, this

approach is not included in the further analysis.
4.10 Fuzzy Supervised Classification by Iterative Algorithms

In this method, the first variant of the algorithm described in section 4.5, 1s iterated to get a stable estimates

of the fuzzy means and the covariance matrix. The two major problems encountered in this approach are the

high classification consumed time, and convergence may not be achieved. This algorithm 1s also not

considered for further analysis.

In this chapter, a staustical classifier is proposed and explained in its five variants. Four of the five variants

utilize different rules to select overlapping coefficient, k, and fifth variant uses & = 1. Thirteen proposed

fuzzy supervised classifiers are also explained in this chapter, which we compare with MLC and also with

proposed statistical classifier. Next chapter discusses an improvement (o an explicit fuzzy supervised

classification method [Melgani et al. 2000].
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CHAPTER 4, Improved Explicit Fuzzy Supervised
5 Classification Method

In this chapter. the explicit fuzzy supervised classification method [Melgani et al. 2000] is improved in the
modulation step and implemented. As 2 result of this improvement the overall accuracy has been
. ) . . b

improved significantly and the class assignment Lime 15 reduced to 1/10" as compared to the conventional

Maximum Likelihood Classifier (MLC) and 1/_19",l with respect to the existing explicit fuzzy supervised

classification method [Melgani et al. 2000].

The explicit fuzzy classification method [Melgani et al. 2000] and also the improved explicit classificat:an

method (abbreviated as IE) are carried out in three steps. First, an explicit fuzzyfication step 15 carried out 10

obtain an estimation of the class contribution in each band assuming normal distribution of the class samples.

The second step applies a fuzzy reasoning rule on these fuzzy inputs to obtain, after a rescaling (modulation)

operation, the fuzzy classification of the pixels. Finally, a hard classification can be deduced in he

defuzzyfication step. In order to make the decision rule more simple and reliable, the exphcit fuzzy methad

first analyses the data in order to extract a maximal amount of information through an explhic: fuzzyvficaton
process. Then. a MIN reasoning rule is carried
class among the different bands. The inferred

classification of the pixel. The jump from a fuzzy cl
presenting the defuzzyfication process [Melgani et al. 2000].

out to pick out the minimal fuzzy membership degree for ez:h
raw fuzzy outputs are rescaled (modulated) to provide a fuzzy

assification to hard classification is easiiv done b a

MAX operation re

Step 1: Explicit Fuzzyfication Process

The fuzzy domain consists of several fuzzy-sets representing the bands, and each fuzzy set (band) coniz:=s

fuzzy subsets representing cOVer classes. Each fuzzy subset (cover class ¢) in a given fuzzy set (band ¢ 15
fully defined by its fuzzy membership

pixel X in the band b. The pixel vector X
lv (3.1)

function fp.(Xs), where X, is the brightness value of the multi-specal

in the B-dimensional space is

X= [Xl, Xa. oo Xpy oene XB]

The fuzzy membership function 18 assumed to be the Gaussian distribution because it represents a poweriul

general distribution model and involves 2 minimal extraction computational cost for the statist:cal

characteristicsvof the signatures. Furthermore, the linear models are not able to express correctly the natc-al

non-linear distribution of the classes: The class distributions are totally independent of each of the other 2nd.

consequently, no mixing assumption is imposed. In this method, the sum of the fuzzy memberships is not

) asoning rule is insensitive i . -
required to be one because 1)- The MIN fuzzy reas g to this normalizing requirement,

2). This insensitiveness suggests that W¢ can alleviate the burden of computations due 1o the normaliz:ng
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operation, and 3). The class distributions keep their natural aspect. If the prior knowlcdge of the class extents
in the scenc is available, the Gaussian distribution can be modulated. As in most of the cases the prior

knowledge of the class extents 1s not available so the facultative prior knowledge of the class cxtents in the

study area 1s reflected in the size of the class signatures nccessary o carry out a statistics ¢xtraction in order

to compute two important parameters (o define completely the fuzzy membership function.

I. The mean (u) of the class signature which represents the ideal pixel of the class, or in other words.

only the point without any ambiguity about its fuzzy membership.

2. The standard deviation (0) of the class signaturc, which will determine in a way the width of the

fuzzy subset.

The fuzzy membership function of class ¢ in band b is

(xb —ub.r)- (52)

[y (x,) =exp| = =
2o'b.r

Where g, , 1s the mean of the class ¢ in band b, 0;_, is the modulated standard deviation of class ¢ in band 5.
and

0"‘ =ab.(6h.r (33)

where ¢;, is the standard deviation of class ¢ in band b, and o is the modulation factor. If no prior

class extents in the study area i
ribution. It means that ¥ b.c &= 1, otherwise, the modulation factor 1s

knowledge of the s available. the modulation factor must be neutralized 10

work with a pure Gaussian dist

calculated by the formula
a}" = logg(Pb,r +ﬂ(') (54)
S 1s the constant.

where. P, is the expected extent of class ¢ in band b, and

Melgani et al. [2000] does not use Py directly in the modulation factor in order to reduce the problem tha:
the prior knowledge of the class extents in the scene is generally vague. Melgani et al. [2000] reflect it in the

Size of the class signatures and introd

pixels expected to ¢O
umber of the pixels. In the signature histogram, corresponding to the mean

uce the notion of the expected extent of the classes in each band bv

» ond to the mean of each class si - .
deducing the number of rrespon signature. For a given band

b. T,. represents the expected

. of the class c in band b. The expected extent is calculated from the class histogram [Melgani et al. 2000]

using the equation (5.5)-
P - Tb.(‘

b.e
Tb

(5.5)

s

o
t

Where, 1 is the number of classesS:
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In explicit fuzzy method the calculation of class histogram rqquircs morertime due to sorting and then
generation of frequency table. In the present research it is, assuming that the pixels of class ¢ follow normal

distribution and observing that to find expected extend at mean, the exponential term in the distribution

becomes unity. This 1s modified as:

" (5.0)

7 =—
" ab‘(\/ﬂ

where ,
n = No of pixels in the class, and

0, = Standard deviation of class ¢ in band »

The advantage of this improvement is that we need not find class histogram. Hence, calculation of the

signature is very fast. Moreover, when the mean is not an integer, some kind of interpolation is performed in

the explicit fuzzy method [Melgani et al. 2000]. In the proposed improvement one does not need to

interpolate the histograms. This improvement also results in better estimates of the fuzzy memberships for |

classification of pixels in the given classes. The modulation principle is useful to favour the large extent

classes over the lower extent ones and, particularly, in the spectral regions where overlaps make the decision

difficult. It has been deduced by empirica
“not strengthen too much the strong classes and no

| observation that a constant 3, = 1.25 is the optimal one to satisfy

t weaken too much the weak classes.™
the need to

The fuzzyfication process computes for a given pixel the fuzzy membership degrees for each class ¢ and
uzzyfication =

band b from the fuzzy membership functions fully define
n a matrix of fuzzy inputs F;, of order B x m where m is the number of

d using the Gaussian distribution and the results of

the statistics extraction. We obtai ‘ ‘ |
clas d B the number of bands. For a multispectral pixel X, the matrix of fuzzy inputs F;, can be written
ses and B the nu :

—-fl.l(xl) .fl.'.’(xl) .fl.m(xl)
Sai(x3) fra(X2) Som(X2) .

S (x5) fa,z()‘a) o Sam( n)-
This ._ is th lysed by the MIN reasoning rule, which is the second step of the method 1o produce
matrix is then ana

the fuzzy classification.

Step 2: MIN Fuzzy Reasoning Rule

n makes the fuzzy partition not necessarily optimal because classes

e limited to theVhigf}‘f'{z"'}[membemhip areas. Therefore, high

i . . . ill not b o
With a high degree of covarianc¢ will 2 b R

The absence of covanance informatio

1,
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fuzzy membershi
oty Of;l;: r:ilr:;::l"c :‘lospl}' represents a maximum possible value rather than a high pri
rore kel 10 be “trae” fuzs lpr.n or:)s‘cq.u.cntly, the lowest value of the fuzzy membership for all the ban::r ,
inputs produced by step | 7y membership. 'l'hc fuzzy MIN rcasoning rule, applied on the matrix of fi -
p | above, will consider for cach class, the membership degrees provided b u?
y the

different fuzz
uzzy sets ) 1c int
y sets (bands) and pick out the minimal membership degree to represent the cl
he class extent in
the

1xel. ine the
p .‘-‘ Applying the MIN operation. wc obtain a primitive fuzzy output vector
F,, =[F (X). F3(X).ors F (X)) |
(5.8)

where,

F.(X)= Min(f, (x,)) withb=12 .5
(5.9)

The fast, sim 1 . ru mmed
) ple and reliable step of the MIN fuzzy reasonin 1S 1 i
g le st ediately follow
red by a rescalin
’ g

operati ' :
peration in order to normalize the class extents deducted from different fuzzy sets and sh
sharing the sam
= [+

pixel. The final vector of fuzzy outputs 1S

F, =[F, (X).F, (X),...., F., (X)]" )
where (5.10)
F(x) = L)

(5.11)

Y FA(X)
7=
zzy classification showing the inferred class extents of the pixel and fi
’ rom which

This vector represents the fu
ucted by a defuzzyfication step. We note that the extraction from the d
e data of

a hard classification can be ded
s for deducting the fuzzy membership functions and the application of
ton of the

fi o _
irst order statistical characteristic
ve a partition of the spectra

parallelepiped classifier. Furthermore, the explicit fuzzifi
1fication

MIN fuzzv : .
uzzy reasoning rule invol I space into fuzzy parallelepiped regions which
g ¢

r' -
elate conceptually the method to a fuzzy
Assc; A

ssociated to the MIN fuzzy reasoning rule

a . R .
nd removing any band from the classification

e adding or removal of

reveals the modular aspects of the method. which allows addi
addin

scheme of the study area because of the relative independ g

ndence

bet '
ween the bands. Th a vector class will, however, require a minor computati
. . ational
s if a prior knowledge of the class extents is availabl
€.

Cost due to the adjustment of the modulation factor

S
tep 3: Defuzzyfication

pcrforming a MAX operation to defuzzify the fuzz .
y output into a ha
rd

Ne .
Xt to the fuzzy classification.
1. We select. among the classes mixed in the pi
pixel, the class .

‘ ¢ with the

o )
hf"pUt provides a hard classificatio
ighest extent such that

x)zEX (5.12)

Vi '
€12,..mand izc Fe
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In this chapter, an existing cxphcit fuzzy supervised classifier [Melgani et al. 2000] has been improved and 1t

can be seen analytically that the proposed improvement will work due to better estimates of the number of

samples at the mean. As 1t avoids histogram generation and interpolation, it is expected to be faster both at

signature calculation and at the class assignments. Next chapter explains the data reporting for the

nvestigation of various algorithms and explains the implementation of the computer programs for various

tasks. The chapter discusses four different cases of scparable and overlapping classes. The method of

performing investigations on the 20 algorithms 1s also cxplained in the next chapter. The number of
classifiers being large, some sophisticated programs arc written to present the results and plot them. These

programs are presented in Appendix E.
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CHAPTER
6 Data Reporting and Implementation

6.1 Data Reporting

! I \o compare the performance of all the classification algorithms explained in section 3.4.3 and in

chapters 4 and 5. the study has been performed on f_our band LISS-III data covering the Pilani town. in

the state of Rajasthan, India. The LISS-III's

um. green band), Band 2 (0.62-0.68 pm, red band
_red band). The spatial resolution of Bands 1. 2. and 3 is 23.5 m and that of

ensor. mounted on IRS-1C, has four bands: Band 1 (0.52-0.59
), Band 3 (0.77-0.86 pum. Near infra-red band) and Band 4

(1.55-1.70 pum, Short wave Infra

Band 4 is 70.5 m. Due to different spatial resolution. th
23.5 m from 70.5 m, using IDIRISI GIS [Heywood et al. 2002] software. All the classifiers implemented in

this work are supervised classifiers and hence, require t

e data in Band 4 are re-sampled at the resolution of

raining sites to be provided by the user. In this

s\(TabIe 6.1) are considered and training sites are specified for each of the cases. The

research work, four case
g sites mn LISS-III color composite images are idenuified and then recorded in an

regions of the trainin

bsequent classification to perform a comparative study.

external data file for su

TABLE 6.1
THE FOUR CASES ON WHICH ALL ALGORITHMS ARE APPLIED

Case | Details of sites and statistics | Number of Number of Pixels

Sites Statistics Sites | Classes | Training Test | Total
—Tﬂ’ﬁﬁT’”ﬁﬁﬁrij:v4 T e
T—WW 7 4 2130 1063 | 3193
”—3"""?7{6"—’ Table 6.5 6 3 1728 | 863 | 2591
e T L N M I
R I

methods along with MLC are mentioned in Table 6.2 along with their

The proposed classification
ption. As all proposed

classifiers are assigned two character abbreviat;
. . . : -~ revla e
abbreviation and a brief descr! tons,

MLC is abbreviated as ML for

consistency reasons. These abbreviations are used in the Tables 6.3 - 6.6:

« C, appendix D: Figs: 6.5, and 7.1 — 7.5 and in chapter 7. Author applied al|

Tables C1 - C4 given in appendi
the algorithms listed in Table 6.2
shown in Figs. 6.1 to 6.4, 1 obtaine

on the four cases mentioned above (Table 6.1). The false color composite

d by assigning band 3
Channel. Th lts. obtained after executing the algorithms mentioned in Table 6.2, are plotted in a format
. The results, 0 o
3 given in Fig. 6.5. Fig. 0- illustrates various components of the plots given in Fig. 7.1 to 7.4. These
in Fig. 6.5. I1g- Y-

to red, band 2 to green, and band 1 to blue color
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¢ . . )
omponents are illustrated in red colour in Sans Comic font an

Fig.6.5. For

d with arrows indicating the components in

the four cases, the sites are marked in the Figs. 6.1, 6.2, 6.3, and 6.4 respectively for case 1, 2, 3

an
d case 4, as small arcas enclosed by rectangle or squarc. The number at top left corner of a typical
typica

re . . . .
ctangular or squarc area in Figs. 6.1-6.4 is the serial number of the site and these sites along with thei
CIr

class-types and the number

and 6.6 (a) respectively for case 1.

and their spli

t in training and test pixels is

for cases1, 2, 3, and 4.

of pixels in each of these sites is tabulated in the Tables 6.3 (a), 6.4(a), 6.5 (a)
* ) . N . a .

2. 3. and 4. The classes of the sites and the total number of pixels in the
m

given in the Tables 6.3 (b), 6.4 (b), 6.5 (b) and6.6(b) respectively

LIST OF ABBREVIATIONS OF PROPOSED CL'I/;‘Z!;};’I;:E%ZS AND MAXIMUM LIKELIHOOD CLASSIFIER
Classifier Description Rel.
: ML Maximum Likelihood Classifier :SS:C:‘)
FM Fuzzy Supervised classifier (fuzzy membership is normally distributed in multivariate) Y
FD Fuzzy Supervised classifier (fuzzy membership is dependent on distance from the centroid of a5
muluivariate data)
SM Proposed statistical supervised method. coefficient of overlapping, k. setto 1 rRTS
SF Proposed fuzzy supervised method, coefficient of overlapping, k. setto 1 4 4E
IE Improved explicit fuzzy method Ch.5
BF Umtribution based fuzzy supervised classifier T
T Univariate Beta-distribution based MaxMin modulated fuzzy method Y
MC Classifier based on the Maximum count of bands in which fuzzy memberships is maximum %
in givw
MM Simple MaxMin rule applied on normally distributed fuzzy membership in bands = ﬁ
AA PTOPOSMx rule sets coefficient of overlapping. k | 4 3Aﬁ[
N PmPWin rule sets coefficient of overlapping. k¥ | 4.2B
IA Max rule sets coefficient of overlapping, & 33C
T Pm}MiﬂMin rule sets coefficient of overlapping. & 43D
XX Mw rule sets coefficient of overlapping, & Yy
XN Mm rule sets coefficient of overlapping, k 41
TNX Mmle sets coefficient of overlapping, T
NN Mle sets coefficient of overlapping, k Wl
? o supervised —thod where fuzzy membership is expressed in terms of range of values 48
MR Fuzzy supervised method where fuzzy membership 1S expressed in terms of range about the 438
g mean in the bands

’
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Fig. 6.{5 Sites of Case 3 Indicated on Color
Composite of Raw LISS-III Data of Town Pilani
Rajasthan, India '

Fig. 6.1 Sites of Case 1 Indicated on Color
~Omposite of Raw LISS-II Data of Town
lani, Rajasthan, India

Fig. 6.4 Sites of Case 4 Indicated on Color

olor
Composite of Raw LISS-TII Data of Town Pilanj

i .

ogrhpf;z. Sites of Case 2 Indicated 0;1 g
1l - aw

anj, Rajasthan, India Rajasthan, India
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Divergence matrix generated for the cases 1, 2. 3, and 4 are tabulated in the Tables 6.3 (c), 6.4 (c), 6.5 (c)
al"ld 6.6 (c) respectively. Tables 6.3 (d), 6.4 (d). 6.5 (d), and 6.6 (d) give the values of "anSformcd‘
divergence (on the scale of 100) between all pairs of the classes for the four cases respectively. Similarly
Tables 6.3 (). 6.4 (c). 6.5 (¢), and 6.6 (¢) give the values of JM distances between all pairs of the ClaSS(;;
for the four cascs respectively. Divergence, transformed divergence and JM-distances are calculated b;-
representing the training data in all bands. Tables of the results obtained by ¢xecuting 20 classiﬁcallo;
algorithms on the test pixels of the four cascs represented in the combinations of 1, 2, 3 and 4 bands are

presented in appendix C and confusion matrices for case 1, when data are classified using all bands a
re

given in appendix D.

TABLE 6.3
SAMPLE SETS AND DISTANCE MATRICES OF TRAINING PIXELS OF CASE 1 (a) SITES (b) CLASSES (c)
DIVERGENCE MATRIX (d) TRANSFORMED DIVERGENCE MATRIX (e) JM DISTANCE MATRIX

Ee Class | # Pixels Class | Crop | Urban | Trees | Sand
I Crop 740 Crop |0 3 12 7
2 Crop 192 Urban 0 ‘ 3 3
3 | Urban | 800 Trees 0 3
o Urban 465 ﬁ Sand 0 l
i Urban 728 “ll Average = 5.5 |
6 Trees | 660 | (c) DIVERGENCE MATRIX
KN Sand 450
|8 [ Sand 396 | Class | Crop | Urban Trees | Sand
(9 [ Trees 238 | Crop |0 35 77 36
@# Pixels 4669: Urban 0 32 (31
(a) SITES Trees 0 27 |
Sand 0
Sample Number of Pixels in Class Average =46.33
Set [ Crop | Urban Trees | Sand | (d) TRANSFORMED DIVERGENCE MATRIX
Tom 532 [ 1995 | 895 | 546
Training | 622 | 1329 590 | 364 | [ Class | Crop | Urban " Trees | Sand
W 370 567’——?9—5"—?8'?" Crop |0 0.39 1.15 | 0.74
mSES | Urban 0 1 0.28 |0.28
Trees 0 0.45
Sand 0

Average = 0.548

(e) M DISTANCE MATRIX
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SAMPLL SETS AN

TABLE 6.4

D DISTANCE MATRICES OF TRAINING PIXELS OF CASE 2 (a) SITES (b) CLASSES (c¢)

DIVERGENCE MATRIX (d) TRANSFORMED DIVERGENCE MATRIX (e) JM DISTANCE MATRIX
Site | Class | # Pixels Class | Gram | Wheat | Urban | Sand
| Gram | 740 Gram |0 3 7 12 :
2 Wheat 192 Wheat 0 2 5 I
3 Urban | 800 Urban 0 3
4 Urban | 4065 Sand 0
S Sand 450 Average = 5.17
6 Sand 396 (c) DIVERGENCE MATRIX
7 Wheat 150
Total # Pixels | 3193 Class | Gram | Wheat | Urban | Sand
(a) SITES Gram |0 32 56 78
Wheat 0 23 45
Sample Number of Pixels in Class Urban 0 26
Set Gram | Wheat | Urban | Sand Sand 0
Total 740 342 1265 846 Average = 43.33
Training | 304 538 344 364 (d) TRANSFORMED DIVERGENCE MATRIX
EeSt 249 ' b j‘gi‘ Class | Gram | Wheat | Urb
an | Sand
(B CLASSES Gram | 0 036 |064 | 130
Wheat 0 0.22 03
Urban 0 0.26 J
Sand 0
Average = 0.547
(e) ]M DISTANCE MATRIX
TABLE 6.5
SAMPLE SETS AND DISTANCE MATRICES OF TRAINING PIXELS OF CASE 3 (a) SITES (b) CLASSES (c)
DIVERGENCE MATRIX (d) TRANSFORMED DIVERGENCE MATRIX (e) IM .DISTANCE N?ATR]X
Site T Clase T # Pixels Sample | Number of Pixels in Class
T Crop | 792 Crop | Tree | Urban
2 Tree 459 T(m_ll _ o8 669 238 ,
3 Cro 53 Training | 656 446 626 |
(& Urban | 216 Test 28 22 312 '
5 |Urban | 722 (b) CLASSES
6 Tree T
m# Pixels —2—3_9’1’_
(2) SITES
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Class | Crop | Tree | Urban Class | Crop | Tree | Urban
Crop |0 |16 |10 Crop |0 87 |70
Tree 0 2 | Tree 0 21
Urban 0 | Urban 0

- N Average = 59.33
(d) TRANSFORMED DIVERGENCE MATRIX

Average - 9.33
(¢) DIVERGENCE MATRIX

Class | Crop | Tree | Urban
Crop |0 1.55 | 1.00
Tree 0 0.21
Urban 0

Average = 0.92
(e) M DISTANCE MATRIX

TABLE 6.6
ISTANCE MATRICES OF TRAINING PIXELS OF CASE 4 (a) SITES (b) CLASSES (c)
SFORMED DIVERGENCE MATRIX (€) JM DISTANCE MATRIX

|Class Crop | Tree

Crop | 0 22

l Crop 792
Tree 0

2 Tree 459 |
' Average = 22

SAMPLE SETSAND D
DIVERGENCE MATRIX (d) TRAN

Site | Class ' # Pixels

R A
3 Crop 204
L : ; |
Total # Pixels 1437 (c) DIVERGENCE MATRIX
e |
(a) SITES |
Class | Crop | Tree
— . -
Sample Number of Pixels in Crop 94
Set Class Tree 0
Average = 94
Crop Tree e aroRM
. N 7
Total 996 459 (d ED DIVERGENCE MATRIX
] I
Traiming | 664 | 3%
Class | Crop | Tree
 Test 332 153
Crop | 0 1.57
(b) CLASSES
Tree 0
~Average = 1.57
(e)

n four bands (of channels), we get 4 single bands, 6 combinations of two bands

As the data is represented i .
and | combinatio

n of the four (all) bands. In this research work. processing

4 combinations of three bands:
binations of the bands.

has been performed on all 15 com
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For cach
case, the pixels of the s '
pixels of the sample sites representing same class are listed. From this li
. is list, 2/3 of total

piXCIS are taken T ' I se, f
astra > 1 T
mimng plXLlS and 1/3 of total plXCIS as test piXClS For this purpo
. , hirst two piXClS
arc

taken as traini
aming pixels, ¢ i i i
gp xels, and third plxcl as test plxel, then fourth and fifth pixels
are taken as traini
ning

pixels, and the F
. sixth :] 15 tak i
1 pixel s taken as test plXcl and so on. Finally the remaining (if any)
ny) one or two pi
pixels

are ])IaCCd 1 S¢ ) I
n lhc SC T 1 r i
! of t amlng plXClS. hc nUmbC Of plxcls in CaCh CIaSS in C S ] Z 3
asces a
l [} Y nd 4 are

tabul ‘
ated in Tables 6.3 (b). 6.4 (b). 6.5 (b), and 6.6 (b) respectively.

