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ABSTR.t1.CT 

Geologic information extraction and integration are the main 

goals of this study. Tools are designed to aid in exploration 

for common mineral deposits by intelligently and efficiently 

processing spatial geological data. 

Gabor filters, comprising Gaussian-attenuated sinusoidal 

weight vectors, are used for textural discrimination. A highly 

non-linear logic operator was designed for "valley","ridge", 

edge, and intersection extraction from multispectral images to 

cover most of the possible local lineament types. A zonation 

detector (a non-linear logic operator) indicates the presence 

or absence of lithologic zonation, the number and the types of 

zones using a series of automatically expanding moving 

windows. The ultimate window size represents the zonation 

size. 

Two different types of raster-based expert systems help 

optimize pixel-by-pixel knowledge extraction and 

representation over the spatial information and throughout the 

different raster feature layers. First a 2-D expert system is 

used for classification, ranking, recognition and searching 

for important pattern associations in the feature space. 

Second, a multilayer adaptive raster-based expert system 

allows the processing of multiple geologic features, and 

operates over each pattern in the fea-ture layers. 
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The fuzzy integral method of evidence fusion is used to 

integrate information from a variety of mineral exploration 

sources. This nonlinearly combines objective mineral 

occurrence evidence, in the form of a fuzzy membership 

function, with subjective evaluation of the worth of the 

sources with respect to the decision. 

An application of these methods to the Tombstone mineral 

district in southern Arizona demonstrates its ability to pick 

out circular features from TM imagery, Gabor transforms and 

lineament patterns, as well as identify favorable zonation for 

new mineral occurrence. The final product at this time is a 

probability map to guide the exploration geologist. 
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Well-organized exploration programs follow an established 

pattern beginning with a desk study and ending with the target 

selection. The adopted exploration procedure varies according 

to the financing available, the type of mineral deposit 

sought, and the geological and geographical environment being 

explored. The exploration philosophy adopted for this study 

emphasizes early stages of exploration programs by relying on 

remote sensing, but instead of relying solely on image band 

ratios and conventional overlays, this study combines logic 

operations, expert systems and standard image processing to 

explore for previously unknown mineral deposi ts. An 

understanding of ore deposit genesis is important to image 

understanding, because certain geological environments are 

characterized by specific mineral deposit types. Successful 

exploration relies on an examination of these geological 

environments, mainly their petrology, stratigraphy and 

structure. 

Results from the examination of geological environments are 

interpreted using published concepts of mineral deposit 

occurrence. The concepts themselves must not become too rigid; 
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but rather should be regarded as II working hypotheses". 

Exploration programs consist of a sequence of stages. 

Important decisions rely upon the results of each stage. These 

decisions have far-reaching consequences in financial and 

human terms. The most crucial decision will be to abandon or 

to continue the project at a particular stage. A decision to 

continue will carry with it the commitment to further 

expenditure and this must be viewed with the understanding 

that each successive stage is more expensive than the one 

completed. 

The objective of this proposed program is to locate 

favorable areas for more detailed exploration endeavors. The 

methods used in this study deal mainly with satellite images, 

but careful examination of mine records, geological maps, 

sampling records, existing geophysical and geochemical data 

and air photographs should also be incorporated as these data 

are available. Early exploration stages are relatively cheap 

and cost-effective. Correct decisions at these stages, based 

upon systematically collected and analyzed data, can save 

considerable time and money in later and more expensi ve 

stages. Evidence used at early stages is diverse in nature and 

probably varies in quality. The accuracy and background of 

each source should be examined. 
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1.1 Exploration Models in General 

Mineral exploration and resource assessment are usually 

based on a correlation of regional geological knowledge with 

one or more deposit models. Duke (1990) classifies three types 

of mineral deposit models as descriptive, genetic, and process 

(see Figure 1). His terminology was similar to that of Cox & 

Singer (1986) and Barton (1986), except that Duke regards the 

"grade-tonnage model" as an integral part of the descriptive 

model. 

Descriptive models derive from the documentation of the 

geological, geochemical, and geophysical features of 

indi vidual mineral deposi ts. Genetic models describe the 

origin of a deposit or deposit type and represent the 

combination of a descriptive model with one or more process 

models. Process models simulate physical and chemical ore

forming processes, and are generic inasmuch as they may apply 

to a variety of deposit types. To carry out a mineral resource 

assessment, the descriptive deposit models are combined with 

an understanding of regional geological framework to develop 

exploration or resource-potential models (Duke,1990). 