I” a“ IZOO [+ | T r coO b
xecutions arce pC formed fOl‘ a" 20 a]go Ilth a" the m 1 1 ‘
1 1nations o the ] 2 3 4
L] and band§

and fo ;
r each of the four cases. The following four tasks are performed for each executi
ion:

1. D ing 1
epending on the method, class-signatures are calculated from the training pixel
h ixels and then b
y

usi ] . . .
sing the signatures and the classification algorithm, the test pixels are classified

ssified. After th

e

classi A . .
lassification of test pixels, confusion matrices and Kappa Coefficients are calculated
> : ™ C ulated.

To have idea about the statistical separation of the sample pixels, diverg
AU ’ ence, transformed

divergence, and JM distances betwe

N

en all possible class-pairs in training sets are calculated fi
ed for

each case.

3. To eval
nd the signatures OT statistics (Statistics C omputing Time) abbreviated as SCT, 2)
. 2) time to

time to fi
fication. the Class Assignment Time. abbreviated as CAT

class assignment during class!

perform
me (sum of SCT and CAT) abbreviated as CT

y 3) the total cla§$iﬁ_cation t1

20 classifiers

and finall
4. The results obtained by
Cl.C2.C3.and C41n appendix C fort

for each case are plotted. These results are given in Tabl
aples

he four cases respectively.

ximum OA or minimum CAT 1n any of the band
an

emonstrating either ma

Finally, the classifier d
four cases is selected inclusive of all tie situatio d
ns an

d 4 bands, for each of the
aximum OA and minim
is given in Figs.
ation and analysis is given in next chapter.

combinations of 1. 2, 3. an
um CAT is recorded. Scatter plot between maxi
imum

the classifier along with m
CAT (y-axis) 7.5(a), 7.5(b), 7-5(c), and 7.5(d), for the cases |

OA (x-axis) and minimum
which detailed interpret

2,3, and 4 respectively. for

6.2 Implementation

pA WinProlog and its associated tools [Steel 2000, Shalfield
IR 1eld et al.

989, Sterling and Shapiro 1996, Bratko 2001} is used in thi
1s work

All implementations are done using L
2003]. Prolog [Clocksin and Mellish 1
sensing data interpretation and GIS is to use Artifici
ificial Intell
gence

b
ecause the latest trend 1n the remote
tage but also at other stages including the i ;
integration of o
utput of

techniques not only at the classiflcation S
rtikeyan et al. 1995, Jia 2000] Prolog and LlSp [Patterson 19

KCO\Vn l 987’ Ka

y used language

Classification in GIS [M¢

are
the two most commonl

s in the Artificial Intelligence communi
unity. Prolog in
general
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have man
ad / i
y added advantages, over conventional procedural programming languages, likc m
programmin ' i iliti e e
b g, rapid prototyping capabilities, code-reusability, smaller code-size, natural |
abstraction and object oricntati i i ,1, o fevels of
ntation, backtracking and unification ¢ ili
, apability, etc. Apart fi i
. elc. rom this, we have

tools h : .

ools like Win32 programming [Steel 2000]. Portable Dialog Manager (PDM), and Fuzzy Logi

: N . ry Logic T ~
(FLINT) [Shalfield et al. 2003] associated with WinProlog. gic Toolkit

Using Prolo .
g programming programs ar¢ developed to execute a number of functi
nctions. The program listi
ng

E. The following functionality has been implemented usi
ing

00 GL IBM 500 MHz PC with 64 MB RAM runni
ng

of these functionalities is given in Appendix
LPA WinProlog and its associated tools, on 3

WinProlog under Windows 98.

e A program which can extract a rectangular or squarc area of interest from the four-band LISS
- -111

image data and the converts smaller image in terms of Prolog facts and stores these f:
acts in an

external file.

e A program to display the remote sensing data in form of user-specified color composite by taki
akin

any three or less (but at least one) bands. The image generated by this program is stored as bi g

S bitmap

in an external file.
d Win32 program 10 display two differe
nd marking sites in the color composites. A

e A GUI base nt color composites of images stored i
n
s bitmaps 1S developed for selecting a

external files a
d updating of training sample sites. It is also

set of other pro

possible to view nu

grams permits addition. deletion an

mber of pixels in a list-box. Another program permits storage of the sampl
ple-

sites as prolog facts 1n an external file. This set of programs support loading (for subsequ
ent

updates) the details of sample
« Another GUI based application. developed using Portable Dialog Manager and Win32

Programming tools of WinPr

_sites already stored in an external file.

olog. prondes state-of-the-art simulation and presentation tool which
Ic

permit executing any algorithm on any set of training sites and data reduced (if required) in les
s

er of bands. This application supports utilities to calculate and display statistics of selected

numb
aration measures. confusion matrix, kappa coefficient, statisti
s 1stics

sample pixels, statistical sep
computing time, class assignment iime, total classification time, histogram with mean and
n

s GUI also supports merger of sites of same classes and then spil
Spiit

standard deviation details. Thi
the pixels of classes in user Specxﬁed ratio of training and test pixels.
orithms on data of all 15 possible combinations of bands. Th

s. The

ich runs all the alg
bulate

racies. and classification times in the form of Prolog facts, and the second fil
1le

e A program, wh

results of this pro

gram can be ta d in two external files. First file records data regardi
ing

classification acct
contains details of confusmn matnces in form of steam of text.
plots of Overall Accuracies (OA), Kappa Coeffici

lents

* A sophisticated GUI ap
gCT). Class Assignment Time (C
AT), and To
tal

(KHAT), Statistics Com
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Classific Time (CT i '
assification Time (CT) against algorithms. This can be done in any combination of band
of bands and

for any sz -si : ‘
y sample-sites. Four same types of plots (in 4 types of band combinations) |
can also be

generated on one screen. Fou different types of graphs can c
< _Four different types of gr hs b
ff ¢ generated on one s i '
reen if required

Only onc selected graph can also be generated and printed on paper.

° p . . . et 3
rograms arc also dev cloped to handle routinely used matrix-related calculations, and stat
S, statistical

calculations.

e Needless to say that programs are also developed for each of the 20 classification algorith
s gorithms.

Fourteen of thesc algorithms, use fuzzy logic and fuzzy set theory and hence pro
-~ . grams a
developed to find fuzzy membership to ap re
milton Theorem [Pipes 1958] has been implemented for matrix-inversi
-inversion

ply various operations on these fuzzy memberships

e In this work Caley-Ha
and finding determinant of a matrix.

culate gamma function,

jon are also developed.

e Programs to cal beta-function, univariate normal distribution and
an

multivariate normal distribut

e Programs to calculate divergence, transformed divergence and JM-distance are also implemented
cntea.

s obtained after executing the 20 classifiers on the data of each of the fi
our

I“ the next Chaplel, the ICSUII
f eac

cases represented in all combination

of the classifier with respect to t€n criteria.
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CHAPTER

7

Interpretation and Analysis of Result
s

7.1 Introduction

| n Ii'lC ]’1‘3’1 [ I S 0O 1 > a ca
[t ou dL‘L‘IldC > 3 SUCCES i [) ) i 1 (8] i 1< cmole S
h f su '_5"5' li I Il 110 1 [] Al 1 [§ S]“Ei ]_Pch l
no OE’)’ ’]nd (‘ >
nitor

Carth Ies -
sources and [0S ! d
| solve V y >IMS ¥
] e various ])l’Ob]LI‘HS. 1t was always 1(:“ to CSipn n
5 ew methodc ¥
Ylogies f 1
= or lmag(‘

‘lasstﬁcl on T
at B [hC conv (8] | I ™m 1 S
nvenll nal 'l(.lh()d to pc fo this lﬁLk 1S MilXiIll'l.lIIl likelihood class
b C S.']tlt‘l (\I[ ( ‘)
R “'1liCh

assumes
s that traini 7
n - :
new g samples follow ultivariate unimodal normal distibution. G
' method 1s ¢ ~Generally. perf
s compa ' . . y. perfo .
pared with respect 1o MLC. This chapter details out a comparati rmance of a
rative perfo
rmance of

the

ed or improved in the present research.

class; ;
sification algorithms propos

& .
2 Interpretation of the Results

distinguished m the terms of overlapping among th
g g the pair of classes.

Thr
ee T
types of traiming sites can be
lap and mixing amon
tance)- 1st1 /
). Second. statistically separable tramning samples depi
& > Cp]C[ ]arun

Ih(J h . I = d craenc
S€. w oV [
ver |24 lhe { 1
aming Samples‘ dC])lCl IC‘QC, verg
=E _’,‘ C (l SS

Il'an
sforme
rmed divergence and 1€sS IM-dis
‘\"a]ue .
s of N 1
divergence between all possible pairs of classes. In the third type there a
are situatons w
e - < when some
ass-pairs are not separable. These types of samples are | N
: s are less separat
separable.

C]aSs- .
pairs are separable and other cl
lity are not well established. So. clear guidel:
guidelines cannot be
bl

The
effects of di : 1
ects of divergence on statistical separabl
¢ separability. by merely using divergence as the n
¢ measure of
the

estably
blished to infer something abou
e divergence more will be the separability [Math

Mather 1987].

aid is 1f more th

calculated for the s
f classes. The set of classes showing higher aver: _
rage divergence

How
Vev .

er, average divergence can be
age of another set©
e separable than
ability between two
It is also possible to decide about relative separabil

SR SRRy by

be co
mpared with the aver
the other set [Swain and Davi
avis 1978]. Tran
- 1Tdl SfOr’med

can b
e i 1
) considered relatively mor
1y
ates clear separ
e scale of 100.

€rgence, howev indi : if i

classes ; wever. indic classes if its value for all the possible pa

S is about 80 or more on th s of
d divergence (
Matusita (JM) di

gwain and Davis 1978. Mather 1987]. A1 :
. Another importa

USin
av
g average transforme
stance. Its value between 1.4 and 2.0 shows high
§ igh separabilit
- - v

Statist
tical ~ : o
separation 1S Jaffrie-
further decided by using covaria
£ ariance matrice
s of the

he separability

d'!;d f() e €SS the then ce 1¢ alvs
-di n t1
the JM dlSta l 5 1 1 a
OS‘ in[ yortan a h atiCﬂ] con p{S in [l ¢ dan I. S
T ( 1 _\‘1 Of ml.ll
8}

s one of the m
ance matrix it
ponding off-
e is a little correlation, the off-diagonal term

s s will be

se _ ;
S. The covariance matrix 1
ca i :
n be seen that if there is correlation bet
ctween th
e

Spect

ra - ‘
| remote sensing data- In covarl
ds. the corTes

| terms. If ther

Oonseg i ; . .
R speclml - diagonal element in the covarianc
¢ matrix wi
111 be

la
Tee
as . .
compared to the major diagona
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[ )S¢ [0 Cro h S [ TC S ](:Sb IIH 4 > > [ Y >
v llUdll()ﬂ 0[ ] SS . if . 1L10N (
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In single bands, a number of methods (FM, SF, MC, MM, AA, Al XX, XN) achieve th
’ ’ ¢ maximum

OA of around 45% in bands (3] and [4].

[ ] . .
In bands combination [3.4], the method IE improves the maximum OA 1o 55%:; the methods F
: ethods FM and

NN both achieve OA of 52%: and MI.C achieves only 50% maximum OA

S Si ll l I >

increases for all the algorithms and IE achieves the maxim
um OA of about 56% 1
n the bands

combination [1,3.4].

e  The methods FM, NX and NN achieve the maximum OA of 57% in the combination of four band
ur bands.

rable bands are (3] and (4] for this case and in single bands a number of
er o

_bands the methods IE, FM, NX, and NN achieve th
' e

This indicates that the most s¢pa
n combinations of multi

methods give comparable OA. 1
higher than the OA achieved by MLC. Fig. 7.1 (b) and sub-section Bl of
o
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1 A e
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7.2.2  Interpretations of the statistics and plots of Case 2

From Table 6.4 1t 1s observed that four classes arc overlapping and from Tables 6.3 and 6.4 1t is observed that

the training sites of case 1 are relatively less overlapped than the training sites of case 2. Fig. 7.2 (a) reveals

the following:

e Insingle bands. 2 number of methods (ML, FM, SF, IE, MC, MM, TAA, XX, XN, NX, NN) achieve

the maximum OA of around 50% in single band [4].

e In combinations of two bands, the method IE increases the maximum OA to around 58% in bands

combination [3.4]. The methods IE, FM. XN, NX, NN and ML achieve 57%, 54%, 54%, 53%, 53%

and 52% OA respectively in bands combination [1,4]. The band-combinations [3,4] and [1,4] are

almost equally discriminate.

e In combinations of three bands, the results are more or less similar to the results obtained in

combinations of two bands. An important feature is that maximum OA does not increase
significantly. A number of methods (FM, IE, XN, NX. NN) achieve the maximum OA of about 58%

[1.3,4] and/or (2,3,4]. However, as noted above IE achieves same 58% OA by

in band-combinations

using three bands also.
FM, XN, NX and NN achieve the maximum OA of around 59%

e In combination of four bands,
followed by IE (58%) and SF (57%)-

s indicate that the OA achieved by IE is comparable to the OA achieved by FM

o These observation
and NN. and 1t 15 hig

that single bands [3] and

her by a significant factor (4%-6%) as compared to MLC. It is also indicated

(4] are the most separable. and in combinations of single band, a number of

OA that 18 comparable with or higher than that of MLC. In combinations

NX, and NN provide the hig

methods achieve maximum

of multi-bands. 1E. FM, XN,

her maximum OA than that of MLC.

Fig. 7.2 (b) and sub-section B2 of appendix B also support the observations of Fig. 7.2 (a) as follows:
. s il 2

¢ of KHAT is 37%,
1.3,4] and [1,2.3,4] res

_—— , iy 40%. 41% and 44% in single band [4]. and in band-
e maximum Va o
o (341 | pectively. Band-combinations [1,3.4] and [2,3.4] aive
combinations [3.4]-
about the same results. . _
* Th i d corelation matrices (sub-section B2 of appendix B) of the classes also
e covariance an

. Jrati onding bands as observed above.
confirm the s€p

A on of data in the corresp
consistently

ations are similar to the observations with case 1, and some

With regard to Figs. 72 (C)-(e) the obsery

IMportan
t feat e: L
ures ar re almost same CAT, which is respectively, 1/20" and

s SMand IE requi
¢ 1/4" of that of MLC. CAT taken by IE is 1/5™ of

* In single bands. the method .
CAT taken by SF 1

1/10™ of time taken DY MLC.
CAT taken by SF-
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APPENDIX

A

Using Fuzzy Logic in WinProlog

of fuzzy logic and the structure of fuzzy lo
zzy logic

rview of the terminology
Im.cn.uk/iml yro.htm]. Here only th
e

Dttp:// v ww.

This

d .

pmgmll’]i’tl';dl\-‘;'gn-“ only a brief ove
inProlog [Steel 2000. Shalfield 2003,

T(.‘lc\-a
nt fun
ctions (predicates) arc outlined.

ALLF
duzzy : ;
zy Logic Terminology
fuzzy logic progrant: fuzzy variables and fuzzy rules. The keywords i
uzzy variables take a range of numeric values. The value of a fi -
e. The range can be divided into ceveral sub-ranges by deﬁi?zy
ot of a name, known as a linguistic qualiﬁ:::

riable qualifiers consl
h possible erisp' value of the fuzzy variable its degree of

T]'lcl'c "
the fol:li(:;,'[wo main components (0 2
Variab)e islng l,“‘ are shown 1n bold. F
Qualifierg fordcmfd to as a 'crisp valu
a memhrclrhc fuzzy variable. Fuzzy V@
ship function, which shows for eac

lnenlb
—
rship of the fuzzy set.
e of membership for each

able this 1 converted 1nto @ degre
red back from the fuzzy

vvhen a ey
lnguisuccrlspf value is assigned 10 @ fuzzy var
Variab)e SQUahﬁclr using 1ts membcrship function. When a crisp' value is requi
, 50 that it can be used outside the fuzzy m, a de-fuzzifying expression is used. This
membership of the fuzzy variable's qualiﬁers. A linguistic ‘hedge’ can
has the effect of either concemrz;tinu or

eXpr -
€sSion 1<
el lhf:nd]c5 based on the degrees Of
: e e -~ ) i
iting the }’RL_S of membership 01 @ fuzzy varna le
uzziness of the qualifier:
lifiers in its conditions and 2 single fuzzy
. bles by .a process called propagation.
pership for h able qualifiers mentioned in its
ble qualifier mentioned in 1ts

ed by conjunctions (and),

Fuzy
Va“ab!cy Ru‘,efs a rule that refers 1o fuzzy variable 42
: e“ar(L]:LllaI-mer in its conclusion-
¢ is applied it looks at the degrees ©
membership for th

C()nd. .

“Oclugion and calculates the new degree !
Sluncgign The calculation depends upo whether the conditions ar¢ ed
atriy :]“S (or), negations (not) or @ mixture of these. Fuzzy rules can also be joined together into a fuzzy

& » also known as a fuzzy associative memory-
2T

. h .
e Structure of a FuzzY¥ LogIic program
fuz
z :
¥ logic program can be viewed as 2 three-stage process: o |
Stage 1 - Fuzzification, th erisp’ input V2 ues arc gned t0 the appropna'e input fuzzy variables.
"ffhe ‘crisp' input va]ue’is cié Jverted into a degree embership for each of the qualifiers for the
u ;
. Jzzy variable it is assigned 10 : 4 thed ifi
fuzzy rules are applied t© the fuzzy var les and thell qualthers. When a
d the degrees 0 membership for the quallﬁcrs mentioned
oned in the conclusions of the rule.

St
fuagg,e 2 - Propagation
zzy rule is applied 10 some fuzzy *

in .
the conditions of the rule are Pro

qualifiers of the output fuzzy

itage 3% De—fuzziﬁcation, the resultant de
ariables are converte back 1nto 'crisp’ values.

: example fuzzy steam turbin
s this three-stage process for &0 P re' of the tur

am the 'erisp’ values for

tively-

e program: Before
bine are found

¢ f()] .
:'n erinéowmg diagram show
g g Wiy 10g1C progr
C and 15K pa respec
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Fig. Al: Sta

ges of a Fuzzy Logic Program
membership for the

to degrees of
er with the highest

are fi uzzified in

1!] lh
e fir
q“filif’u:rg,-st stage of the fuzzy 1081 program these values
of the 'temperature’ and 'prcgsure' fuzzy variables. The 'tcmper;ture‘ qualifi
followe by 'cool'. The 'prcssure' quahﬁer with the highest degree of

Cgre
¢ of
me .
mbership is 'normal’

Cmb
Crshi fe
pis 'weak' followed by Tow

A3

fuzzy rules and the degrees of

he
Me nd stage ; 3 ' . generates, using the
N eerfhlp of the input fuy‘z}vr:-]a;f;b cpqaaliﬁers,  resultant de€re of membershiP for each of the qualifiers
DSitye ‘]hromc. fuzzy \'a'rlzablc The throttle’ qual fier Wi he highes! degree ©f membership 15

.- _ldrpe! il :
DQS"'VQ mrejztC followed by

- illm' <

Th '

¢h : whrottle' fu iab
| nal §i00 o hip for the quallﬁ rs of the throttlc zzy variable and
'Crigu'l ¢a Cies I.ls to take all the d(?g,-ccs 0 mbjtfsl Pc After exiting the fuzzy lc_aglc program with the

P valye lhispc;)::ttim \l’)aluc_ —{ih:;[:‘a;ﬁn - ome th (hrottle for the steam turbine.
Ac[ en be appli€ a

. Fll

Z

T 2y Components
falis Sectiq hat make up logic progra™ The components

' n s that .

It tells you how to defin€ the Comlzinrt}?;g’ges' i cules and fuzzy matrices:

[inguis 1 )

0{_11—
groups: fuzzy variables: 1

the input values for

Aq
1D
efin;
Fuzzy Ning Fuzzy Variables Jou can S¢¢
. : ouc
fiz, Variables and thei 6 pasis 107 fuzzy 108" - hem at the end of the Proces™ 2
deﬁn Variah| e ﬂ_ their qualifiers arc rules OF retrieve values from v fuzzifying expression
¢ UZ?yS prior to applyIné the ™7 its range It qual'ﬁefsa a T
T, 7y variable you defin€ it name '
¢
nato
The my Of A Fuzzy variable cinitions he parts . pold indicate
ke, ol able d¢ init1on d parameters
Wing A: fuzzy VOO text the nar
Ih':tw“rds :mg diagrams contrast prolog _tatx reter. TH plal ext ‘“(-jl;atdswith red border:
are ., Nd syntax recognise by the [ 1 f‘]nr:?;r e variable @ ghlight®
The qualit’®

Cho
sen by the programme’
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Fig. A2: Parts of a Prolog Fuzzy Variable
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escriptive of the quan
ould be 'temperature’. A fuzzy

om, usually d
fuzzy variable name €

The
name .
of a fuzzy variable is an al
example of 2

“’hc

nCVQr .