Of the various kinds of mineral deposit models, well

documented descriptive models are the most often used in 

mineral exploration or resource assessment. It is difficult, 

however, to develop a sound descriptive model in the absence 

of a good genetic model (Duke,1990). It is only by 
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understanding the origin of a deposi t type that we can 

identify its truly cri tical attributes. Descripti ve data, 

whether qualitative or quantitative, are often collected 

within the framework of a genetic model or "working 

hypothesis". The model must not, however, be allowed to blind 

scientists to other possibilities. Data are all too often 

collected to prove rather than truly test a favored 

hypothesis. 

Among the most important and widely accepted models 

developed and used in the last thirty-five years are porphyry 

copper (major use commenced in the early 1950s modified by the 

Lowell and Guilbert 'model',1970), roll front uranium ( major 

use from mid-1950s) and volcanogenic sulphides (major use from 

mid-1960s) models. 

1.2 The current study exploration model 

The model we seek identifies essential ore deposit 

characteristics and excludes the nonessential ones; a goal 

much more easily stated than achieved. The segregation of 

essential from nonessential characteristics involves the 

grouping of deposits into types. 

The main problem in selecting important geologic features is 

to distinguish and discard those incidental, site-specific 

geologic factors from the more general properties that may 
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have genetic significance, or that convey a basis for 

exploration and assessment. 

In the present study, a model comprises a set of extracted 

features and their interactive relationships. A series of 

expert systems is used to systematize experience to predict 

anomalies that have not yet been seen. 

The main deposit model components are introduced by two 

major information types: a) the deposit intrinsic properties, 

and b) the deposit spatial relationships. This information is 

considered in the study as geologic features or evidences, 

which in turn are represented in this study by a multi-feature 

layer or a series of single feature layers. By integrating 

these features the deposit model elements will be confirmed or 

rejected at each pixel location for the entire area of 

interest. 

Hydrothermal deposits are the main focus of this study. Each 

member of this family of deposits formed when a hot, aqueous 

solution, commonly called a hydrothermal solution, flowed 

through a defined channel in the crust, or within a restricted 

portion of the crust, and precipitated a localized mass of 

minerals from its dissolved load. 

As an example, Colvine et.al.,(1988) set practical 

exploration guide lines for Archean lode deposits in Ontario, 

that may be used to show how to predict characteristics of 

gold mineralization in a variety of geological settings. 
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These characteristics are the equivalent to the term "geologic 

features" used in this study. On a regional scale, delineation 

of deformation zones is important. within these deformation 

zones, more favorable target areas may be represented by 

extensional environments, which can be identified by the 

widening of the deformation zones and the occurrence of 

Timiskaming-type sediments. At deeper erosional levels, some 

of the characteristics (e.g., pyrite, and Fe-carbonate) may 

not be present, or may not be prominent. 

A degree of predictability of mineralization is provided in 

many environments on a more local scale. For example, 

stratiform, foliation-parallel mineralization is more 

characteristic of areas of higher metamorphic grade, whereas 

cross-cutting vein and breccia mineralization predominates in 

lower metamorphic grade regimes. In heterogeneous lithological 

assemblages, mineralization may be concentrated in the more 

competent units. 

Alteration patterns can also be predicted on the basis of 

host lithologies and metamorphic environment. There are 

predictive relationships of structural style, metamorphic 

grade, and alteration mineralogy among other features. An 

understanding of the systematic inter-relationship of the 

geological characteristics of gold deposits is therefore an 

important factor in enhancing the probability of success in 

exploration. 
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1.3 Methods used 

The proposed exploration system comprises a tree-like 

structure with several levels of data processing,including 

a) the exploration stages and b) the evidence accumulation 

stage. The methods of exploration are analysis, geochemical 

exploration, geophysical exploration ... etc. Each exploration 

stage is accompanied by various specialized processing 

strategies. These are the tools to be employed for 

mineralization evidence extraction (e.g., segmentation, 

lineaments and zoning detection). In evidence accumulation the 

fuzzy integral for information fusion is used. 

1.3.1 Exploration Stage 

The multispectral image features extraction represents the 

main and most powerful exploration tool in the proposed 

exploration hierarchy. Lithologic identification, lineament 

extraction and zoning detection are the three available 

processing strategies in this study so far. They are designed 

to fit within the existing wide variations of exploration 

approaches. Mineral deposi t favorabili ty maps are the end 

product of each processed exploration strategy. 