Variable prrocfcmng to the variable. AN
gram that started would define this:

U?yy
7V Var:
_Variable( temperature ) i-

Settj
ng a Fuzzy :

uzzy Variable's Lower and Upper Bounds
of possible values that the variable can take

pound of -100 and an upper bound of 150

follows:

The |

X Ower g

or examplcn?] upper bounds of @ fuzzy variable define the range
e fuzzy ‘temperature’ <ariable could have a lower

1S would
be defined by a fuzzy yvariable program

fuzz
Y_vari
able( temperature ) - [-100,150] :
If this section is left out th
S e

per bounds for @ fuzzy variable is optional.
ds for the fuzzy variable from the shapes of its

i TT——

fu "‘1[(’)11?1t setting of lower and UP

q”aliﬁerén: system works out the Jower and upper boun

ang Colg! ;“lbershilg functions. For example our fuzzy 'wmperature' variable could have two qualiﬁers_ hot'

abgve 10 he 'cold’ qua]jfier COUld SpCCii-)" 1 220 1S deﬂnitely 'COId' and that e\'el'\"lhinu

gy is definitely not ‘cold" The 'hot qual hat everything above 80 18 deﬁnnef)- hot

‘emperat:j"fmhing below 10 18 definitely not ' In this cas& i and lower bounds for the
re' variable were not specified. the fuzzy Jogic S 1 the value -20 to the lower

a
nd 80 to the upper bound-

a membership function

Def;
Inip
g Fuzzy Variable Qualifiers
qualiﬁer', and
rship of the set referred

"|inguistic
egree of membe

FU
Z
iable its d

Y var:

Wh: aria . .

hic Showble qualifiers consis
s for each possible 'crisp
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nt define the me€

and som
e Y-axis show

t of 2 name,

1 yalue O
This could be

d the X-axis the ‘crisp'
1. A degree of
of mcmbership of 0
define 1N fuzzy terms

lo
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repfes:;a“ shape, its curvature
Yalye Oft;? by a graph where th
erSh-e fuzzy variable. The degree 0 :
ip of 1 specifies that & value 15 definitely 3 ™
member © the

SD& .

¢

Va Fﬂes that i )
a value 18 definitely not @

Ing ¢
T egrees of membershiP of a set.
Cre
g
!frlang ere seven different overal shapes that ¢an pe used: a0 upwards slope. 8 ¢
ol o @ downwards triangle, pWards trapezoid: @ wnwards trap€zo!
ints nec ed to define each shape-

Win
g table shows the symbols and po!

e, an ypwards

wards slop
d shape. The

down
a freehan

d and



Table A1 -T
- I e -
he Qualifier Membership Function Shapes

Symbol

\ Pc

F [ ’;‘-‘;;]“ Description

.r. (AB] A downward slope

, (AB.C] An upward slop¢

l:\.li'( ¢ An upward pointing triangle

[_.\_1;-(‘ - A downward ppinling triangle

; s An upward pomnting lrapczmd.
A downward pointing trapezoid
A freehand shape

[V] /M1 ,V2 /M2....Vk /MK |
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ning | "
g Fuzzy Variable De-Fuzzifiers
bership values into a single 'crisp’

Jue back from the variable. There

y variable's current qualifier mem
also be used.

you need to get 2 va

Ad
e-fuzz;
7711 .
ler i1s used to convert @ fuzz
d expressions may

\’a]u

¢ for t

e twq bu?]? variable as a whole. TS IS
-in defuzzifiers, centroid. and

done when

Th peak. User-define
¢ defa

of a) lheuclllch-fuzzn fier 1s the centroid ks by finding the ‘centre of gravity of the collect
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A 0T
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- Variable

of the Fuzzy rainfall’
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The Qualifiers
and cuts

Th Fig. A3 -
e ¢ B
fu “ntroid m ' nction for each qualmer
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Ple would have :1:51;2;1;;;; a L.75_ This 18 shown 11 the following diagram:
2
2
_—
Fig. A4 - TH cut-off Point or the Tight Qualifie”
T " ting th tre of gravity
N eshaded ’ i1l be €O sid whe calcula & his ortion O
lhme that POrtion of the diagram is the hap galifiers h tof the A hen calCUIatin&.
) eal ol 858 light 2 thcdmedlg?thg rest and this 15 also Kk {o accoun
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Pe is concidered to b€ t



{hCC n
entre of a
gravity T
5 1¢ centre of pré 1 1 '
L.I’dVlly indicatecs a singlc value on the
X-El.\"iﬁ whicl i
5 N 1S deemed
to be the
C

WSU“
ant '(‘]" 5D’
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;‘Bhest dcurcc‘?fdc—tunwr 1« the peak method
oint. To 1 »f members : :
To illustr ership and then calc '
gt alculating tl -
e the peak method. let's take 0u$ fgli;;u'(rlapo
yzy ‘rain

Qualify
er, wi
me » Which curre
mbership funct:i[ rc?tly has the highest membership valu
n for this qus jer i e
s qualifier 15 then cro
pped at 11 current
- members

the r.
esulta
nt p]alca
Ll - ~ - - o i 1
1S calculated. I'his 18 shown in the following diagram:

_c-m-u_ﬂ

—_——'—
LB Centre of platzau

value

g A5- The Peak De-fuzzifying Method

he Fi
lnal
meth
Culat; od T .
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. u 2 .
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light', 'mediu
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jagra
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ics of Case 4

, Measures of Training
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8), msg_button, _, done ) :-!
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g(:l_lbx_sclcclion((tram.I])J, |Pos])
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. S\hndOWSples startng fro™ cNo, B3 preae
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WlbxE\ddm\ﬂa‘inWinclow,1 : N :
Wby d({Majn\?\/indow,1 po ‘Regi®!
dd((MainWindow: Pos,COll

(
(ncxl_class(chtSN
NextSNo > 1, =
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Flr”\ = [First| _|.
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-n .
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lasseg '('_]('155('5[.('55(}11!‘].
ﬁndau(‘clg ClassesLessOne = 1.
lassLigy) o, integer_bound(l (CNo Classesl
86N _paire
“Til_epaklrnf(ClaSSLlSL Pairs),
-kmat(BandNames, Pairs. Matk)

n"Q gcn i
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-Pairs(T,PT).
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o
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E ‘_:;:‘ames(ﬁands, List)
and_nam"s(o-[l] -1
b ‘nmelS(Bands, List) :-
ban es(0, Bands, List)
dn
b;n _nﬂeslBands, Bands.[]) - !
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m erls OldNo + 1,
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es(NewNo, Bands, .
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1\32(8]'

te
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¢
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Wigg=FOW() - 1
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write_k_row([RH | RT)) :-
intcgcr(RH],
fwrite(i,2 ,0,RH],
tab(6),
u.-ritc_k_row(RT].

\-.‘rilc_k_row(IRl‘l |RT)) :-
atom(RH),
write(RH),
tab(3).
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Min 1s min(MinOfRest, (mmlPH'I’ower'UPPCT'PHH/Mtddle
% meandrangc_f (Pixel,
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an e_fuzzy_memship[“'_- e !
5 _rnernship([PH | PTI,
ssMeaﬂ]ULMT].{Lowcr LT]

MLLT, ULMT. ET: B

f fuzzy put( ixel,
Zzeﬁ\%}é;&? : D Matr’ ix.Mchct]
% M'nVect alculated

. L
n ut(,._[]_,_.”] caﬂ\,ec[}{wqean\’ect'ﬂ.

matrix_ fuzzy-! P 5
1X I ut(Pl.\el, ( ; :
mat Juzmzjm NeglnvDenomT ) \1;1!{ | y::;r}];) :
[Ne'gxinex Jicit_f ,memship(mxel,. ean ,
min_ | G | —
NeglﬂYDZ?OFSEz;(I\?;;u]{(PL\'eI, Mcan\"ec[T, NeglnvDenom-
matrix_0- i
MinT) .
i ,0) -

i t_fuzzy- Shl_p([], =
r;:g‘exp11c1t, uz e p(.[-PHl ), |
] I ls.t‘)ui)( 7, NID MinOfRest!
o ncit'mm' & oH-MH)* H—.\iH]*NIDH).

Min 18 in '

i anVccts,

o), modulat (Beta, gands, 1S4 Me

(4] lx)

invDe atrix)
Negine LD ]




modulat
: on(Beta, Bi
Neglny a, Bands, Lists s
aglpmf)cnomm:nrn:) . s, BFARNIEEES,

enc . ’
mcansi};'(“"f‘ﬁlli.'a:n!s_ 0. OldSumVector)
Ncﬂu1ri‘v'(!h(]'l“‘“- MeanVects, Freqs, .
mtnd;[g drM:‘nnx,()lrlSman-c*tm ‘sumVector)
f-'cg’fmccvcm' SumVector, Freqs. .

arMatnx, f‘~'i‘p,lnL'I)r'nmn.‘.i:nn:-:]

,ll
txtend(Beta S
NCanlB“"-buvartm, ExtendMatnx
ven [‘;Byl)cuo'“] T
eta & Exte
E?Ch type “?[hia;:; ndMatnix,Mod Factor s of classes il
txte
enengiz LD !
MFsHead| MpsTadll) - (FH | FT), INTVHI NTVTI,
$qr_mod sTail]) -
MFchadﬁla“Dn__facior(Bcta,Suchctor.FH,NTVH,
e’“end e
(Beta,SumVector, F’]‘.NT\“T..\![-‘ST;UH
5qr_mg
fﬁmoﬁﬁiau"“-“‘ﬂort._.n.n.m
[FHHIFHTa“On_Tacmr(l 25 (SHISTL
LINTVHH | NTVHT] [MFF MFT]) -
S 022720 %

MFH ig

Mear 1 1/(NTVHH*((0 6+(FHH/SH)
Sqf_mséauon at 1.25
ulation_factor(1.25.5T. FHT.NTVHT.

5q
IR

MFT).

[_mo .
HH[pdﬁ%aUON_faClor(Bcta,[SH | STI.

His 1}'{l§{wHH!NTV1-lT], [MFHIMF‘TIJ i 5
yr-mod TVHH(( abs(ln[(FHH_fSH) + eta)) )2
IFT). ulation_factor(Beta. sT, FHT. NTVHT,
U/n B
A a\ﬂl?évcl)se mean_"(’ctor,Frequency:’\iMf’af""’ecmr-

fVariance Vector

Meang
ey podll 0 0. 1S4 2
Iy arSrS(lH |T], (MH | MT], |
'eq at m ,0ldSumVector, Sum®
Vector ¢ ean(H MH,FH,vart).": ,
bp ang. #m(oldSumVector, FH. .'"E'“"S“m\ gE
.vm-Nfﬁqs(T, MT,
NewSumVector,SumV

FH FTI.
ector)
or).

t’CtO.’]

AtMeaﬂV"C‘-

O/U {re
Neﬂ&at‘mean(List MeanVect. Freq
rrc‘LatceV"‘J) '
f -
ﬁ\e | at Eeanm-l].ll.ll) - L
gy mean([H [ T] [Mean | MTH FreqAtMea?
sor(y L~H‘T‘ViccVa:T]] -
fny) ist,[]), % sorts H 10 List w1th du

| FT)
phcates (if

Co
! unt._tabl . —-— 5un‘11].
! e(List, _, 0, _. 0.,0.0. Len, SU™

Meay, -

varanils Sum/LCn

Twice\? SumI/LCr:l . Mean
arH is -2*VarH,

*\Mealls

QAL ‘
fre atMrfla'“ 15 Len/sqrt(6,285
= ean(T.MT,F’T,TwiceV

B
3

Y .

/°C

Qo m ,

Qllll mprrreq-abOth(llllMCBﬂ, tn Y)

. rnfreeq- CummFreqX, mmFreq ) Cx cyl
q_about(IntMean, [ ¥lb

c21¢
liCT],CX.C

>
1
Qu ntMEa‘n'!.

. mf;
Teq_about(IntMear, |_,Y5T]. [

Cy

M, ;
Wp) req~3b0ut(Iml’vieam,[‘f'lTl-[CZ
appp =P, ().

y |
“op((Nfatt | MacT]. OP: RH! RTD

list(MatH),!,
appl_v_op(MatH ,Op.RH),
applyﬂop(MalT,Op,RT)

apply_op((H| T], Op. [RH| RT)) :-
Exp = Op((H)).
RH is Exp,
apply_op(T.0p.RT).

/* apply_op(Matl. Mat2, O

between p. Resul) apply operator Op
corresponding elements of matrix Matl Mat2 */

appl}'_oml].il._.lll-
apply_op([MatH | MatT],[MatH1] MatT1}, Op,

iMatHeadI MatTail]) :-
1ist(MatH},!,
apply_op(MatH,MatH 1, Op, MatHead),
apply_op{MatT,MatTl. Op, MatTail).
apply_op([HlTl.[Hl | T1]. Op. [ResultHead |R .
\+list(H), ! | ResultTail]) --
Exp = Op[(H).(Hlll.
ResultHead is Exp.
apply__op(T.Tl, Op. ResultTail).

d deviauon & Mean

o/, standar

sd(”,0,0)
sd(List SD.Mean} -

varlance[List, Var,
sD is sqn[Var)-

Mean),

st, N

se([Freqj. TransFrqu,
ulde’mqueSorted]. Transkreq, ((suml]).
s sum/N. I

ly_0 (UIﬂque rred, Und

appmjx :I:rmlt[[Squarcdl. TransFred
Var is éuml/!\' - .\icarl'Mean.

- L
) ; T, UHIVT (MH[MT]) -

UH. MH).

eSorted, % Squared}.
((Sum1]).

1s). [Lower |LT) [Upper |UT],

L
s rangez((ill-{”i'l}]'f]['ﬂi’tm MLLT], [ULME |ULMT],

means- o [
means- .
i LT 0 ‘{ﬂlm, oLmH, LH, UH):
eznngr?;geesh' MLLT, uLMT, LT, UT).
€ =
NI wer | MLLT]
mean_ ge([l.ﬂ-” IELiStS]' [McaﬂLCSS : s
mean,ranseﬂ;"a;‘f“j‘fml_[wwer| 1), (upper VT
UpperLe
[ sort(List oréz(:t.elll' p0en gum,UpP° )
count,t
Mean is / l;eln]
fﬂor;;ie_ : ‘:Mi:r is Mean - Lower
[




UPPC:
<o [r*:ishican 1s Upper - Mean
- ge(MoreLists, MLLT, ULMT, LT, UT)
.DCcuntl . l o
_table
luu:l Suml], ((}ll-:::.f. OldLen, Oldsum, OldSuml, Len
Mainly 1o n Arg 1,3,5,0&7 gets hers o
i ol i
lable . N “.
:Iémvlablcm‘{[r'r“ .{hum_fﬂmn | Len,Sum,Suml)
'c’o:m” . . Jltll‘a'n,()l(lf‘%lnn,UIden1,I.t'n Su
ount(H, [H - |
|c“'[&(n‘ [H|T], 0, Fil, NewList
o 18 OldLen + FH A8tk
el =
0 u 5 )1,
"W"SU::IIS OldSum + Term
.mum-tablls 'OldSum] . H"‘I'wm
ewSum 1 Limcwl.xst,:‘\hwl.'l,cn,N(-\.':'Sum
Len,Sum, Sum1) '

o

% cou
Sum 1L tabl

qf;n{.uppcr]. E}l}:bt. OldLen, OldSum,Lower, Lem:

o ainly en Arg 1,3,5,6&7 gets others

Ouﬂ.[ or range fuzz ! Bets

| -table((), 1 uzzy

. Len, Sum, Upper, Len. Sum, uUpper) -

founy
Uppesy ~DlelH
per) .. [H|T], OldLen, OldSum, . Len, Sum.

ﬂQunt
New H, H)T "
L e
18 ’
OldSum + H*FH,
H, Len,Sum,

Coy
Uy table
Pper), (Ne“‘Llst,New[,cn,NewSum.

% Ma:
o, AIn|
é’u OUnglg’l:lCXphcn_ruZzy
Sumrlnpreq- OCI(%lSt' UniqueSorted. oldcumm.

). Given ;\bcn' OldSum, 0ldSum 1. Len, SU
rg 1,3,5,6&7 gets others

Cou
- Inl_lablel[]
Coupy '“"’“'Lcn.SUm.Sum],l,cn,Sum suml)
[ P—
e Q(IHIT]'[U['l|UT].OldCumm,
OldSum.OldSuml.L

wC
e g, Mm
.Su 1Cummell'O|chn'

Uy Suml) -

Cnun )
t{H
::w u;ﬁll:f”]- 0, FH, NewlList).
T Wlen ; is OldCumm + FH
e ‘01s OldLen + ’
NEWSLS H*FH FH,
NchUnmlliS- OldSum + Term,
is Oldsum1 + H*Term:
mm,CummT
guml)-

Lo

Unt
tn table i
New (NewList,UT ,NewCU ail Newl

Um
v, , NewSum1,Len,Sunt

°B
Quu €ty Dist
1 ,Len.Sum,Sum I,

U ta

oo -tabl

T

Ne table(( (o

G THUH U oldcumm

Upim,g | CummTail),OldLen Srasum O
H<y uml,_ Upper) > ‘

1.L

cDu '

Ney H

Newcun'llH_lT]l 0. FH, NewList):
-reWLen m is OldCumm * F

°tm 1s OldLen + FH !
New 1s H*FH I,
u ¥ »
Newguﬁ lls. OldSum * Term,
c“un is OldSum1l * H*Termt.
en Aty ' ’
ﬂ,New ble(NeWLiSi.UT,NcwCumm,Cumm LNG“ 1;
Suml.H-UPPC”-

u
m, NewSum 1,Len,Su™

K

Co
Ung

Qﬂunt(_.l [], Coun[ C -

Qlde [Ele iEl ' ount, []) * t 1S
Coy Ount + ;’l.oldcount,Coun

O HEL
dCoqu[-[flge.Ele],ochunt.C

AL Coun

ount.l) |, Count s

count(Ele, [Elc,EIc|T1 OldCo g
ooy |X|.__|, e I unt, Count,T) :-
Count is OldCount * 2.

count(Ele, |[Ele,Ele T], Ol

el | T], OldCount, Count,T1) :-
NewCount is OldCount + 2!,
count(Ele, T, NewCount, Count,T1).

count(Ele, [Elc,X]T], OldCount, C .
Count is OldCount * 1.0 , Count, [X|T]) - X \== Ele.

counl(_.l].O) o
count(Ele, List, Count) :-
count(Ele, List, 0, Count).

count(,,]l,Count,Count] T
count(X, (X1 T OldCount, Count) :-
NewCount is OldCount * 1,

!

count(X, T, NewCount, Count).
count(X, [_|‘I‘], 0ldCount, Count) :-
T, OldCount, Count).

count(X,
Div, BhatDist, ResultStr)

dist,mat_riccs(Mat:ixList, Div, Trans

- ms(divergcnce(MatrixList.Div],MsD;’v),
TimeDiV is MsDiv/ 1000,
ans(ormed_divergence[Mamezst,TransDiv),MsTranle

'l"imeTransDiv is MsTranSDiv/ 1000,
mS{bhat__diSI{MatIL'LiSl.BhatDESI).MSBhaLDisIL
TimeBhatDist is MthatDiSt/ 1000.

ms(tr

( _
write_matrix(‘Divcrgcnce Matrix', D),

nl,

nl, . |

write( Time Taken (Dwergencc} - )

urrite(TixneDiv],

nl,

nl,

nl, ‘ -

write mam\'{'Transform::d Divergence Matrix , o

nl,

:nr'ite('Time Taken [Transformed Dlvergence) = 9

write(Ti eTra.nsDiv.],

nl,

nl,

:'E.:ite matrix(’Bhat Distance Matrnx. BhatDist),

nl,

nl,

wrlte(Time Taken (Bhat Dist)

write(T imeBh tDist)

) ~> ResultSt_r,

nl,

it {RcsultSt:].

nl. )

ary'vaDistancc atnx)
9k bhatfchst([.lstomia ces, Bhattach 3
ist Matrices atM.at] - ——

bl;a;ﬁ?é?:sf_unb,stat MatriceS: ynbCo¥ List, 0V
MeaﬂList,J.

len(MatriCCS. cols),

. List

StartRow L, covlist I ¢UnbCoV

bhat_dist(Cols, gtartRoW:
MeanList.B tMat

ols, startRoW: = =~ 0



Cols < StartRow !

bhat_di
_dist(Cols, S
o ols, StartR
!-I'I:E:ibCo\.Lxsz tartRow, UnbCovlast.
leanList,[Bhat
5 1atMq i
SlaﬂRUW .. (‘(11‘” lead| PihatMat Taull)
ni;ﬂ(lol 15 1 -
_row :
Unbe -of_bhat
il at_chst(C i
!.ﬂean1:1‘|51_ lm-UnhL‘cm“lH' StaRavh prartCol
Im}?i)t'[:];uhiﬂtHl'.'ulﬁhl“
whNex il
n?ai_dlsug;l‘lﬁ‘fitnnRow + 1
"UanO\'l_lsth'\smrlRU"‘"N“-‘([. UnbCovlast
el ‘1(‘21111.19.:,HhmMmel] o

nth ¢
-Tow_of_t
_of_bhat e
ols < s;mcgl—f“hliﬁnls. srantCol. . -+~
fth_rq '
. ~0W_of bhe
ntaioé‘[‘lstl)1}:]'\‘"U:ilh(l-‘l(.'uls, grartCol. Smr:CuI.
_ro?‘l'Ncr’“ 1S St:)mOC\;ilf‘ ] M(-M]Lm'[mHM”TH .
n ~of_t ; :
CU‘-'Llst,_I;l:'ijl_(hsqcols. SrartCol, Start
Oth_rq nbCovlast, M(‘aanst,B
- “.‘_Or b
) CovList hat_dist(Cols. SrartRow grartCol
Sgan[-ist B InvUnbCovlast a '
tarre WBMHH [BMHT]) '
“‘ffmbzJl =< Cols b
(U :
zmbcriuzggovROW. UnbCovlis
e“‘bcr(.uscanﬁ"c"" UnbCovList. Start€ol
Mber(Mear CO“'. Meanlast, SrartRow).
i X_differen ol, Meanlist, grartCol).
myPOse(Me ce((MeanRow]. {MeanColl, MeanDif):
anDiff, TransposedMean - uff).

Un Lnx_ad
bCOVSurg;uon(UanO\.'Row. tn

1, StartRow].

May,
1
5 .Half()ﬂ:anox‘S

U -Scalar
I -mUh(UanovSu::.O

Magy;
DQ Ln‘x__[n .
tH&lfOrJr(i‘;SC(HaHOﬂJanovSum‘_.,.f,
COVSum,!n\'HeﬂfOﬂanCovSum?.

Tnau,ix

Y
7 nbCoV

“mul
t{MeanDiff InvHaIO*
OsedMeanlef-

ma'[rix at),
Mg =3
‘“atrmmia!‘m““l%rm 1Mat.0.1 25, [[Ter™ 1)
Te ‘m\'erse(UanO"'RO‘\'._.,._. ctUanox‘Row.).
0'5‘?“2 1s rse(UnbCovCol.- ._.DetUanovCol.,l.
0.5, NMab —=
BSM‘ (Dctlk?emauomanovSum}.f[(DctUnb ovRoY
is TanovColf\o_5} ).
OlNeerrpl + Term?2,
tCoL\'C\t

Un Tow
bCouy =0
f_bhat_dist(Cols. S1artRO™: L gHT)

OvLis
/* t, InvUnbCovList. - 1eanLlSL
Ath
UH ~Tow
_0
MQbCQVLii“bhat—diSt(COlS. Star‘tRow, St 1col-
Sénrt-igt'[g'b‘lanVUanm’List.
Ryomgiinis BMHT]) ©-
v ERO“'!'-

e

b

M, o oT

me erzgnbcovRo“’. Uano\:Llst, St

. nbCovCol, unbCovL1st StartCOl).
tanROW).

er|
(MeanRow, MeanLiSt: Col
S‘[aft Qi ﬂeanDifD.

b
I er
Ztl‘ixhc;ri\:-rzaﬂcm. Meanlzis[' COII X
. rence((MeanRoMh eanColl
i[MEaﬂCOll, _MeahSum),
piff);

tr lx-a v
ﬁla'nspost:dltlon([MeanROW!‘ ,
UH];E: ‘ dlf(rMeanlef, TranSPOSedMEan 1
maiﬂvb- erence(UanGvRow. UanovCo ;
U trix :

n i »

hcovsidri;uonwanovRow, bCovCol,

matrix_scalar mult(Unt
o= = HhCovSum,0
matrix_m ,0.5,Halfl
i m'::tl}\ﬂt:anSum.HalfOﬂanco‘.,Sug[}JﬂbCo\:sum,.
5 (InterMat, TransposchcanDir'r "AFCFMa:),
, Term1Matj,

mamx_scala.r_mult[Tcrrn 1Mat,0.125,[(Term1]])

Inclu b inver SC(UanOVRO\\ De 1
b tUan v
' ovRow, ]

matri.\'ﬂinvcrsc(UnhCovCol
wid ._._,_,DetUnbCovC
m'um._,sca.lar_mult(UnhCm:Dil‘f,O 5 HI;I)IO?{.J ;)1(':_]'

2, nbCovDiff)

(

(
startCol
0
)

=-= StartRow, thllalfOl'UanovDiﬂ =0, T
, Term2 =

maU’iX_il'lVCl’sC(Haijﬁ_]nbco oy
DctHaJromanova'_]' vDIff, ...

Term?2 18 -
0_sqn[abs(DctHa.lfOfUnhCO\rDim/((DetUanm Row"0
'Row™0.5) 7

(Dt‘lUanO\.’C

StartColNext is Start ;
b StartRow, StartColNext
MeanList, BMHT). '

ce(LislofMamccs, DivergenceMatrx)

Matrices, DivMat) :-
ces, UnbCovlist, InvUnbCovL:st

ed,divcrgcn
_,divergence(
unb__stals(MaU"i

% transform
transforme
matrices-
MeanList,_).
lcn(Matrices. Cols),
gtartRowW is 1,
Lransformedddivergencc(Cols,
eanList,DivMat).

StartRow, UnbCovlList,

[ananovList.
Lransformed,divcrgeﬂCE(C‘Jls- StartRow, - — |
Cols < St tRow, !
(ransfor d_divergence(Cols_,, gtartRow, UnbCovList,
[m-Uan ist, aﬂLISt,[DwMaLHeadI pivMatTail]) -
grartROW =% Cols:
ncelCols, StartRow,

diverge

StanCol is 1
ansfonned_
anovLisL

nth_ro\'-’, iz
pCovList: InvU
startR xt is artRow * 1
rmed divergence(CmS, StartRowNext. UnbCovL:st,
anList,DivMatT aill.

0
transfo
I vUanovL;s , Me
ath_row of,uansformed,divergence{Cols, = startCol, _. _.
A
cols < StartCol, 1
Cols StartRow
row,of,u’ansfo ergence! : .
l'SltartCol, Uanov ist, U pCovList:
MeanListJDMHﬁ!lD HT)) -
=< ColS A
?nt:{tng:;wnbc yROW, pCovls t_:;t Row)
ember(UanovCol, U pCovList: :rartCol),MLR
- ber(lernb vROW: !ananovl_Ast, grartRow)
mzﬂml er[Ianan vCol ln\_fUn ovList, S +Col),
:Tlember(Me Row,b;de Ll_,xst, CO?}W],
col, M¢ ist, - _
m:ﬁ;ﬂ(r}ﬂéren ell eanRow] eanC?j MeanDifl).
u'anspase(Me piff, TranspP 5 d:lf!f-!eanm'
matrix- ult[TransposedM )
sMult) ; ;
Mffg:lr?;%di'gion(!ananovRow, Inv nbhCov Col
iﬂvu;gchf?;m) (IananovCol, iananovRow,
ma X
bCOVD. yCol anoij],
i differ nee(Ur bCOVROWML::a:' o : rrﬂiMa-:m]
,rﬁg —mult(I vun cov um.

1489




matnx m

_mult(U Y

T:,rm2~"~iatrlx) nbCovDuff, InvUnbCovinil

ace . .
Uategszl Matnix, Term 1 Trace)
-RU‘-’-'C(:;],A!M“N' Term .2'['1'.;1(':-).

EMHH 18 12:)’:'?1111‘;“‘“‘ + '|'t-r:nl'2’l'r;u c)/2
StartColn (1 - aln(-J_RowCol/8 -
Mh_row ext1s StartCol + 1 g
:ancomfgflfl}’ltﬂtﬁfnrmr-c! tln:(-rpvn( el

xt, UnbCovlas s
can[‘ml.DMH‘]‘] yCovlast, [annh(‘uv[.lﬁt ’

Cols, SrartRow,

[}
‘:’dl\’e[

4 genc :

Vergence Nc“'”’tflf.\hllrlf'('}; Diver ,enceMatr )
Matrices (Matnces, DivM ,“I} B MBLEE
9 _u T B3 ==

WUnbCoul nb_stats(Matnces UnbCovlist
len(M ast, Meanlist I o
larlt atrices, C(Jlg] ast,_).

Iv Row is | o

'('fgc“c : .

: e(Cols S

v anm-ll!imh' StartRow, UnbCovlList,

List, MeanList,DwMat)

dive,
rgcnccl
Col
ols s, Star ;
< StartRow |!”R0“' —r = AN

dlL‘cr
I genc §
f“ anoi!E?’_l:" StartRow, UanOVLISl.
S MeanList,[DivMatHead | pivMatTail

fow o !

gbCoth—S:“[dwcrECﬂCe(Co]s. grartRow. srartCol.

owN nvUnbCovList, Mcmmist,Dl\'MmHC?‘d]-

"’ergencqe(’:“ is StartRow + 1,
ols, StartRowNext, UnbCovlist

ln\:u
nhCoy
List, MeanList ,DivMatTail]-
LI

n
th oy,

Co
Is grartCol. - -

_of_di .

n < Startgslf[;l(‘ncc[cms, -

t s

UppOW_of_dj

ManO\r[_i [_divergence(Cols Start
“anLig, e lananOVLi'—;t,

Stargony | CMHH| DMHT]) -

Row, grartCol.

Eembg:[:; Cols,
efthbCOVROW. Uanovl,ist, arLRowl.
mberuntbCovCol, UanOVLiS{, [a_TICO : o
Er(In\.funbc0"":20“’. InVUanolest.QSLaIlRO\\).
er(Mcunbco"COL IananovLasx, grartColl:
ber(M anRow, MeanList, artRow
eanCol, MeanList, grartColl
an I Mcathm.

tr _di

m Spﬂs::?g;encc(wleanRow] [Me ‘
M, X_mul eanDiff, Transposcd eanDiff).
¥l (TransposedMeanDifl eanDifl.

at mﬁult].
v _additi |
Iﬁlg;l_xcovg:ﬁg;i(lmﬂnbCovRow_ IananO\. col,
Ny, oo=di ;
mgagg(:ofgirence“nvuanUVCCﬂ. lananovRon
U 2lbrix_g; '

'?lt;covagerence(Unbco\,Row' UanovCol,

Te trix .

mn;m‘msunw"bcf’v&lm. McaﬂDiﬂMult,

Tep : 7
LTTQM";?;‘;t(UﬂbCO\;Diﬁ' InVUHDCOVDlﬂ‘.

& cem_,l_mll, |
ety Term1Trace):

a¢
D ¢(Te
StM i:nzMaLrix, TeerTrace}.
n OIN(TErmITrace * mz'rrace)/z’
St‘harow ext is StartCol * 1,
Ma"tCOIN‘OT—divergence(ColS, tROW

tanr ' Next, UnbCovList InvU DCOVUSI'

1S[,DMHT) !

My
Qlatnces
trio. S-unb -
qpy e stats((L1L 2 , ‘He
?uLUn %{‘)—““b_statsﬂk&[gltl}{[im |MatTﬂlllv[Unb,(r:,?i\”Hi'_\?e
Heaq vTaill.[IananovHCﬂM1“"’ nbce. ’;a'llﬂ
lMeanTaill,!UanOrel Eadlunbcord l

matrix_unb. stats(MatHe

= ad, Mes '
iananovlIead.Unbcorcun-;unmmMd' SREaass
matriccs_unb_stats[MatTa'l Tai
Tail,UnbCorelTail). il,UnbCovTail InvUnbCovTail Mea

matr?ccs_stats([],[],[].[i,[]] -l
mamccs_stats[lMachad | MatTail],|[CovHead | CovT il (1
aill,[InvCo

vHead | InvCovTaiI],[Mcani-lcncl | MeanTaul| [CorelHead |C
! g orel

Tail]) -
ats(MatHead, MeanHead, CovHead

matrix_st
[nvCochad,Corechad],

matriccs_stats(MatTail,CovTajl,InvCoval MeanTail,C
Rl CorelTa

).

confusion_matrix(OldLisl. NewList, ConfusionMatrix, Kh

2 x, Khat)
i dList,NewList, ErrorMatrix)

(ErrorMau'ix. RowSuchcllor}

m__vcctor(ErrorMaLrix, ColSumVector)

Lracc(ErrorMatrix, Trace),
Matrix, TraceVector),

ix, [ColSu mVector], ColSumAppended)

append(ErrorMatrL
PP gumVector, [Trace], RowSumWithTrace)
a_nspose[ColSumAppended, Transposed), ’

s
umVector, RowWise),
accuracy( c olSumVvector, ColWise),
sum_and_ ou t(RowSurnVcctor, TotalPixels, ),

i a e"lOO/TotalPixels,

RowWiseSum,_),
d_count ColWis€, ColWiscSum.#]‘
WiseSum/Rows,

iscSum/Cols,
Rothsc,Overaﬂl NextCol),

5

end(RowWisc, |Av

end(ColWise, ngolWise],NextRow),

ap end(Confusi?nMatriXOninlthSums,
1thNextRow] ,

[NextRow],C _wit
spose C _WlthNextRO\ Ve
e W'leexiRow,

4(Trans dWwi
end( ¢ dWithNextCol).

Tran sposedWithNextRow._

m =
oductsll) T alpixels*‘frace - .
A a]pixels*’['otalpncels _ gumOfProductsl

confMat & KHAT

(ErTO Matrix, o usmnMatrix. Khat) -
ix, RowSurnVector},

onfusion- ‘“
fﬂ‘i\',;nm; CtO;( (ErrorMat ColSumVector).
column— _ve
u’ace[Erro atrixs Trac.e),Tacevecmr]
ector(ErrorMamx, T b i )
it (rorMa iX, [ColSumVector[. ow_mTppen ed),
zpngcdlt owSuchcto Al ac?r ,anosws;;erg] ithTrace),
trpaglsposc(COlSu ﬁppe _TransSP
oseds
appgﬁd[ rat?lﬁ‘gace],Conf 510nT:‘jaﬂsposcd},
IRO;:'!S se(ConfusionTrm ;u?ns: ;
ConfusmnMa onlyW SumVector i
uracy(TraceVector, W Ao g
o Tr evector: olSum g alPl\els,,].
accuraC):i( coum(RowS yect0 ot
s(,)Li:lr’ lis; ce 00/ alPuccls,

1 720




len(Rov
vWise
S
Sum_and i
sum_and_immt(Rm._-wls(.I RowWiseSum, )
AgRiowivi ..oum(Cn!‘.k’m(.‘ ColWiseSum \ '
AvgColW ‘h(‘ is RowWiseSum /Rows el
aPDcnd(RZ(- -lsrcnl\i"'“‘"S“m/Culs;, I
apPCnd[Com} '-S{.' L‘\\-!’I’RUW\""H".()\'(-ru
#ppend(Cor [l“"' l-"\"l',COW-'lsv].N«-xtRnw],
[NextRow \1 u5”’“-V--'i‘ﬂ.‘é()ﬂl\'\.’.’nh.‘%utlm
‘fansm,i.'t‘\\i WithNextRow). .
'ﬂnspo;('(('m WithNextRow
append %d“’lthcxt Row) '
EF;CXICOl]{Tri_mshfnscd\‘-'uhchtRow,

’ rdnsposcd\vnhN('.‘HCOH,

]l],i\'t':-;(('nl]_

nfussoannx},

lrang
pos
clTraHSPOScdw“thxtCol,Co
('(lColSum].

trang
0
pose(|ColSumVector], Transpos

Matrix
_mul ;
t([RowSu mVector],Tran sposcd(jolSu m.l[S

Um
oProducts])

at
S“mo&g(?‘alplxcls"fmcv z
umoﬂ‘rodﬁgz%“Tot““’n.\:cls"rmalancls -

ace;

oD -

(SHsq D[EVI'”TVT}.{SHiS’I‘],iDH | DT -

accurg is TVH*100/SH):DH=0]
cy(IVT, ST, DT). '

Error
-Matrx
max{oldn'\(ol‘“‘l!it.Ncwl,lsl, Matrx) =
List, MaxOld),

Max
Cms(icwbs(l MaxNew),
Or_mn;fr‘*{MﬂKNcw, Max0ld),
- ix(Cols, 1, OldList, NewList, Matrix)
Or_m X
Ols < aSu.“'“‘lcols- StartRow m:-
tartRow, !. st
Last.

erOr
-matn
[CRHIC?&;T(COIS, StartRow, O1dList e
t 3
anri‘)“’ =< Cols
_Tow ;
ldLig; N..Of_r;rror_matrixlcols'
R.o ewList, CRH),
RT). trix(Cols, StartRow ext, 014

Stgu'LRow, 1

1_;\:e\x'Llst.

fow .
—Of_error*matrix{Cols,_.StﬂItCOI- Rl

ol

§< StanCO!, |
Tow
OW_of_error_matrix(COl*: grartRoW: grartCol:

ikt
anc NewList, [CRHHI CRHT) -
ST r?'\l =< Cols,
tCagCBI églx,_elemem(O!dList.N
Count
H 1S C()u[]l'tl

St

Staryo

lth

gy oW

ldLigy ﬁof—e“orﬂmamx(cm
NewList, CRHT):

0 Ne\\'Tz‘ul].

Tror
r _element((}.l] j b
-n . == 2
Row, atrix_element([ROW| ostutl.lC'f’1 !
Qe i (:Il]- Count) :-

Oungy ,atnxmelemem(OIdTai

DutTmn-

ot i
tis CountTail + 1-

1 New’l‘ail‘ ROW. col.

rnau-lx
_el
Couny clement([-
r :
Coun ‘m.atrlx,element(old'faﬂ,
QutTmll.
Ntis CountTail.

e
It
Quﬁf-

olNext is StartCol * 1
|Next.

0y 1
Co Mcz_chctor. qmnascd Covariance, Inverse f I
ovariance, Unbiased Corelation - of Unbrased

malrix,unb_stats(l],[],H,[],[]) :- |

mmrix_unb_slms(Malrix, Me: e

P Hcurels: canVector, UnbCov, InvUnbCov,

matrix_stats(

len(Matrix, N),

N>1,

Scalar is 1/(N-1),

matrix scalar mult(Cov, Scalar U
ix_scalar_ , Scalar, UnbCov

matrmﬂswa(Manx._.Cols], P

corclation(Cols, 1, UnbCov, UnbCorel)

matrix_inversc(Uanov._,_._._.lananCov)

Matrix, MeanVector, Cov)

o), MeanVector, Covariance, [nverse of Covariance

Corelation

mam'x_statstll-l].ll-l].ll) - L
matrix__stats(MaLrix, MeanVector, Cov, InvCov, Corel) :
matrix__stats{MaLrix. MeanVector, Cov), ' Bl
matrix,size(Matri.\c,,.Cols),
corclation(Cols, 1, Cov, Corel),
matrix_inver InvCov).
trix, MeanVector, Covariance) -
mean_Vec (Mal i .MeanVcctor),
matrix_s¢ ar_,mult{[MeanVector],
NcgatjcheanVecto

-1, NcgaticheanVecLor],
i Covariance).

stats(MatriX, MeanVector, Covariance, Corelation) -

matrix_
mean_vector( a 'ﬂ,MeanVector)‘
matrix,scalar_mult(iMCa{l\’ector], -1, NegativeMeanVector),

cova.riance(Mamx, NcgauveMeanVcctor, Covariance),

atrih_,size(Mau'ix,_,Cols) ’

corelation(Cols, 1, Covariance, Corclation).
corelau'on(Cols, gtartRow. e

Cols < startRoW:

CO\‘al’iaHCE.lCRHI,CRTn i

gtartRow,
gtartRowW —< Cols ~
nth row_of_corel(Cols, startRow, 1, Covariance, CRH).
StartRochxt is Row * 15 A

ion StartRochxt, Cova.nance,CRT],

_,corel[Cols,,,StaﬂCUI, |

-~ SrartCol, 1.
gtartRow: srartCol, Covariance,

ow, startCol, VarlJ),

gtartCo
i t Covariance. grartR
agl'x’—zizmeﬁt((COVariance, grartRow: gtartRow, varll),
nzuiu;c—ele ent( ariance. SIaItCOl, grartCol, VarJJ).
CRHH sV /s t(VarlI‘VarJJ),
gtart olNext is artCol + 1,
th_roV of. corel(Cols,StartRov..StartColNext,Cova,-iance‘CR
nth_ A
HT)-
. ] l

co‘-ariancc([]._.lll L gativ \feanVector couariasicdl

i € aU\-E ‘
covart C(E\f onMT], Nigatjvel\dean\lector. Di
matrix— ;
wansposelliy anspoSehy product
it UIt{TrriJnspfj e[v:l Vecto ductl)

ce(M - g Covariant
co;?rri;andc{ition(f’rodu ; ductt
; ol - shipTaill

fuzzy,covan.;aﬁzz(l]MH | MT] ‘[McmShlpHcadl Me
ﬁf'gaf, vector CovananCE} =




matrix_a
_add a
uanspogc“;“"”_”'\”1].--t'f'_uln'f-t\.‘l(-un\»"(-rmx [nff)
v,maulx—‘(‘al:(: ransposed, Dl Product)

; _scalar_mult(P ; 1
r:’gh[cdprodur” Ht(l HJ(iH(I_P-h'm.‘wlnp]h'.’u],

2Zy_covari: '
Ncgau;c;”':{fl-i{:r(--.-.:-,r'_.'.:f-msmp'f il

Matrix ‘H;éin\.«(-(m.', pProductTail) .

“Hi_addito We :
Ovariance) IN[Fre ’Jfa’lff'ffl’ln(h:f 1, Produt tTal,

mamx

matnx'gz:”"”'mnH? (L.1.0.00 -

Xia\ o *'rmm.-”?3-."-'-"'.'.‘ e X

w01, wne((X]][IXILAXILCHR)
15X

Maty
X_det
= eIT g 7
minant(Matnx, Powe! Last, Trac :'1,1%1.C(;t'ﬂ,

L]
o erminant)
X
au“-;l;(‘[hda[nx_mlhnl
Uacqp‘Ow wer(Matnx, ! \M powerlList)
-vcc1;ms: TraceList. o
St_elcmer[M"1 Tracelast,_, Coeflast),
Odulyg nt(Coeflist, LastEle)
Mo ulusls M mod 2, '
Ctermin 0 -»> Deterrmnant 15 LastEle .
ant 1s (-1)*LastEle)

ﬂlau-ix :
m; ; :‘igzr;r_sem.n.n.n.o,lll i |
Ny sed e e e

ln\-x LR
Cig ]; 1/X,
trix
inv B
lnanCFSG[MF“nN.POwcTLlsl ,Traccl.ls‘{ Coeil
Matriy .r‘_'ln""-'l':sc] .
:‘;a nx—:!;'c“"m“'lx.hi.hl),
ca Pow“cr(mmﬂ-\'.l,I\‘i,i’owcrl_lst].
QE[—VCCtoerL‘Sl ,Tra(-‘_.Llle C
M --Qlcmerwi'1 Tracelist,_, coefList):
0ulyg N g 2, LastEle),
Ody) mod 2
us = f
metenn;n 0 -> Determinant 1% 1
Iny Atrix inam 18 (- 1)*LastEle ),
€rse), version(Matnx, Powe¢

Jast [Ele .

rList, coefl15™

Mg
- -Iny L orse
ersion(Matrix, powerlList. coeflist 1avers )

§ sl
um -Size(Matnx, M M)

B el
05 is ar_product(M,1 power

Lisl.Cofﬂ"S"

tmp .

er(M P

e Er([ at,PowerlList, 0s).
Coef,CoefList, pos),

Un;
g, “MALrX(M, Uni
' UnitMatrix). d
:la ' _Z((:ial?.r—mmt(UnitMaLrix. Coel, !C';:IJC l
N '“add'.UUH(UMScajed, at, oS
oSlelem dition(Restofsum; 54" Cofact’
mO“Stante.“‘{CoefList, Lastcoell:
Arix_g is -1/LastCoel, erse)
Sy N Cajar_mult(Cofaclor, CDHSW‘J“' it
~Sca) B
Start - arhproducl[Order grart, - _ “l :
Ordcr - 2 1. '
powerUS‘-

3y
I
Cpegrcal
Sf“«ist» ESUJE:;Uduct(Order. start.
o O - 2
0% ig S{Ele.CoefList start),
membt’!rrder - Start -'1,
g i (Mat, PowerList,PoS) a
: u‘-scalaf_mult[Mat Ele, atscal® )
qu sls Start « 1 ' '
Oe fsfaéar_product[Orcicr, startl: P
s suml),

m mrix_addiuon(Sum 1,MatScaled Sum)

o coel vector(Order Start, Tr
- , otart, racelis Neld \
cocf_vector(Ordcr, L e 151, OldCocfList, Coeflist)
Start > Order, . B
coz-f_\,cctor[Order. 1, Tracelist, OldCoelList, [Coef| Co fList]
ok, eflist])

achisl,OldCoef‘List, Coef),!

nth_coef(l, Tr
der, 2, Tracelast, OldCovlLlsl,Cnc-ﬂ,:st)

coel_ vector(Or

cocf__vcclor(Ordcr, Start, Tracelist, OldCoelList
[Coefl NewCocrListl]] - ’
List,0ldCoefLsst, Coel),

mh_cocf[Smr[. Trace
[Coef], NewCoefList),

qppcnd(OldCochist,
gtartNext is S +1,
StartNext, TracelList,

% m_cocf[Nth. TraceList, OldCoeflist, Coef) :-
nm_cocftl, (TH1-) [H].H) -

His (-l]"’I‘H. '
nth'_coe[(N, TracelList, oldCoefs, Coef) -

N>L

N1 is N-L
I(N1 Trachis

S, Tracelist, N),
i (I/N]'{Sum* ;

t, oldCoefs, Sum),

sum_till{O,__,_,O} !

SLlfﬂ,til.l(O,_,,[],O] 2a,
SUm,_tj-ll“n [TH I—-ll IOCH I -]' Suml -
gum 15 TH‘OCH,!.

sum_ti!l(N, [TH ITT], OldCocf. sum -
N11s N- 1.
per(OCH ordcoef, N,
1 f, Sum ),
sum,ull(Nl, ; c‘!Coe !
gum 18 guml * TH OCH.
scalar_mult{Mar.ric. Cconstant, Result)
matrix_S¢ arﬂmulr([]._.l]) - L .
. mult([M MTI, Constant, [ | -
Constam, SPH)L

m > en
sly_eac S :
multp )sc ult(MT onstant,

- L
rows,sC :Ir,rr;lﬁii((tk_g‘[:’] RTl [ScaJaI IST], [NC“"R?“’INRT‘;p -
rol::’jl';_si;ly each_€ cment{Row. ; NewRow).
roxx's_scalar_rnult(RT, sT,

/ ar,div([j,,.ﬂ) - L
’2112’22 w iv([Row! RT). [Sca]la;' S| Cs peRoel)
‘ mquiply_each,elcm VT ,

rows_S¢ ar_div(RT. gT, NR ).

e Y 7

y Emﬁ;‘t&[{]ﬂ IT%], constant [RH]RTU -
multiP Y =,
. H*Constarllt,mem”’ Constant. RT).

ptract Duff) =
1 Negativel:




Re=\=
( \\ R1:C =\=C1) )

matrix_ad

. _addiuon([F

ve (FH|FT], [SH|S"

ot i s [MH|MT]) -
ix_addition(FT, ST l\'.i'[‘]

4
v:E::;_:Em([l.ll.[i) - !
or_ m [.‘ " 5
i's FH + g”*um. [SHIST], [HITD -
Ctor_sum(FT, ST, T)
tr,
R
HIMT)],[TH| T
gace[M!-a,TH;'[ml e
ace(MT TT).!

l::;el[r};latruc_o) .
_Siz :
M =\~ N,lfe(M‘“”“- M, N).

tr

Sk i b

u_acem;SIZ(:[Mau—lx. M. M)
aU‘X-M.TracC)_. '

tr,
lraccﬂ]._.O] o
uace(_, 0 0') °
ace(Matri s
merf-.batm." Order,Trace) -
mEmber(USI, Matrix Order)
ember(Ele, List, Order) |
lracf:[l:ﬂls Order - 1, '
Tace ; atrix, Orderl, Tracel)
is Tracel + Ele. I

trace

_Vecto

Matr r(Matr i

v =mx_siZe(Mau‘1?‘x-ll) :
\=NL ¥, Bl

tra
ce_ve
mamcstprtmamx-Tracchctor) -
acc-‘;eclfe(Matﬂx’ M, M),
reverSe(Rcor(ManX.M.RCVErsed racchctor],
vcrsedTraceVector,TraceVector].

Wace
trage oo LOrl :
czz‘;:‘étof(_] —d[,ll“-)-:!_. |
Ember(iﬂMam. Order,Rcversed
Membe ist, Matrix, Order).
Tder r(Ele, List Order)
ace L 1s Order .' 1, '
g"ers;:g.;ior(MatﬁX, orderl,
aceV :
Rppend(lElei ectorTail),

Vers,
e
dTraCCVectorTail.RevcrsedTraceVector).

%
L
g qua] )
Quare _matrix(Order, MlElemeﬂtsEqualTO'
Matl’lx’

a) '

&

qu
|- dual_matrix(0,(]) 1.
atrix) =~

_e

Qual ;

_equglmamx[Ordcr,Va.lUC.M X )

Y _matrix(Order,OTder Value-Mamx]'
“qua)

Matri;q. "maU‘iX(Rows,Cols, AllElcmcﬂtSEqualTo'

Ell|
equ

all\egu:ll—-mam){(olo.‘_,[n il N

“ef{ugﬁmam"(ROWS,Cols, Vajue,Matrlx) -

Al _vectors(Rows: ©° 5 value:! Matrix)
_equ

s SI_VCCtOrs[RDwS, __ start, e
Rows,!.

al)
_e
qu
ARy al_vectors(Rows, C

QPDSILT EVL):>
—tlmes{cms,value.AEV H),

Trace\/cctor] =

Stlartl is Start + 1
€ cqual CC{OI’SU‘QO“ p: 18 A
i 'S, Cols, Value art E
al \Y 5 S 1 V
" ).

uni't__matrix(o,[]) - L
umt_mal\trix(Ordcr. Matrix) :-
all_,umr._vcctors{Ordcr. 1 Mqu-ix)

all_unit_vectors 0
— — rd
Start > Order.!f ity Sl

all_unit vectors(Orde

N r, Start

mh_un_lt_vector(Ordcr, Star.tl%\cu vy -

Startl is Start + 1, deiie
a.ll,umt_vcctors(Order, Startl, UVT)

nLh_unit_vcctor(Ordcr N 3
N>Ordcr,!. bk

nmfunit_vcctor(Order. N, UnitVector) :-

N1 is Ordcr -1,
append_,tima s(N1 ,O,R.ight],
append(ll],Right, UnitVector).

nm_unit_vcctor{Order. N, UnitVector) -

N1isN- 1,
append_n’mcs(N 1,0, oldLeft),
append(OldLeft. 1 Left),

N2 is Order - N,
t_irnes(N2,0,Rjght),

append_
append(beft.Right, UnitVector).

append,@cs{O,_,[]] ;

append_r.imes(’l‘imes,
Times! is Times - 1+
append_times(’l“imes 1,

- L
Ele, [Elc|Taii]} =
Ele, Tail).

om,To,[]) -

From > o, !
trix, From, To, [MHIMTI) -
trix, From, MH),

mau“j}i__ OWCT(MBUL‘(._....} -
mau-ix,size(MaU'ix. R,
r=\=C1!
auix,l,MatriX) oy
au—ix,Power, esult) -
> 1
.5 Power - 1,
ix, powerl, Resultl]).
11, Matrix, Resultl:

d, Matrix) -

triX_mult(First, Secon
'ble(First, gecond),
an

matnx,_pow
matrix_mult(Resu

mult_compau
tra.rlspose[ nd,
mult_process(Fnrst,

ss((— 1)
mUILproczssﬁlﬁ‘ | FT], gecond, [RoW
FH, S cond, Rowh

_vec r_mult(F s
s(FT gecond, MT)-

|MT)) =

- L
‘Lllt[_.-”-m sy [MH | MT]. IR!—HRTD =

all vector_m ; o)
all,vecto r,mult 0

vector,mult(RowVect.M[—{,RH].
all_vector,mult(RowVect, MT,
tible[First, S

RT).

econd) =




"
ooy - mault(] 1.0)
_mult((H1|T -
lor. 1], (H2]T2]. Pr :
Pmdug?iu-mﬂ ,Tz.T;ulprmulm;mmc” i
s H1°12 » TailProduct

0

% Stand

8d_ve ard Dewviation Vector

%-F ctor(CovananceM

B fom Covanianc u‘.\. fatrix, St;md:trdl)cv\.’cclor]
viation Vector ¢ Matnx brings standard

Sd ‘!ec
-vector(Cov, S
StartRow 15 1 U

sd_y

_vector(StartRow, Cov, SD)

My , SD).
- CC[O;{_.HIHI i

_ve
~Vector(Row
me ow, [CH|C .
mber(Var, Ci s SDH [SDTI) -
xtRe s ] B
-vc: wis Row + 1
tor(NextRow, CT, SDT)-

Sum
v
uTgﬁtergMam‘c. sumVector) -~
coly - m-VCCIOT[Matrix.Suchctor].
mnn
culumn—:‘:mnvector(”-”i - I
lra“'590scn[:z'[_vc(?Lor(Maf-fix.Sum\/c:ct()r] :-
ToW_gum (v atrix, Transposed),
- = CC‘OT(Transposcd,Suchctor),
~Su
fow gy e ror(hll -
Sum_ang ector((MH | MT],[SH ST))
rOW_sum“cou“l[MH,SH, )
_VCCtor[MT.ST]‘— ’

0,
%om
% ean_veqor(o ™
atrix, HasMeanVecwr}

tan
meanyee oL ()-
ﬂn;pizlor(Matrix. Vector) -
Cans(y; (Matrix, Transposed):
Yo ansposed,Vector).
Can
n s(Matri
m::s“““_amx. ListOfMeans)
s
8y ([THITTL [MH | MT)) :-

n
My ~ond
H sS _count(TH, Sum, Ccounth
Meay Um/Cou
S(TT,MT) nt,
0, ' .
HasCOISJ

nmat_rix
ga i ‘S-‘Slze(Mar_nx'HasRowS.
a2 2e(ll 0, 0)
o ‘fﬁe(maﬁ-. Rows
o ber atrix, Rows), '
& P'[FlrStROW. Matrix 1),
IrstRow, Columns;].

columns} ¥

Mg
trix
_el
gember‘(’Rment(Mamx, RowldX.
¢ bEr[Eow' Matrix, Rowldx):
le, Row, Colldx):

tr
an
FangroSe((L).
5: \em;(Mam'X. rransposed)

Vergor (Matrix, oldTrans): ersed)
Peyg, oo U~tr TraﬂSRe"e

€rse g ans(Matrix, |dTrans: o)

i l(Tl'EmsReverscd,'l"raflSPC'sC '

F’eve

Srge-2 )

rztersﬁi([H |T], (RHIRT] -

g e[‘se-ail(T )-RT)

n ’ i

Sen PRy ).
Pty([MH|_],0ldTrans)

insert_empty(MH, {], OldTrans).

t_nscrt_empty([], 0, 0).
mscrt,cmpty[l_! FT),0ld, OldTrans) :-

append(Old. [(]}. Old1).
mscrt_cmply{FT.Old 1, OldTrans).

rcvcrscd_trans[[},T,T]_
rcvcrscd_,trans([FR] RR),01d
inscrt_row(FR, oud, Tr!z;ns)' L
reverscd_t_rans[RR, Trans, Transposed)]

@nscrl_row[ﬂ,TR,TR].
mscrt,_row([RH |RT],[OTH |OTT], [[RH] OTHJ| TT)) :-

in scrt__row[RT. OTT, TT)

Iast_elemcnt([H].H) - L
Iast_clcmentﬂ_]T}.Elc) -

Iast_elcment('l‘, Ele).
sum_and_count([].0,0).
an [HIT] Sum, Count) :-
(T, sumTail, CountTail),
ail + H,

gum is Sum
1+ 1.

Count is CountTa.i

max((1.0) == "

max((X].X) - L

o X[ Taill, M)
max(Tail. Max].
Max >= X\

max((X1-] X)-

min((,0) - L
min((X1.2) L
in([ ],.Minl -

min(Tail, Min),

1 x lx *
maxllst(l ly |)Rest|, Max)
axRest],‘-,

mmmdist([YlRest ,
i n‘laX(X,ngRest}.
i 'tX,X). o
rﬂﬁztgx]xmesq, M:.n] '_t] |
minlist([Y'lRest]'. inResth™
Min 18 min{X,MmRest].
ClassList) -

a
Class—statS(D :
c]assesl- es Data‘ClassLlst].

class- |
S, P
class s s(ClassNo, 1ass€
- .
Wg[tass 0~ Classes,!.




Wite_cla

_class_stats(Cl:

dlass s s(ClassNo, Cle

stats(ClassN _Classes,Data ClassL :

i i i s i ssLast) -

&‘_;-.Cov[nv} sNo, Data, Classlist, MeanVector
“T;:::g[m the Class No )
arie{ClassNo)) -> HeadMsg.

C°""|'.|l—&{c 1,C(‘S(}{(':ltl.'\15g, [Mean
iy anVector, Cov, Covinv]) I

ext 1s ClassNo + 1 I

‘Cov', 'Inversc of

Wite
_C]a!‘,q .
ss_stats(Cl: :
t il.‘:[(.l.\ssr\cxt,Clnsscs,l)atn,ClnssLlst]

Write

Sam-;flimplc stats :-

Write S;]cllasscs[Chissc:;},
_sample_stats(1, Classcs)

U'T]!e
.Sam
ple_stz -
lassNg > ClaS:cSSEC!_labSNU. Classes) -

“‘n'lc

.Sam

?amplc_slgcfsmls(cmssfqo, Classes] -

Write(Fo S(ClaSSNO. MeanVector, Cov, covinvl,
Write(C] r Training Sample No.: ') }
Qv]:IMEanvccs(HcadMSg. [Mean'. .Cov', 'Inverse of

Clagsy.r | cotor: Cov, Covinv))

Wite Sz:; is ClassNo + 1, '

-sample_stats(ClassNexX

Wn'te_m
nln)
“Tite.
Ly cadMsg),

1,Classcs].

atri
ces(HeadMsg, MsgList, MatList) -

_matrij
trices(MsgList,MatList)

U.-n'le
Wn‘l -Matrice S(i ] . []' _
atTal

1. C-matri
- ces([MsgHead | MngajI]'[Ma[HCﬂd |M

Wﬁ[e

=-In i

te‘m:?(Mngcad, matHead).

- ces(MsgTail, Mat'I‘ail)‘
o i

ny, o auix(Msg, Matrix) :-

wrj
te :
~Matrix(Matrix).

Wi
W{;:ﬂ:g"x([]) - L
1
n’;‘Il(MH,' ((MH | MT)) :-
“Ti-t:'-rOW(MH)
q_mau-ix[NiT}'

m .
atrix((MH | MT)) -

Write

i\n*ligrt?ﬁ‘éi]x([MH | MT)) ‘-
‘?{Eer(MI-,I]

tat?{tﬁ(l"?.O,MH)'
te__matri_x(MT] ]

Wrj
W‘i::"f_o“’([]) -\
n°‘%€(1§}‘% ([RH|RT)) -
‘&b(tﬁ(f'm--Q.RH)_

EEHTOW(RT] .

w.ritc_row({RHan o
integer(RH),
fwrite(i,7 ,0,RH),
tab(4),
write_row(RT).

E5. Program su .

functiogality pporting statistics calculation

Fis Statistical Utilities */

histogram[List UniqucSorted Lo

: ' f we 1
Frequencics, LowestFreq, Highclerztclldcé(:ﬁ};%‘hCSthc;'
sort(List, l,owe_:sthvc], Highcsthvcl, i)niqucSo:'fq(J:I ;
count_table(Lxst. UniqucSortecl, Frequencies) A

sort(Frcq'uencies, LowestFreq, HighestFreq, )

OldSum 15 0,

cumm_,sum(Frequencics.OldSum, CummPFreq)

means([],0.0.0].
mcans(lHl,H. JH).
means(List: Mean,

sum_list(List,Sum),
UniqueSorted],

sort(List, —» =
counl__tablc(List,UniqueSorte

oldSum 18 0

d, Frequencies),

son(Frequencws, F_

lastn(l, _,Sorted, [ModaIFreqPos]),
member(MadaJFrchos, Frequencies, ModePos),
mcmber[Mode, UniqueSorted,ModePos)_

mode([],0.0).
mode([H],H,l).
mode(List e, Moda.lFreq) -
sort(List, — ~ UniqueSorted], .
count__tab'le(List,UniqueSorted. Frequenc:es],
sort(Frequencies, dSorted,[]),

orted, [ModalFreq]] ,

cies, ModePos),

jastn(l.X-
member alFred Frequen
embcr(Mode, UniqueSorted,ModePos],!.
. «ige Classes*Bands
9 ovcrlap,fuzzy, ansVects 1S size
ij fglc-’,ans_and,sds[ListlﬁLS, MeanVects: SDs)
and,sds{[]-[],ll) - L

:ﬁiiﬂz:and,sdsuﬁ | T],[MH] wrl, (SDHISPTH

mcan,and_sd[H,MH,SDH),

means__and,sds(T ,MT.SDT ).

__sd[LlstOtLlsts, MeanVect. sD)
evH] )]

% mean T a0 o
an sd((l:h 5
e and_sd(ll 1) Mean M) sDes
sort&i,List,[]], o/, sOTtS Hto List W1 sum;;]
coum,table{List n, Sum. :
l
Mean s gum/Len
SthevH is sqrt[Suml /Len
mean,and,sd(T,MT.SDT].



med;
clion.class(N_Hall || T} Pos)
Pos i P::)515¢h(; Half, T.Posl),

n';’dl.slancc
::ta::écmc;n"’é:ﬁ?;fd ) mcmbcrsh1p[!451()ﬂ’1xcls,
- gt mEbers A1 I
(Pixe1 | Rc"s‘gﬁ‘)“‘fd_mf'mlJorshm(ClnssNo.

ist_sum(Pix 1‘:"15]. Means, Il‘v‘lvm:‘-‘;hlpsl MT]) -
mcmshlp([)' el. Means, Distances, DistSum),
memhcrmc'::g“cﬁs, DistSum, McmSlnpsI.lst).
RlslancC i }h’PS.MOmShlps;[,:st,ClassNO).
eS10fPixels E{L‘;gunli;l;bcrslnp[ClussNo.

’ S, ! .

o
L] mCmsh,
T}cmship[;rm”l?lances, DistSum, MemShip)-
i emshl | . } .
is Pl‘[DH |DT], DistSum, (MH| MTI]) -
Memshin (DH/DistSum]
., ip(DT,DistSum, MT)
" digt g
dl:1~51;n:1[in([??leleCanS. Distances, DistSum)
L sum -1l 1. 0)
stancgpl‘-m' (MH|MT], [DHIDPT] pistSum) -
st i, . D)
Disggr Fixel, MT. DT, DistsumofTaill
. is DistSumOfTail + DH-
*distan ce(p;
Uistanc ce(Pixel, Mean, DistSar: Distance)
dlstance:u-[],o'{)}_ '
Dig e oPH P, [MH | MT). DistSar, Dista?
distaney o ) (PH-MH),
DistSgp o Lo - DistSqrTail. )
Distaneq o * DistsqrTail.
is sqrt(DistSqr)-

ce) -

Cum
m
mm,ﬂs:{:l(l-is.t. CummlList) -
Cum -sum(List, 0, CummList;
m._S
e N
v Nl | T] OIS, mTaill) :
Qllmm S is OldSum + H.
) um{T-NeWSum.Sumen

[NewSum | Su

um |
§ x{:‘f‘"‘ist' Sum) :-
~Ust(List, 0, Sﬁm}_

Sum :

sumj;:ttl},sum'sum}_

Ney, utuH.lTl- OldSum, Sum) -

Sy lim is OldSum+H,
-list(T,NewSum, Sum)-

L]
ax
"‘axii‘atﬂl-n.m -1,
may, 311X | Taill, (Max| M), [P
Est(x' Max, Pos),
_at(Tail, MT, PosT).

Mip
s
Ring 2L -- 1
Min at“X‘Taill. (Min | MT). (pos|P
ing (X, Min, Pos)
_at(Taﬂ' MT, P(.)S'l').

os| POST]) s

osTl

Q/D
Soryy
Sorted%mft’ LowerBound, upperP
niqueElements)

Oundr

n :
: !
s"“(Lsitsji“’“"’f:Upper.lmfcr

[Lower | SortedT2ill)

sty
Pper,(Lower| Sortchalll :

Qoun
QQ“!ﬂi‘:{‘\bl"(—-l].[]) o
oy 20le(List,(H| T] (FHIFT
UH,ListFH),

count_table(List.’I‘.F’l‘].

sublist(_._[L.[D-
sublist(StaPos.NoOFElcs,List, SublList) :-

Nis StaPos -
N
appcnd(Left,Rjghl,List),

en(SubList, NOOfELes).
appcnd[SubList,,.Rjght].

ListOfLists, Appende

appcnd[ i d)
ie. append[[ [|1,2|,[2,3]L (11,12 (12.13]] 1, Li _
give List = [ [1.21.[2.3].111,12],“%'13] i )1, List) will
*/

append((].[])-
append([HlTl. _List) -

appcnd[T, ;
e d{H,Tail,List).

ﬂattcn[[Head]Tail].FlatList) -
ﬂatten[Head,FlatI-I;ad),
ﬂatten(’l‘ail. FlatTail).!s
Tail, FlatList).

appcnd(FlatHcad, Flat

gatten((l.l):
ﬂatten(x, :

e(ll.— 1) L
szpzrthZ{IL].ist. N, Front, Rear) i~

lcn[Front.N}. .
append{Front,Rear.Llst].
) Slower than above

N fFront,Rear

ppen
tn —-“-”)
:?émgN, List gnd) -
len(List.Len].
11s n l;”[jn
len(Fr%T]E'mnt',End, it
1a5t([)](,[]} ]!:
ist) i
la:;(pe’ .[X!,Lxst)
in ﬂ\&in,MaxeslnRo-.vs)




mn

mn-ﬁa"{‘lilll a4
£ kL -

Elu“{, Ma_x}ll;l{kl I-\--n:\_[ il MaxT])
N_max1(T,MaxT)

¥
“Max_mi
mimn
max-mm[“![il‘lbﬂ)ﬂ.zm(Jﬂ.lhl, .‘»1:1,\'()meslnRowsJ
mi Il. M) - min(H.M).! .
ma; H?([HlT]. Max) - S
maxiy inl(H, MaxH)
= axH, MinH), '
) ax-lmm(T. MinT)
S max(MinH, MinT)

May
u‘gﬁﬁiiu-lh - !
g b
mﬂ”‘ ME[mjllﬂﬂ. [MaxH | MaxT]) -
\ ‘m‘nllT..‘-liaxT]
% may
.Max
ax_mEX(Ill({L's(Oﬂ.1sL0mlst. MaxOfMachmRows]
T I, M) :- max(H M) !
% £ (IH]T), Max) :- o
max[‘Ma"HH. MaxH)
may axH, MaxMaxH
M —i’;\axrr, MaxT) E
m ‘
ax(MaxMaxH, MaxT).

Ta

L) -

Max(y ({H]T), (MaxH | MaxT]) ==
ax_m MaxH),

" -Max1(T MaxT).

b mip -
1 -mn

mﬁ’l-min(mgﬁ‘lls:?ﬂ-lslomlsl, MinO
min 1) SRS

m ‘MEI(H.MmH);

Min_p - H, MinMinH)

Min i in(T, MinT) '

min(MinMinH, MinT):

Mip ..

mip L) -

I:!"[H, P\ﬂ:;nn (MinH | minT]) -
‘mi‘mﬂ'..\'im'n_

q
)
“Mponen; List)
s(Data, InBands:

o

m

Po,

| one

' nts{[}, Bands, List) =°

ap

pEnd .

tony _times(Bands, (}.List)
Po

1 Nen

:;él-‘romtgé"ns‘;- )Bands, B
end & S),

N (F ;

% p0ne;am'Rear'L‘S")' .

' ts(Rear, Bands: Tail),

andwise List) b

p
Pen
c1“c°”"?':‘-poncling(Frorlt, Tail,

‘o
Mpg

QT‘“pogintsﬂl. N ) e 1 .
enpy o nts{List, Band OfBands: HITH
Ppenc’“t.OfBa{ms} '

m b‘:(ant,Rear:List},

Compy <1 (H, Front, Banc)

nents(Rear, Band:

ompands: T

P
Pe
ip nd_c ‘
o orresponding(l: [l ()
Sy I é&?—?espﬂﬂding(iFH | FT, (RH RT).

ap ) -
P
appendilFi), Rit, BWH, i
—Cofresponding(f“’r- gL B 4

I+

sp]it(List, Ratio, FirstList, SecondList)
Given the ratio M:N among each group of
(M+N) members, first M will be part of
FirstList & N will be part of SecondList
The last group with less than M+ N)-
elements, will be treated differently

If ratio 0:0, List=FirstList=SccondLi51

f

Sph[[“l—'”'“} =L

split(List.O:O,Lisl.List) - L
split[List,O:_,List,List) - L
splil{List,,:O,List,List) -1

rst, gecond) -

S
irst, Second).

split(List, F:S, Fi
isF+2
F:S, GroupOf, F

GroupOl1
split(List,
- L

GroupOf, First, Second) =~

sepa:atc(ust, GroupOf. Front, Tail),
- pirstHe d,SecondHcad),

scparatc[From, F,
: 1 F: of FirstTail, SecondTail).!,

split(fl 1)

Bt}

ad, Second’[‘ ail, Second).

Till, Rounded)

e
is desired till n places after decimal then

f round(Nurn
If rount ing
use n for .

n= is returns simply
if rounding is desired pefore

*/

the integer part.
decimal use -n

T
i s , - ,
Mult?il:c]iaji(slint(NUm*MuitDivB.\' * ODVM”‘“D“'BY-

Times, — - 1 ‘
appel i 'mes{Times, 'mcsSoFa.r. Ele, (Ele | Tail]) :-
- i ar + 1. _
NextTime, Ele, Tail).

er, List)
integers from Lower t0 Upper

%matrix,of,stats, oy
/ ix,DenomMa L il
e f Stats*OLmzziul-i'nsl}l'flli,{bﬁea.nVcct\

MT]'[TwiceVE!f




stats_of

_0l_mcc(Hs, Mec:

::;i'mln;nors} . MeanVect, TwiceVarVect

rix_of_stat '
_stats_of_mcc(T,MT, TVVT,DT)

Sla15
ol L)
m;;ﬁ;?” DT”” 1| Tp[Mean MT],[TwaceVar | TVT]
1,List )
tount '[”
[tan_lable(l.lst, .0 00
arisl; Sum/Len . ,0,0,0, Len, Sun
tdDey uml/Len - Mean*Me:
Wic 1s sqrt(Var) RAEET
cnoc:]ar is 2*Var,
Statg O;ﬂator is 2.507132682112
_of_mce(T,MT,TVT DT) “

|Deno

1. Suml).!,

pa*SudDev,

Matriy

Wats _Of__par

usérl:xqor_pm?umnz:zrs_oﬁbc[a,pdf([].[I.[I.[l.“.”.”] - L.

ones 7 rsfo(_bcta_pdf([HSIT]-[MphaMm

Cnommm(;rs'e[;?rh!musOncs| BT].
eParams [T Lowests LT} HHighes
et -

ers_of_beta_pdf(Hs,Alph

ts| HT],[Full

aMinu sOnes,

t X
Nator .
g S'LO""'CStS-”’E-}hf-''StS.FullRancharamslu,
(T,AT,BT,DT,LT,HT

trix o
» - r
FT). ‘pafalnctcrsgofll)cta_pdf

Par

am

b cters

aerfm“t‘frsigg"éma-Pd“‘l-ll-ll.ll-n.u.m - 1

D AMinusOne cta—pdfﬂf‘l|TI.[Alpl*lar\'lh'm,!sOm:IM'].

p enommasone | BT]

ar t .

vt aves

any} ILISIIH}. % s ) . )
orts H to List with

Cnu
Sy, | -table

LT],[Highr:st | HT),[Guass

1 duphcatcs (f

Sum,

Mean :

v anilSSSSUm!un

[Lo:r:;:lﬂ’cn . Mean*Mean,
S Sqn[Va_rH-)]r'

List <

L7 F
o, OT A
?L?Wcsft'ual Range [LOWES[,HighCSl]
R'*nghe is Lowest1 - (N-N)*Sd
o) e i:t is Highest1 * [N-N]"S'd,
Ql is (Menghest - Lowest,
A varlia,’“LOWest}/Range.
Bpha is ((é’(RangE*Range),
aRis (1 1/c2)Cl1 - C1*CL~ c2)).
Setaingaoon o peta -1 £
gfumomus‘o“e il
gy s A g Beta,

Sre, GammaOt’SurnOfPafaIﬂ].

8l(ay
gr[Bept:a‘ GammaOfAlpha),
I]Jﬁ(gomhlGaTmmaOfBEta)l B t
or s ((Range)~(AIPB2Y eta-
ma‘amm}nmaofmpr(la*cﬁn% S ometa/ Gaﬂ‘maOfsumO
%
No -
Nol_m:lnba] distribution beyond [w“'est, nghestl
iceVap o 19 5 5071326821 120454
uge Variance is 2*VarH
Mean,fsparams = '
N o
Orma-lDenom/'IwiceVafiaﬂcc'
BT.DT.LT-HT'C'T"

bar
am
eters_of beta_pdf(T: AT

&y

11

N __‘55625 2
Ss 167 | 13'17653525[’:3297] :

Bf[l.!)‘_ll

gf(N, Gamma) :-
N >0,
N<1),
round(N, 3, N1},
Pos :ts N1%1000 + 1,
gv(L:stOfGammaVa.iucs]
membcr(GammaOfOncPlusN. ListOfGammaVal
ues,Pos),

Gamma is GammaQfOnePlu sN/(N1+1)

gf(N, Gamma) :-
NlisN-1,
gf(N1, GammaN1),
Gamma is N1*GammaN1.

o, Each element is Within i ;
7 within_timits({]._.- et iclzg Licits
al]_within_limns( VH | VT),[LH

L [VH|VT],[LHILT], [UH|UT)) :-

VvH =< UH,

a.ll_,wimin_limitsNT ,LT,UT).

trans_mats[[],[]].

Uans_rnats(lH | T, [’I‘ra.nsH | TransT]) :-
transpose(H, ransH),
Lrans_mats{T,TransT).

appiyﬁwithin_mle(_-_-O. 0=t

apply,_wi 'n_rule(Pixel, goFar, Class, LLH .

all_wimin__limits(Pi}:el.LLH. ULH), (LLH| . [ULHT-D =

1, Class is SoFar * 1.
i ixel, SoFar, Class, |-

appw,v.rimm_rulcll’m
goFarl 1S SoFar + 1
arl, Class, LLT, ULT).

thin_ru!e[Pixel, SoF

|LLT], [| ULT]) -

apply_wi
min_at( (1,0,0) :- (

min_at(Vs & 1):-D is abs(V-X).!
i ail], Min, Pos) :-

min_at(Vs
Tail, Min, posl),

Pos is posl + 1
- x| D,1) - Dis abs(V-X).

atrix, ClassList, NewlList),

% new_list(SampleList,
new_,list([],_._,[ . _
ist([S leHead[SampleTaﬂ],D

new_lIS am . .
i dl NewLmtTml]) =
ta, ClassList, NewListHead),

Head,
i a sList, NewListTajl}.

ata,ClassList,

ew. 1i5tl(S.m'llpchead. Samp]chad [
N wListHcad].
CT] NewlListHead) -

new-
NewListHcadl_], e
!new list San‘ipchead, (- DT [LICTLE
T li leHead, DT, cT, NewListHead)-
gram generation, display and

- ot_position/ 2 ensur e Joaded(statutt P

ds, List] = .
ancs ) BandValueLlst].

hlsto(Band
cnts(Llst,O ds,
Oeﬂfg:f(Dat . valuelist: pand), _—
:;stogr ( ta, Unid Sorte ,Lowval,F ig
Frequencnes, wFre High n;;l, ft)xmm red),
mcaﬂs(Data, an, edian ode),
unﬂat[l,Dat atrix), JnbCov iy
mauiX,unb,stats(MSDn ) s

, uencies,
Sdf::cat(oc;garl}Unique orted, Low\/al, H:ghVal, Freque

S

[,g\SvFreq, HighFred: CummFrcq}].

‘



draw_h ]

requgml:islo(bmqm-Smtcd, LowVal HhighVal

CUmmchs' LowFreq, Highkreq. ' .
q.[Mc:m,.‘.tvdmn,Mmlc-_SI)]}

draw_h;

magii‘}omm;;s”' Band, OfBands) -

draw h; ars(DataStr, Data),
_histo(Data, Band, OfBands)

draw h

lclqua'f;;Janm, Band,OfBands) -

om '
men?i?:rc(glh(Dz“a-omﬂnds.B;dea
histogram(?)‘ﬂ. BandValuelist, Band).
fequencies E:l. UniqueSorted, LowVal, HighVal,
mcans(Dm' wFreq, HighFreq, Cummf-‘rcq],
Unflat(] a, Mean, Median, Mode).

Matrix | Data, Matnx),

Sd‘ch{:?avmatS{Mamx, _, UnbCoV, s
as%na(d( nbCov, [SD]).
rchcnci:la(Un’qUCSOﬂCd, LowVal, Highval,
dra"’"_hists' LowFreq, HighFred, CummFrch).
’CQUcnciCO[U“‘unSortcd, LowVal, Highval,
UmmFre 8, LowFreq, HighFreq,

q.(Mean Median,Mode,SD))

luelist),

dray,

_hi

Freque:f;t)(UnlqueSoncd, Lower, UpPeT:

Mean M €s, LowestFreq, HighestFred: cummFred:
reu- edian Mode,SD)) :-

Bascry o datal . .

crealeanata(— 1.-1 _1'1 0,

equc!]—c. lstegram_dga_log(umq

.ndowlc;‘s. CummFreq, (MCan,

show_gi, andler( gfx_histo, 81*-

” -dialog( gfx_histo ).
ig‘éﬁ‘cf“ate(ms_pen, 0. 120, 120.1):
~Den_crca[c(&c¢pen, 555.0,0, 1)
»Dcnhcreatc(cum_freq_pcn‘ 0, 255 1),

gf"-pen‘crca“f(grecn, 0, 255, 0.1):

_Create(text_pen, 20, 0. 120,1),

ucSortcd.
Median Mode.SDH.

msw,handlcr )i

origin = 75
TiginY = 260

asSe
rta{Old_pos:uon[OriginX,Orig‘“"’”'

Sy
zeX is 256

CaleX iq
Oldx),( 1s SizeX /(Upper - Lowe

r+ 1

d -
g s Lower.
PXis GapX/Scach,

SiZeY s
1
s 250, & i

caley
Olay ‘fs‘% SizeY /(HighestFre
riei
REE
alG:lY i§ LowestFred.
PY is GapY/ScaleY.

q- w\\'ESIFreq

+ 1)

lagt
S .CummFreq).F westFqu

caloop ;
eCF is SizeY/(MaxCF -

(Tetr
actall .
o (data(_,));true):
Uppzina[data((()ﬁginx, gizeX Lowel
Hig el'(origin‘f. sizeY, LowestFreq.
tFreq,MaxCF)))
jdvalXs

BX hegs:
dray eg‘“([gﬁvz_histo,900)}.
Vag ~2xds(x, OriginY, SizeX: oldX.,
\/dra?’))q' oldY GapY: oV’
_axi o sizeY, 014"
alGapY] s(y, OriginX. size

178

ueSorted, Frequencies, Cumm Freq

draw__freq(Uniq
SealeX, ScaleY, ScaleCF, Lower

OriginX, OriginY,
LowestFred),

asscrta(old,positjon(Originx,OriginY]}.

draw_histo__again -

eSorted, LowVal, HighVal, Frequencies

data(Uniqu
LowFreq, HighFreq, cummPFreq),

OriginX = 79,
OriginY = 260,

retractall(old,_position(_,F)},
asscrta(o]d_positjon(Originx,on'giny“_

Lower = LowVal,

er = HighVal,
HighestFreq = HighFreq,
bowestF‘req = LowFreq,

sizeX 1S 256,
gealeX is Siz_eX/(Uppcr - Lower + 1),

OldX is OriginX,

gizeY is 250
i Sich/(HighestFreq _ LowestFreq * 1),

s LowastFreq,

oldvalY i
is GapY/ ScaleY,

valGapY

axCF,CummFretﬂ.
tast(M F - LowestFrea ® 1),

Sca.lcCF is sizeY/ (MaxC
originY. SizeX: ©
X, sizeY, oldY, G

draw axis(X 1dX, GapX, oldvalX,
valGapX): .
draw__aJGSU, origin
Va.lGapY], —
Uni ucSortcd, Frequenci€s. u req,
ogr?w‘-fr(g?i(gin\fc{ scaleX, ScaleY, gcaleCF, Lower,
1_,owesd-‘req). N ‘
asscrta(old_posmon(On

(

( Y LastX1 LastY1):
data(Last_X, LastY, X1 :
data((on i '_|..-i_-)r(0nglnyi._:_o_.:

gfx((mp = sto k(notxorpcn_
= = green -
i astYl)

apY. oldvalY,

ginx,Origin¥l)




i{h{s OldX - 4°Len,
X -
0ldx, (y!'),m axis_pen -> pnl_vhm-((}ldx, ongnY.
text(Xt, Y1, ValStr),
‘ polyline(Xs, OnginY, Xs, Ys)
\l'
N::fr 15 OldX + GapX,
draw alX is OldvalX + ValGs ipX,
NewV. _axis(x, OnginY, SizeX, New
alX, ValGapX)

¥, GapX,

dray,
~axis y
‘dY=<%. O, s N
dfau
aJG_axjsb OnginX, SizeY. oldy. GapY. oldvalY.
Xlts()ngmx 8,
s:sor‘slnx
S!SID(OIdY G"p‘l/)]
sorlglnx '3
ulsolw 8,
mb,
e string(OldValY, ValSt)
gy, axIs-pen - > polyhn

C( Origi nX, oldy, X

o

text(X1, Yt, valStr),
) POhlmc(Onng Ys, XS Ys)
),

Ne
WY ig OldY - GapY.

twv

ray ‘::lls Oldvaly + ValGapY

“WValy sly, OniginX, SizeY. NC“-"Y GapY:

y » ValGapy)

degy-ea((. ],

r I]'—l_l_l_]._‘l_l--]

!SCCF HjdValueHead | Val uc.T'ul][ |r;l

ale ¢CF, Lloongmx OriginY, 5S¢4 L
wer, LowestFred) — werl):

SlP(On
X valueH
ginX + ScaleX ](‘H e Frcqﬁ

1 53
X2 ‘,‘("Ongmv ScaleY*(

old—po
¥ IS‘“OH(OIdx o1dy),
P(Ongmy ScaleCF*(

Bix
Tt
] pen = fqu pen -> polyhnc(}(].

X(
OldY) hnen = cum_freq_pen - 013'““6(

Te

Clra

as el'cttaa{n(old position(_._)):
Scdr r°1d position(X2. Y2)).

Uex g freq(valueTail, FT. orighh
Y, Scaley ScaleCF, LoWe Lowes

do\\"s

* Creqy
¢ the grafix example dlalog

% Orlng
tFreCﬂ

Llst,

Qu e b
Mg, BLAT dlalog(VaJLl t, Fiz
Wdtr ;eeql (Mean Med‘an M de Sgylay
A 14(gfx histo, Histog" Dl caP
0,27 495, 415, (WS-°
rafvﬂ'-

We

Cre -

s ?‘e( (gfx_histo,900). grafi®: O
“\ hld’ 16, 350, 300,

Qb ty le _"WS border WS_ v151ble] )
S To [ws_child,ws_ visible:W A,
Syl Pdown cbs_ isablenoSro Mpor
= [ws_child, ws_ visible WS-

-WQN..
Y =T o

wecreate( (gfx_hislo,S), st

Sstyle ),
weereate( (8fx_ histo,5001), combobox,

60, 120, Cstyle ),

‘Combo?2’, 85, 340,

atic, ‘Cumm Freq', 155, 320, 60,

wecreate( (gfx,hlslo,‘);, st

16, Sstyle ),
wccrcalc[ (gfx_] histo,5002), combobox,
60, 120, Cstyle ).

(
write('M =),
fwrite(f,1 0 QMcan)
nl,
write(’ Med =),
fwrltc[f 10, 2Mcd1an]
nl, )
write(’ Mod =),
vrlte[f 10, -2 Mode}
nl,nl,
write(’ gtd Dev = 7] )
fwrite(f, f,10,- -2,8D)
) ~* Mean sText,
wccreate( (gfx_histo,lO), static, MeansText, 245, 320, 120,
70, gstyle )
pol((gfx- histo,5000), ValList),
tliillll izﬁb ugf _hi sto.S 001), FreqList),
il combo[(gf htsto 02), cummFreq)-
turning the atom “close”

andle the clos€ message by re

% h
gfx histo,handler(,, msg_close: — close).
oj, when focus, changé or seroll the combobox
(4]
gfx histo_,handlcr(Win. Msg, — =)
(
(w n= (gfx_hxsto. 000} ;
o (g 0o1):
- histo
win = (B%-
) -—
= focus; Msg = msg_vert)
) e; Msg = msg- ;
(MS8 ~ msg{ﬁmg <ix1, Lasty1)
),[Onng.,._. )1

)h
da[a[’,,..-
reﬂactﬂ‘[lcllgt S 71
)+

assert
histo aﬂdler(Wm, Msg - ~
gfx- jsto
(.
i 000)
: sto;
i (gm';:sm.soon
win = B~
) o MSB ™ s focus: \isg = msg_vert:
sz~ msgfcl;ﬂ:ﬂs ;
1, it
d:ttre;{ (data(,.,
on i e cornbo
gelec on N
* l elects -
e dier(wm mse->

atic, “Frequency’, 85, 320, 60, 16

« "Combo2’, 155, 340,

[
o
|

- -




(Win =
mw (gfx_histo,5000) ->
‘-(’:2; = (gfx_hist0,5001),
= (gfx_hist0,5002] )

m’ =
’"w (gfx_histo,5001) ->
\‘:':gé = (gfx_hist0,5000),
= (gfx_hist0,5002) )

[‘-‘-’1 [ ]
“wigfx,hu,m,sooz; >
\lll:ll)  (gfx histo,5000).
2 = (pfx_histo,5001) )

Bet_
sclcclcd,pns[\‘\.'m Pos),

wi
bxsel(Win1, Pos, 1)

W]bx

get(Winl

W , Pos .3
Text(Win | .Tc.\u?g- el

wl

“2:5'31(“’1:12, Pos, 1)

“_ICME‘?[(WmQ. Pos ’I'c:\'tQI
(Win2 Text2), S

Wihy
“‘lbxg(c:::{gfx-hlsto.SOOO), pos, ValStr).
gfx_histo,5001), Pos, FregStr).

Nump

c i

“Umbc;‘sm“B(Value, valStr),

data{(or;Sang(Frcq. FreqStr),
WestFr glnx_, SizeX, Lower, up

: is iplgq.- HighestFreq, _)).

]]'Walqu‘Lgc:nx + (SizeX/(UpPET
1S 1p(Ory _Wer]]'

”"(Fre( riginy - (SizeY / (Highest

Wsi q-LowestFreq) ),

Rize((epy 1.
\)r(ll .is%glfx_hasmgool.,_ ..... Dy).
¢ oDy
{

datg
datagft‘gs.o_(- LastY, LastXl. LastY1l):
x_bcg;.—'g”‘x._._,H),(OriginY._.,._-~ '
( (mp"_((ng_histo,QOO)).
il StOCk(nomorpen_rOp)
Dol)’lineu‘;pcn = green -~
StX.OriginY,LastX,LastYli-
p°13'lin€(OriginX,LastY.LanX1 LastY)

per) ,(OriginY, sizeY.,

. Lower +

Freq - [,O\'.'CS

)
)

I;
i [data(-l )

BX e
r'f)g];"((gfx_hism,goon,
iy StOCk{notxorpeﬂ..mP) - 1),
> (pen = green -> PO} linE(X-Or'ng'x'Y !

0, Polyline(origin_)(,‘{,x ,

{Tetr
aSSeif;ah‘data(_._.,.,i);truf:)-
(data(X,Y,X1,Y 1))

% 8
Bfx andle mouse move i1 grafix windo¥
_hi move:
(P histo_handiler((gfx hist0,900)" msg_mouse
data’P°5Y)- TSl . inY, SizeY
WesggﬁginX. SizeX, Lowers Upp‘sﬂ‘(oﬂg '
v req, HighestFred. )
iy X - Origian{UpPef - Lawet

+ ue is 3

i}1]/S‘ize)é)p(I.,owcr + (Pos
TeQ s i1 jginY -

o a e originY T sizeY)

W?nl = [gfx_hislo.SOOl).
Win2 = (gfx_histo,SOOZ],

(

(

Value >= Lower,

value =< Upper,
numbcr_sm'ng(\laluc,ValSLr),
wibxfnd( Win, 0, ValStr, AtPos),
AtPos >= 0,

wicxt(Win,VaISU‘],

wlbxsel(Win 1, AtPos, 1),
wibxget(Win 1, AtPos, Textl),

wtext(winl,Text 1),

wlbxsel(WinQ, AtPos, 1),
1 AtPos, Text2),

wlbxgct(WmZ.
wtcxl(WinQ,Tex&

)i

Freq >~ LowestFred,

Freq =< Highcsti-“req,
number,string(Freq,ValStrl),
wibxfnd( winl, 0, valstrl, AtPosl],
AtPosl >~ 0,

wtext(Wwinl valstrl).
wlbxsel{Win, AtPosl, 1)
wlbxget(Win, AtPosl, T ext),
vnext(Win.Text).
wlbxsel(WinZZ, AtPosl, 1)
wlbxget(Win2, AtPosl, Text2),
wtexi(Win?..TextQ]

)

),

wiext(Win, Greybevelstr],
wtext(Win 1; FrcqucncyStr) 3

el GreyLevelSt),

number,_striﬂg( J S
number_stxing(Fqu“c"q’" FrequencyStl
Y is iporiginX * (Gizex/(Upper - LO¥ET + 1)(CreyLevel
Lower)l: : ; F
(0 Y - (s,zer(nghcst
Y 1s lp( gln-]_,owestheq] ),

req - LO\\-'CSEFI'CC[ +

* nc
x1is 0, ‘
y1is DY
(
Last.xl i L,aStY 1),

(

data(LastX, LastY, : '
aatal(0 kgﬁc"ﬁ?éittggo%ny""’"}
gfx,begm( stoEk{notxorpen,

gix( (roP = _
%P pen = 87N T qix Last¥ 1)

rop)

), . . i
h1sto.9 :
gfx__begm((gfx, 800
g‘le (l’c_!f E):;o:kg(:lco Cil;P olylir;’e
polyline{OriginX.Y,Xl. )

(X,oﬁgin‘(,}(.\' 1),

)1 ))'true].
ctall(data(_,_,_,_ )
g:;;?ta(data{x Y X1 Y1)
gfx,histo_handler((gk,

b

(
datal-1 -



(
d »
dg:ﬂ!?g‘n)\ LastY, LastXl1, LastY1)
gfx(b( nginX,_._. ) (OngnY. .. ]I]
n egin((gfx_histo,900)). 7 |
(rop = stock(notxorpen rop)
-> -
pen = green -2
poly astX Or
!vlmc(l,.t.'it.\,()ﬂng,I,;t::t}\’,l.usl\’l].
]pol\.‘]ln('(nnﬂlnx'1’“:‘lY'1’”51}(I"l‘;"ﬂ"']
)
),
retractall(data
ractall(d: al_,_....)).
asserta(data(-1,-1,-1. 1))

).

0y
/o hand
le paint messages by starung, drawing some

Braphics, and ending
g[x .
‘ﬁmszlo_handicr[ Win, msg_paint. grafix, - s
efx ‘.ng_histo,C)OO],
EH.paint( Win |,
raw_histo_again
Efx_cnd( Win ). '

0
7o i ‘
ill the named combobo* with the Jist of items:

0,
o
pre m
selecting the first 1t€

It::}i_zgmﬁo(—-[l] 2o,
~combo(Window,[H T :-
gnmbcr(m“_ JHIT
mber Stnln strk
w - g(l[,erH],
ﬁ]llbxadd( window, -1, strH).
_combo(Window,T)-

fill_co

-combo(Window H|TI) -

iﬁng(ml!' w,[HITD

o >C(add( Window, -1, H I
_combo(Window,T)-

fill
S{fiomb‘)(\?‘-’mdow,m |T] -
e chars(S,H,
fill xadd( Window, -1. s),
_combo{Window,T].

0,

0
et th .
get the selected 1te™

oW, Jtem } =
1 o, R

et
_selected_item( wind
etcursel, U

S|
ndmsg( Window, ©

| Bowsl
?) Item = = l
+ sndmsg( window, cb’gedbtext, R, comb0, ="
wintxt( combo, 0, Item )
0,
/ .
° get the position of the selcctcd jtemnt
Bet_selec ; -
= ted_pos( window, R):
sndmsg( Window, © etcursel 0,0, R
0,
7
° get the selected item
Bet_selected_item( window. ftem ) o R)
sndmsg( WindoW: c etcursei. 0,0.8"
(R=-1
-> [tem = =
' po, - !
; sndmsg( window, cb__gctlbtcxt. R, mbo
[tem )

wintxt( combo. 0,

E7. Program containing all classification algorithms

« jpit_mlc, mlc(cxplici.t_fuz ‘pin_13.p1") ;
|.25.all test,_,) tidy_mic. zy.plin.13.p1‘plnelass.pl 2:1.
More Algos: mcc mle, fuzzy_mic sigm i

. , lazzy ' a_ml 7
beta_fuzzy, petal_fuzzy, max_min, Eangcff:gzs;gr;i}?;;‘}“

mcan_rangc_fuzzy. fuzzy_dwm_mlc L7

- consult(]‘matrixfn.pl'.‘stamu‘l_pl‘, ‘g:unma_va]_pl'

'[uzzy_,stats.pl']).

init_mlc -
dynamic([class_stats/S,Sample_stats,f9 fuzzy_sam
9.fuzzy_,membership/2]}, zzy_sample_stats/

dyﬂamic([samplcf'S,sarnpch,old_a.rgs/q,ba_ndee/ { hirids

/1)

tidy_mic -
abolish{[class_stats/5.samplc_stats/9,{uuy_5ample_statsjg
,fuzzy,membershiplz]),

abolishﬂsa.mplc/B.sample/4,old_a:gs/4,bandmse/ 1 bands/
,data_size/3]),
abolish(lp / Q.image_size / 3,data_size /3)).

mlc(Algo,

DataFileNamc.SampleFilcName,X:Y.HowManySigmal

WhichBandsMayBeUnsorted, whichData, ResultStr, Result)
sort_ban s(wmchBandsMayBeUnsoned,WhichBands],
collect__and_split,sarnple_pixels(DataFiieName,

SampleF' eName, :Y,WhichBands),
ﬁnda.ll(TrainingPixcls. samIch(_._,TramwgPixds, S

ListOfT! rainingPixels], _ o
a_rrange(ListOiT rainingPtxels,BandWmeLmts), /* For

Arrangin Training Samples Bandwise */

Explicit,Fuzzy, [rain
bandw'isc(BandW1seLlsts]),

asserta
retractall(olddargs(_,_,,,_)]_
aSSc:rta(olddargs(DataFileName,Samp!eFileName X:Y,Which
ds)), _ *
Bg-:ta ]zlamc(ufhichData,Wh:chDataName), /* Test or
inin Samples 2] .
T‘zg:_gegrequired_data(WhichDataNamc, Matrix, Classes,
oldList), _ )
ms(clgssify(f\lgo, HowManyS:gna. Classes, Matrix,
ClassList, ssignTime}_.MS],
List = M2 X _ .
Zf Islix\:-'lphst(Sa.er!eList, atrix, ClassLlst,NewL_xst]’,
op, confusion matrix(OldList,Ncw_Lis ConfMatrix,Khat
confu ion v '(OldL1st,Cla5 List, fMatrix, at),

ix, Sam leCount). .
atrix, SaTL ), AlIPixels):

3=t =

MatriX,
all, samplel
findall Pix AllList),

aPPOLi Tota!Samples),

lenlf "chDataName, WhichDataNaJT}‘lelnl]Jpper),
o ManySigma: eName).

?ﬁ)é[i‘:?ﬁes{,ﬂ%%o StatCalTimc js TIMe - AssignTime.

1 '



‘m\:“ll!t'([ Bands

uiChBan(Is DataFileName/
Ber ot ileName,
|=>Ms

E i

Wnte_matrnx

L _matnix(Msg, ConfMatnx),
n

n}.‘;‘;rtltc[ Time (scc)
nl: m][;(]]e(}' write(2 Class Assignmen
tah(7) \\-;3{ ‘;‘-;.-]:1-( 3 Stausucs ':SmlCanimc].

S, c( Khat mie ’ thi
\:."r > ResultStr, i e U'S. > hhdn
lﬂf“‘ﬂ%csuhﬂtrl, nl
Co:;{i.nstlt!ow |
Ma = I‘ v
roundill;l-“}.l.nn‘.bnRnun(l(-d()v:-rull,l,uﬁ!Rf“"']-
mu”d“\.jnRuun(lchvcmll. 2, Overall),
foundyT mt.3,KhntRoun(i(‘(H.
mundmmw,z,meRouncimil.
mund(StsmKfﬂ.‘!.”w"2"'\3";”:”‘]‘l
atCalTime, 2, S:m(,‘ni'['mu‘Rr)l“

S:lnl[)](‘l“l](‘N:Im(‘,-".\"Y“,

for 1 Classification . Time),

meRoun ded),
wded),

Reg

*SUltaQverall / K

lmcROu):ltEl]l!_'\lmt]\’uumlvd/'l’um'l\'num[c'dfr\-“-'“!l“
¢ L‘(l/!31.:n(_ln]Tum.-Ruumlvd.

Sor

Sor‘l.,ll;:'uulﬁ(nw“l“ ;
So—r[(‘:jma[U“SUrlml, Sorted)

, nSorted, Sorted).

o herge re . .

5 aXClas;cSJqUIft‘d_data{W[uchD:ua, pataMatri®:
rge r

c asspg cgu“ed_dma[w}nch Data
( ' ]dLlSl} L

Name¢, Matrix,

ncln]i(Plxcls,
pixels))

iWhl

C

. ‘““Lh D?f“”“mc - Ifmning,ﬁndedl(f’ixcls,
ek samplePixels)

(Whi
amplé?hl)mal\lnmc = test, fi
! ., Pixels), Samplc

. [Whlchl)mo
aName = nll.ﬁndnll(l’l.\'f"*-

mp)e
P
) ixels, _, ), gamplePixe 8

dpper

1d

ﬁ“flaJ[{éSNm“!3lcPixcls, Matrix),
9, Snmplc(swo,,,,:, List),

E[]“
ulq_l-ll::. \Clsmm.ﬂ}
(snml’i('i’lxvls,()l(l [ist).

fta_p,

g mlf—e?&,w.hiChData, test) -
n: ~Name hlc,hDatﬂ.[C.s,ts,tst,tcs[]].

la met:r(\x(,w.h‘Ctha. creiniE)
la,nam h‘ChDutn,ig,i,n,r,u-, rn,trﬁmmg]}.
n e(WhichData, all) i

tmhp
er(Which Data,[a.l.al-am) "

g
8o
~Nam
mll§°~nar§$lﬁo’ Sigma, Nam®) =
go, Sigma, 2» Narfcl]én(;\lgo. Len): pos

1y ~Nam
Lcn.s e(Algo, Sigma, Nam

d] )
Bo
i, ~Nam
0 e(Al — 5 e)-
g go, Sigma, P0%: Nam
g ame(Algo, _, Narmie) - pwrupr 0, Name).

0

n
Qat(l..azemlgﬂ, sigma, Pos:
n’le 4 go’ [POS]]'

r_ato ks »

u m(Sigma, Atom)

Sy, IO, Namel)
tom,’ - N'nmcll,

Name)

0l Name,):

~St(p;

ola_ iﬁ!{)(lgelsclﬂSsWise. Lis{OfClﬂSSC
ixelsClassWist, .L‘iSlOfclﬂ

s) i”
ssCST

ol
i
Mg el ).
SU[H | T),SNo, List) -

t AssignTime).

old_,hslI[f-!.SNo.H 1)
Next is SNo + 1. '
old_[ist(T.Next,TU,
appcnle 1,T1,List).

old_tist1({)—il)-
old_listl([_lTl.SNo.[SNo|Tl]) -

old_list1(T,SNo.T1)-

mxcl_coum([],O).
pixgl_count([lxo. O,XI.YIHT], Count) :-
plxcl__coum{T, pixelsinTail),

Count is pixelsinTail * (X1 -X0+ 1)*(Y1 - YO+ 1)

ssNo, Data, crassList, (1 0 [ 1 =

class_stms(Cla
pixels(ClassNo,Dam,ClassList. ClassPixels

gathcr_class_

b
lcn(ClassPi.\'els.D),!.
cmss_smls{ClassNo. Data, ClassList, MeanVector, Cov

LnCovDet, Covinv) -
gnther,clﬂss_pixels(ClassNo.Dmu.ClassI.ist. ClassPixels
mmrix_stats[CIassPi.\'e]s.Mean\"ecror,Bmsedcm.).
lcn[ClnssPi.\'cls,N],
N> 1
gealar iS 1/(N—1],
matrLﬁ_,scalar_mult(Biaschov.Sca.la.r,Cov)‘
matrbc_inverse(Cov,_,f,,, vDeterminam,CovInv],
LnCovDet is ln(abs(Cochterminant]].

s,pixcls(ClaSSNo. Data, ClassList,

% gathcr,clas
PixelsOfClassNo, Other)
gather € lase cetsU LD E
gmher_c ss__pixe]s[CNo, [HITI,[CN0|CT],[H]|:>T],OLJ .~
I gadxer_class,_pixels(c o, T, cT, PT, .
gather__c!ass,pixels[CNo, (H |T].[_]CT|, PL_[H|O']"” oz
gather,_class‘pixels{CNo,T.CT, PL, OT)-
lnssify[m]c, 1-1owManySignm, Classes, Dat& ClassList,
sanTime) - )
A:zlsger;t san)mle,stats(!. Classes, HowManyS;gma)‘
rmdall(MeanVcctor,samplc,stats[_.Mc‘achctor,___,_‘___m_]_
M:Ir{\lrtmrll::t} mr_mult(M anlist, l.NEgativeMeanVector],
ﬁndali(]_,n et sample-> ats(i-—— LD
ovL1st), ,
LEE EtCl(Covar‘, le stats(o—1- CovIn¥ ._._.,.,,_],
COVI{NI:iSt]'p el_clas (Data, ClassList,NegarjveMEanVector,
ms(ass'8 - &
LnDetCovList, Lxst).l\IAS),
Assi eisM J 1008
classify(fuzzy_m , HowManySigma. Classes: Data,
class ist, ss:gﬂ’l;lrrtl:(]l.’—aasses' HowMan}’Sigma).
assert- b
banﬁtgggiz){NegBandsByT\vo is [6.2857 142857 1429)7(-
Two 0
gands/ 2), | o
fuzzy embcrship(l,Classes, oPiTOPOWET egBands
gsert_fuzs- .
y’IWUI;, —_p ple_statS(L Classes: HowMannygna},
assert- i
anVector,i—i—="
ndallM® Vector.fuzz)’._sﬂm Je_statsl- ¥
inda™ canList) | egatie o it
A{;;trix,scamr— 1M 1 s{ats(,,,.,._, LnDet,,,_,_),
ﬁndall(LnDet.ﬁJZZY,S 5 |
i s o=l
LnDﬁﬁ?c‘:’Lﬁb,f 22y samplefsmtsf—w'“" ’
' vInvLi




ms(ass

CIas[le:lgnfpm(-l class(Data

LnDctC.ol:;"-cg;itl\.'(-.‘.';('zln\."(’("[t.)l

-'\SSlgn']} List.CovinvList),MS '
me 15 MS/1000, ! L

[Iﬂqsf

351 V{r\ z g

YUUzzy 15 S 55¢
you mlc, !Im-.'.‘\.‘lun},'.‘lgnm. Clas

Data
o
?)sﬂt‘rl";i::;;sll' Assignime) -

- = ¢ _stats 3
T:f:g;%ﬁnndh] ws(1, Classes. How
i 0 b 5 ' (]

16.2857 1‘:20‘-\}‘: '.\('p,Hzm(l:;H\"!'\-.'o 15
857 1“2‘)\"I-Hmidﬁ/.’.].

1‘\'1;1:1\'51;-,113:\] ,

1
indall(V
MeanVee
mVector, sample SULs MeanVeetor

n;m}r Meanlast)
¢ 1x_scali :
_scalar_mulyMeanlast. b

"Eg?éllarl({'gh:\n\’cctm‘) .
CE:S;;L!S(;]"[-)('[,Szunplv_st:\ts(-r o COVDEL '
stants(CovDetlast,
is),

‘-\'()p]-].

oPowe

ﬁndallﬁT;“,(rN"EBﬂndsHv’i‘wu Constilt

appﬁnd ' !‘xﬂn]plcl Tr ') ']' ' 1%

nurm“(Trs. Matrix), ) e

Nn al_n '

: LmecM;?n\ihlPler'lx, Constants
anVcector, Covinvhist, cmSlups).

all
~equal_mi
matnx(Bands, 0, Fruzt le sovsum)
'()ide'Hum. i

fuzy

ZZy_stats
"ui_'UzNC;ht;c(:hSl'\N. MemShips. Fuz
mﬂi:bctcﬂ;lﬁs:;(‘mr. !"uzC()\'ln\rLlst,

SSign S
assli _pixel_class :
St T _class(Datéd,

Fuzl,“D;{EuzNCgMcanVecmr,

S8ignT 0"'1'““.i"U’I,C(wlnlesl) MS)

ime 15 MS/ 1000, !- o

Cl?lq x

L Slry{[

sily(fuzzy dw

aly, Chlq,ﬂ'\' dwm mic, HU“’M“”YSmmn' Clasae>
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faxx. Maxt)

Create
aut 1al b4 :
y dialog(MaxX MaxY).

Juto, pix auto handler).

window_hand
5 ) A.rr,'il’,_',.r,[:f\' .
g}l:‘.: dialog( gfx auto
mn_“,;.i’.lt'.l(r,f:-: auto,900))
. atafFile T ory 1.
Un}(‘i_‘,‘_,\h,(::(.|' ”[ rapntue. Sets( lil,rn,(‘:rnph,
(=] ies)
gix_end((gfx auto.900))
fun(DataF
ataFile -’ )
OffSets .-E\iljilrt)('- ﬂl;nh!‘”". .H‘!"hr]ﬂ,t'n.(‘r[ilfl]l.
SesOfLn - a
atz all,
gc:{sf;l-l_- code(Datalilet ode
Son—CdllLllzm[] ,iﬂ;unls,ﬁ‘,;m(il,xst),
Subs(.";;u__h"ﬂ""H”n(“‘wt' gubSets).
ﬁnda““'j" [ i_H;mdSubS(-ls],
lcn(BandémdSM, (mumbc-r(BandSm, li:mclSuhS:-ls],
ﬁ“d&ll[é et, SetsOfLen)). pandSets):
and codom\" (m”“hc;lB:mdSct1, 3andS +15),
andC dt(cﬂdt‘. Bands. pandSet ).
% ﬁndo “t:sUnSm_tc(H'
all(AleoCode, ¢ -
ainfile c
30!1"';!.t cof"’”“un}-'llt'C()(i(", Tr;unFllt‘. -
all 0\,‘"“K-mit?sljnSuru-d, andCodes].
raJBF'im‘"[BﬂndCodcs. AlgoCodes: atal
min leCode, OverAlls Mins: r\‘luxc:a,(‘.:':thL
maJ:MmS' Min).
grap(:ia.\(cs. Max).
Write I_Codc(GraphA)rathmﬂc. Nmm’\'l.
"-Titc.=)fuap‘lf‘/TmmFﬂc] - Hdr,
draw [GraphNamel) =7 ubHdr
ax l_l*m“S(NgoCodc-s, andSets: QverAlls-
Hdr SubHdr,Nam¢ . ofrsets)

e. ;1ll.GrﬂPh'

l).nl;ll-'tl(-, pands).

mgoCod e, )

Min,

A]gnCodcs? ;

pri
,V:'lf(i?am[-‘ﬂe, TranFil
Tcgo}; 'bcgln[OL
o ution(MaxX1 Max¥ 1. -
2Bx_end(0), '
MixxxlsMa_\:Xl -1
Mid;({ 1s Maxy 1 - L.
Midy 15 ?PIMQ.\C}(/'Z),
1S 1p{M:u:Y/2).

).

bnpagL).
Sex-begin(l{l).
_resolu ion (Y W ar

0,

JeMidX s ipl /7

s idY 1s ip(yw/2),

PR 35 ip(Mi X'Xw/MaXx”'
nMidY 1s iP{M1dY*Y'~'-'f'M5—“Y”‘

List = .
2 “llflo,o,mldx,M
Hpmg"f,idx,o,MidX,Mid‘Q.M_dY]

(O.PmMidY,Mid ‘MidY):
q’I(F‘rnMidX.Pn‘»]\.ﬂidﬁ’,I‘s’lid)(,l‘»f[ld‘f')]-

0
%o nl,\Wite(Xw/YW) ;
W, yw)

gfx—mﬂpping(MwW- max¥ 1

0,
Yogfx_mappingl}: 1, 3 3

fora-n{member[f:llc, Listh
ets,

(
Ele = SctsOfLen/O
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Tan Dl ar 1 i « cls
( "l‘.'\l 1[( » lld]ni"l(', S[‘ts()”;ﬂ'n Gr l])h Offf:
" ' :Ss,

AlgoCodcs}
)
).

‘!»j,gf,\:([pcn = purple
ouefx((pen = purple_p¢

_pen -* po!yqon(h‘hdx 0,M
_ gon(! .0, MidX, MaxY
n -> polygon(0, MidY, MaxX, M:\lz’)jgj}

gix end([])

run(DataFﬂc, TrainFile, SetsOfLe
getsOflen \== all, i s, Graph; AlgoCodes) -
offSets = 0,0, 500, 400),

OffScts = (_._.MaxX, Max¥),

prnpag{,}.
gfx,bcgin([l).
Xw,Yw,_,_],
5 Maxy, Xw, Yw),

SclsOfLen,Graph, OffSets,

YR - |
A os,DataFllc,TrmnF:lc,
1OH10T : 1 MaleaxT].T_vpc) -

ban vcrall[BH. Algos. pataFile, TranFile, OH. Tvpel

max(OH Max), _ L
Algos, pataFile, TrainFile,

L
ode, INEC’COd"
alTime, Runnio.

band,overall(Bﬂg?_’ci o o)
e &, .0a) -
TrainFile 0 ‘hat, TIME: Assigh statC
. rileCode: BandCode,

| AT],DataFileCode.

e
; TramFxleCode.

,aT].DataFﬂeCode.

eCode.

DataFil
o)




band overall(i3andCode. AT, DataFileCode,

TrammFileCode, OT.at)

band overall{BandCode.
[.'\lgnt'utit'l."\'l'i_f).H,l!":lf'(")fl!'
[OH|OT].st) - '
runl . . . . Stathime,
TrainFileCode, jandCode. tst
OH 15 1000°StatTime,
.b:m:i overall(BandCode.,
TrainFileCode, OT. st

Tr anFileCode,

, f'\lj{t;('ur]rz l)nl:ll-'ll('(.‘u(!v,
P

AT, I).'ﬂ.‘:!-'llc'(.‘mle',

andSets, Overall, Min, Max, Hdr.

draw _runs(Algos, B
X OffSetY. WmWidlh,

SubHdr, NameY ,(OffSet
WinHight))

pen. 0,0, 255.1),

gix pen_create(axis
1,120, 0. 120,1).

gfx pen create(text_per

% seed((7,11)), %o Seed 15 (27 23 - 1, seediSeedh

I;filndSci‘gf:(_OI)jFClS(BﬂndSt‘lS. I
andSetGixObjects),

LowMin1 1s lp(Mm],
HighMax1 1s 1p(Ma:~:‘O 99999).
OnginX = 60,
OnginY 1s Winthght - 60,
?‘ZCX 1s WinWidth - 70,
q"”fﬁlgos, AlgoCnt).
ScaleX is SizeX/(A]goCm}.
GapX is ScaleX,

Qld){ is OriginX+4, ‘ )
EndX is int(OldX * SizeX - GapX * 0.5)
[ 00) -~ valGapY
(LowMin1 =< 100, nghM;L\:i =< 1
< 10.
intervals(LowMin 1. High Max!. V alGapY-
),
LowMin is VaiGapY'[LomeL ‘V(?JG?E‘;}’GBPY),
lH‘ghMax is valGapY (1 . H;gh.‘»ia-\l
en(Hi hMax.MaxL,en], ) —
%o nl, B rite(Min /Ma% / LowMin !/ pighMax!)
Sizey is winHight - 139
ght ; '
ScaleY is SizeY/{HighMa“i . Low viin),
Oldvaly is LowM1in:
0ldy is OriginY-4
Gapy is ValGapY‘Scale"{. 0.5)
Endy is int(oldY - Si2¢¥ 3).
andSe[SIr),

b"md_s::t_su(BandSens. =

Font = font(0).
ufdata(Fom,,.FO“‘S'ZC”'ASCTU'
wisize(Font, HdT: idd’?{drg’ pHdr, =)’
wisize(Font, SU Hdl'.wldthA - andselsu"]'
Wfsize(Font: Ban ; Wlde 0.5)
winwidt © 25'wmu1Hdr1/2‘ o
inWl

HdrPosX is ip((
HdrPosY is 2.

SubHdrPosX 15 ip((Win 5)
1 25 wWidthSubHdD /20 0%
SubHdrPosY 18 FontSiz€
PosX is ip((WiI‘lWidLh -
0.5),

Posy is 2+FontSiZ¢ + 2,

gfx_origin(OﬂSct){,OﬂSctY),
gt’x(icxt(HdrPosX, HdrPosY, Hdr)),
gt’x(tcxl(SuhI-ldrPosX, SubHdrPosY, SubHdr)),

draw_axis(x, 0ldX, OriginY, 0ldX, GapX, Algos.

Xs,EndY),
draw_axis(y, OldY, OriginX, SizeY, OldY, GapY, OldvalY

valGapY ,MaxLen ,HighM ax,EndX),

([raw_accuracies(BandSethxObjccts, BandSets, Overall
Origin¥, ScaleY, LowMin, Xs,PosX,PosY), '
lcn(Nach, LenNameY),
NachosY is ip(OriginY - (Size
0.5),
jcal(NameY, 2, NamePosY,up),
is NamePosY + 40,
vY, 20, 90),

Y - Asccm'LanameY}/Z -

draw,arrow(z. XaxisArrowY, 20,0),
Namex_axisl’osY is OriginY * 20,
gfx(tcxt{Z,NameX,axisPosY, “Algo’))

tcdvertical(Strin ;

1wruPr(String, UprSp‘ing}.
string_chars[UprSmng, Charsl),

rcversc(Charsl, Chars),
nt= font(0).

wfdata(Font.—.,,...
jcal(Chars, X,

write_vert
i X, Old‘r’,doum) -

wri

GapY),
oldy, GapY, up)-

Len Slop
n*cos(SlopC) -] '

0.9) -
Head'rSlopf!' 0.3).

scos(ANS =
t(Heads | I[:{{Zi(cji';in( gHcad +S1oP<l” D=t
+ Len 1 pS(lSO L} AngHea

d-~ slope)”

4 + Slope -

0 - AngHea

= axl
en P ]
Ogr[i}é(i(r}l)Y.EndX.OngﬂYm' «, GapXs
is(x, St originY" BIer
het1tall e
drost o ohex X1
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Y 1s OnginY ¢+ 8.

Y1i1s OngnY ¢ 10,

(wnite(ValX) -~ ValStr).

Xt1s OldX - 1.

gfx( (pen = axis_pen
OldX, Y)).

Ystart 15 OngnY -4

gix( (pen = ltpray pen
OldX, EndY) ).

wTite. verucal(ValStr.

NewX 15 1p(O1dX * GapX+0.5).

. OnginY, NewX, GapX, i

. pul\'hnc-lfn(lt-:, OngnY,

. pnl\'hnvf()ld.‘(, Ystart,

-6 | Jdown),

'dmw axis(x, Stas
ValGapX XT. EndY)
draw_axisly. SrartY. ()ﬂginx, . oudy, . OldVil]Y.
A.Mm-:l,t-n,Max\’:tlY,EndX} =
Oldvaly >= (M.’tx\’ilh" mq-m;ml,cn]).
1
X1s OnginX - 8.
X11s OngmnXx - gr(MaxLen*1).
Yt 1s OldY - 8,
IntOldValY 18 ml(UmV“]Y]'

fwrite(1,Maxlen 0 ,lnl()ld\.’;ﬂYJ _» ValStr.

gfx( (pen = axis_pen i polylmc(OnginX. oldy. X
oldy),
text(X1, Y, ValStr), _ )
pohy hnc[()rlng, oldY, origin,
Starty)
)
),

Xstart 1s OnginX * 4
L 5 L\n, y verar !.Y
gix( (pen = ltgray pen elXstart. Ol

EndX, 01dY) ))

> po])'l!:‘:

sizeY. o1dY, GapY-

X,
rgn X, S0y En d4x) o

draw_axis(y, Srart¥, O
Qldvaly, ValGapY,Machn.

X is OriginX - 8.

X1 is OnginX - 8‘(Maer'n+ 1).

Ys is ip(O1dY - GapY/2)

Xs is OnginX - 3

Yt 1S OldY B 8.

[ntOldValY 15 nyoidvaly): ,

fwrite(i, MaxLen O Lolavaly) =7t At X

gix( (pen = ax1s-Pe" _> polylin€!
oldy),

)
),

Xstart is On inX + %4 LioelX
gfx( (pen = ltirﬂ.*',l’e“ 7 pobmel'
EndX, Ol1dY) )).

gfx( (pen = ltgray-
EndX, Ys) ).

tart, YS:

—

NewY is i oldy - GapY " G y+0.5),
NewVEi]SYI}i)‘{.S ip(OldvalY + _ValG;P oY NewY, GapY.
draw_axis(y 1Y, Origmﬁ'\-\?zaw:EndXT
NewvalY, ValGapY-Mm‘wn' >

o1dStr str) -
band_sct,str([B"mdSeﬂ{dSetSU.

write(BandS€t) ~7

<! . _).
cat((01dStr, BandSetStr]. Str |

str) -
Tl, oSy
band_set,str([Bz;ﬂ(iii';E'Bl J P BandSCtStr‘
t

(Write(BandSC ,(;Setstf ) Ne\\'stf- b
str)-

cat([O1dStr an
band_setfsu(BT, NewStT
).

’![liz"l—”‘—"

Araw accu raCiCSL-

rlraw_accuracics([BamlScLPcn,BanciSchorc |SPT]
(BandSct| BT, [Overalls| OT], OriginY. '
ScalcY,[prin,Xs,O]dX,Y] -
pos,hst[
appcnd([polylinc}, PoslList, PolyPoslist),
Term =.. PolyPosList,
gix(( pen = BandSetPen -> Term )),
(wri{c(BandScl), write(” ) = BandSetStr,

gix((fore = BandSctFore -~ text(O1dX.Y, BandSetStr))),

% wfont[(gfx_auto,QOOJ.Fom},
Font = font(0).
\vfsize[Font.Ban

NewX is oldx + 1.
draw_accuracics(SPT. BT,

gcaleY .LowMin,Xs,NcwX,Y].

dSctSLr,WidLh -
25*Width,
oT, OriginyY,

pos,iistL.ll._._,_.ll)- N
posJist([XlX‘l’], [Over:‘\lllOT]. OriginY, ScaleY,
D owMin, (XY 1 T]) |

is i jginY - Sca]c\"(OvcrAll-Lome]),
i ScaJcY,LO\\'Mm.T].

ten_uncat(l ), |
leen_unca _-Hl'l_"],lHlTaJl]) -

len_uncat(T,Tal1]~

ubSets) -

sortedS
bSel),SubSets],

et,
bsCt(SCt.SU

Xs, Overalls, OriginY, ScaleY, LowMin, PosList),



Ci . :

(:Et[h: n, ( ntAtom], pandSetPen )
Ifore S A ' '

at(ffore, € ntAtom], H.m(lst.”:”“_‘ 3

(

coloriCnt. (R.G.B)
(

Bis lplr.m[]\.!"}'m‘
Gas 1[)(!.m:l(.2'r'm.
Rasapl and(255))

)
I

?x?i..pt‘n create(BandSetPen. R.G, B 1.
f’-.-\ fore r::-.m-lH:nulSvtFure, R, G. B
Nextis Cnt *+ 1

bandset gix r»hjvrlS(HT, Next, BSPT)

color( 1, (127. 25 255))
color( 2, (255. 0. 0})
color( 3, ( 0. 255. 0))

color( 4, ( 0, 0.255)
color( 5. (139, 35. 331
color( 6, (255. ©

color( 7, (184, 13 11))-
color( 8, (139, 0. 139
color( 9, (210. 105 30))-

color(i 1, (255. 140 0)).

range(Min, Max, LowMin, HighMﬂ-“) '
IpMin 1s 1p(Min).

len(ipMin, l.vnlpMm].
RoundTo 1s -(LenlpMi” 1).
Adjis [iO'{-RoundTo)),’Q.
round((Min-Ad)). RoundT10 LOme_}.'
"Olmd((Ma_\;»,:\dJ . oundT0: ngthf'»)

round(Num, Tl Roundcd) -
MultDivBy 1S yo~Till, .
Rounded 1s it m*MultDl\'B}

maxl”lO) 2o |
"IEL‘(([X[,X) o
max((X | Tail. Max) i~
max(Tail, Max),
Max == X!
max([X|_]. X

min({],0) :- 1
min([X].X) -
min([X|Tal 1. Min)
min(Tail. Min),
Min =< X.!
min((X|_]. X)
4ialog windo

9%, create the grafi¥ ex

create_auto- :
w X auto. !
dcregt,eé,g\g.’ihm, Hights l“’l_sg;m-,
wecreate( (gf?‘-,aut '9.00)’ e
o, width: ngh;;)rdefl ).
[WS_Chil(:i,ws,visible’ws/ in
o message by reulrrl :

05)/ !\-1L111]')1\'B§.-,

gfx_muoﬂhan dlcr((gf:-c_auto.f)OO] y msg_lcﬂtloub]c ):

wclc:sc((gfx_aulo,QDO])_
wclosctgfx_auto].

.
o5, handle paint messages by st
graphics, and ending

arung, drawing some

gfx,auto_handlcr( Win, msg_paint, grafix, ) -
Win = (gfx_aut0,900). e
gfx_p:u'mt win ),
draw_runs__agﬂin,
gfx_cnd{ win ).
i
intcrvals(Min. Max, Gap. List) :-
Diff is inty(Max - Min),
len(Diff, Len),
Lenl is Len -

Multiple is 10~Lenl,
Precision is 10"(-(Lcn+l)].

i inle, Precision, Gap).
gcn_imerva.ls(Min. Max, Gap. [Min], List).

gap[DifT, Multiple Precision, Multiplel -
pDiff =< (6+Precision)'Mulﬂple‘

gap(Diﬂ'. Multiple, Precision, Gap) *-
Diff =< (15+Precision]‘Multiple,

Gap 1S Q*Multiple.

-~ Multiple; precision Gap) -
piff: 2= (30+Precision)'Multjple.
Gap 18 S*Multiple.
gaptD:ﬂ', Multiple, Precision._Gap) -
piff =< (60+P1’ccision]'Mult1ple,
is IO'MU1t.iplc,
Diff, Multiplc, precision Qap) 2
g?)F;}f =< 150+Prccision)'Muluplc,
Gap 18 20*Multiple.
gen inten'als(OldVaIUE. Max, Gap: OldList. List) -
Mr;.' . oldvaluc < Gap,
appcnd[OldList, [M«’:IXL List).

NewlList, List)-

' A): '
:2:‘::2“]1 | STq[, (ol IT)) -
i sT,IT)-

mwertéJ iy illITl) B

'mveﬁ-(
jnvertISTrlT)'
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Gamma function
fu::: :}:t:i.‘fn‘.tf.\:, .‘w-1c:mShlps,, OldCovSum, Mcans,
s, NepMeans, InvCovs, LnDetCovs) -
__hi/.zy means(hMatnx, MemShips, Means
TransMemShips, MemShipSums). l
matnx scalar mult(Means,- 1.}
“hl;f./.,\- covs(Matnx, TransMemShi]
NepgMeans, 0OldCovSum, Covs. InvCovs,

Js. MemShipSums,
LnDetCovs)

1{3:’/\ covs(_ 10 AL oy, Trans of MemShipMat
WM)' frws(.\ﬂ:nnx. [Mt'mSlupHv:i(H.-‘\-'1'!'].

[MemShipSum | MST]. [Ncgl’\-“lvﬂanrlor | NMT],
OldCovSum, (Cov|CTI]. ]InvCovIlCTI. Il-lli)t‘1C0\'lLDCT”

_'f‘l‘-’-Z}' covarance(Matnx. I\-‘l(‘mShlpl'ivnd.
NegMeanVector, OldCovSum, CovSum).

matnx sralur__mult(CovSum.(1 /Mf-'”’Sl“I’S‘”“l'Covl'
matrix mvcrs‘c(CO‘«'.g.H_.D(?l.lm'C.uv\,

LnDetCov 15 ln[abs(Dcln,

fuzzy. mvs[;\mmx.MT.MST.N M’l‘.Old(‘r_)vSum.CT.ICT.I,DC
T)
fu;:zy_cova_rumccﬂ],ll.,.COVSUm.CovSnm]

fu Zzy,covanzmce[[MH | MT],

1M(‘mShlp}*icad | McmShip’l’aﬂ]. Nchvnn\-"cctor,

OldCovSunt, CcovSum) -
m:am_x-_addmon([MH],1NchcanVormr], Daff),
lranspost‘(lef, Transposed)

F11. List of Gamma Values

i .979446 .0.961036 ,0.945095

av([1 '0.978941 '0.960598 '0.944710

©0.999424 0.978438 10.960161 '0.944339

') 99885 0.977937 0959725 '0.943964

"0 998277 0.977437 0959292 '0.94359

‘ = 0.958859 '0.943218

0997707 '0.97694 0.958¢ 0.0

'0.997139 0.976444 '8'332429 094207

ISR 097508 '0,057573 '0.942109

10.996008 '0.975457 0o a7 0541743

[1.995445 09749 '0.956723 941378

10.994885 0.974477 -0-9?63 0941014

0.994320 097398 0 0a879 9 940652

10.993769 '0.973504 .0.923459 0040291

0.99321% 097392 '0.955042 093993

10992661 0.972538 0 554625 0939574

099211 0.972058 D22 11 939217

0991561 0.971579 0034211 10938802

0.9 0.971103 0,953 5938508

oo 5970627 0953386 0.93835%

a8t 970154 0952915 o 37805

'g'ggggéz 0.969687 83;2):1’6 '0.937450

10.088844 ,0.96921 '0"951755 ,0.937108

I0A988300 0 968744 '0A951351 ; 36761

'0.987771 0.96827] '0.050948 0.936416

10.987236 0967812 0 950548 ,0.936072

'0.9 '0.067349 0.950548 70,9357

il 0.066887 0.95012 '0.935389

0.086174 0.9 a2 094975 0935330

0985645 '0.965969 -0'94932; '0.934711

0.985119 '0. 965512 '0‘0?8?66 0934374

,0.984594 : 0.9485 pret

0.965057 48174 0.93

0.984071 0-06a604 0.9 pi7e 993705

,(0).383531 0 64152 '8'3-447396 0033372

s 0963702 Dosmo08 933041

09825 = '0.063254 0047008 003200,

0.981997 '0962807 0.G460 '0.032382

0.081484 0.2 02362 .0,946238 -0_932055

.0.980972 s 1918 ,0_94§85§ '0 931729

0.98046 092 1476 0.04547 .

10979953

maLr%x,_muh[’I‘ran sposed, Diff, Product)
nmtnx_sca!ar_,mu]t(Producl.McmShipH'cad

WeightedProdu ct),
mal.rlx,addiLion(OlanvSum ‘Weighted Product

NewCovSu m),
l'uzzy__covariancc[MT.McmShm']';ul. NegMeanVector

NewCovSum, CovSum).

atrix, MemShips, Means) :-

fuzzy,mcans[M
Means,_, )

fuzzy_mean s(Malrix. MemShips,

ans(Matrix, MemShips,
ansMemShips, sumVector) -
tra.nsposc(McmShips. TransMemShips),
matrix_mult('l'ransMcmShips, Matrix, FuzzySums],
sum_\rcctor(MemShips. gumVector),
rows_scalar,di\.'[FuzzySums,SumVec

fuzzy_me
Means,TT

tor,Means).

near_by((l,(l.-):

ncar_by{[OCH | OldCcnsTml], [NCH| NewCensTail], Prec)

ucs[OCH,NCH prec),

ncar_,by_va.l
NcwCens’I’ajl,Prec).

near,by[OldCcu sTail,

ucar_by_va.lucs[ﬂ,[],__].
ncar_by_values([H | T).[H1 |T 1),Prec) -

abs(H-Hl) =< Prec,
ues(T,T1 Prec).

0.931405 0.919783 0.910073
0.931082 '0.919511 '0.909847
0.93076 '0.91924 0.909623
'0.03044 '0.918971 '0.909401
'0.930121 '0.918702 0909179
0929803 '0.918435 0.908959
929487 '0.018169 '0.908739
'0.929172 0917904 0908521
'0.028858 '0.0176% '0.008304
0928546 0917378 '0.908088
'.928235 0917117 0907874
0.927925 '0.016857 '0.90766
0927617 9163599 '0.007448
'0.92731 0916341 0.007236
5 927004 0916085 0.907026
'0.9267 091583 906817
'5.926397 0915577 0.906609
'0.926095 0915324 906403
'9.925794 '0.915073 0.906197
'0.025495 '0.914823 0,905329
'0.925197 '0.914574 0.902 =
924901 0914326 0.90528:3
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Derivation of Parameters of Beta-distribution
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