1.3.1.1 Lithologic Classification 

Lithologic classification is an important step toward more 

efficient and accurate exploration results. Successful 
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exploration rests on detailed examination of existing 

geological environments, mainly the petrology, stratigraphy, 

and structure. The relationships between ore deposit and 

country rocks, beside their ages and tectonic settings, are 

treated as major factors in this mineral deposits modelling. 

Two dimensional expert systems will help optimize favorability 

calculations using the above modelling factors. 

To create a lithologic map from multispectral images we 

segment the image and analyze each segment for spectral and 

textural information. The result is a lithologic map based on 

a system-related spectral and textural library representing 

the region of interest ( in this study the library represents 

southeast Arizona). 

Image segmentation can provide an important step for 

lithologic contact identification and classification in the 

mul tispectral image. Image segmentation can be performed using 

many subjective and objective, supervised and unsupervised, 

approaches. In this study Gabor transforms are used, because 

of the expanding body of work that points t,.) them as being 

especially well suited for performing texture discrimination. 

In retrospect, as I shall discuss in chapter 2, a more 

conventional segmentation approach such as unsupervised 

mul tispectral classification may have been a better choice for 

the example image used. 

After image segmentation has been performed, lithologic 
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identification is the next expected step. In this dissertation 

I have provided two mRin 0p~i~~= to perform lithologic 

identification. The first uses spectral information, the 

second uses spectral and text.ural information. For the 

prototype system two libraries have been built to cover the 

textural and spectral characteristics for the most common 

Ii thologic uni ts wi thin and around the Tombstone mineral 

district. The texture data library consist of the neural 

network learned autocorrelation power spectra of the available 

mappable rock units in the area. 

To proceed with the lithologic identification process, the 

user needs to have available the segmented image in addition 

to the multispectral set of images (Fig. 6.8) for the area to 

be studied. Each of the previously identified image segments 

is sampled by using a mouse and pointing to an area that 

symbolizes the entire segment. In this sampling process the 

mean value of a 32x32-pixel window is composed in each of the 

available spectral bands to calculate the spectral signature 

of the rock in question. The autocorrelation power spectrum 

for the same sample window is calculated for textural 

identification. These results are sent directly to knowledge 

bases built on the above mentioned libraries to identify the 

rock type. 
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1.3.1.2 Structure analysis 

The study of linear features in images and photographs is 

the study of structural geology, as most of these features 

represent the surface contacts, or other geologic 

discontinuities, all of which are clues to the internal 

geometry of the lithosphere. Some are metallotects by virtue 

of an apparent association with specific geologic trends and 

ore bodies. 

In this dissertation each of the four main directions (2-

axial and 2-diagonal) or any combination thereof can be 

selected to fit certain exploration strategies for a specific 

structurally controlled type of mineral deposit. The valley 

and ridge operators and their intersections are the available 

options in the system so far (Fig.3.l, 3.3 and 3.5). 

1.3.1.3 Zoning detection 

The zoning detector is a non-linear logic operator that 

operates through a series of expanding windows. The range of 

expansion varies from the expected minimum and maximum zoning 

size in the area of interest. The main goal of the zoning 

operator is to detect circular to half-circular arrangements 

of different rock types. Careful range selection will greatly 

help in getting a better result of the zoning size (Fig. 

2.20) • 



28 

1.3.1.4 Other data 

A magnetic map and the geochemical distribution of Mo, eu, 

Zn, and Ag are used to evaluate the accuracy of the methods 

designed in this study for delineating exploration targets 

near Tombstone, Arizona. The lowest magnetic residual in the 

area suggests the circular feature detected by the Gabor 

filters could be a caldera wall, although the magnetic low 

could also be related to deep valley fill. The geochemical 

highs in Tombstone match the density of anomalous lineament 

intersections in the vicinity of the magnetic low. 

1.3.2 Evidence accumulation 

The deposit intrinsic properties and spatial relations, in 

terms of rock association and tectonic setting, are 

represented as vectors in n-dimensional Euclidean space. Each 

component of this vector is one of the geologic features that 

has been detected by the various exploration methods for the 

area of interest. Each geologic feature or group of features 

can be considered as evidence to help identify the presence of 

certain mineral deposit types. The extracted geologic features 

values reflect the degree of importance for the deposit 

delineation. I will present a method that is capable of 

integrating spatial geologic information using a fuzzy 

integral method for evidence fusion. This nonlinearly combines 

objective mineral occurrence evidences in the form of a fuzzy 
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membership function, with subjective evaluation of the worth 

of the sources with respect to the decision. 

1.4 Dissertation outline 

The following six chapters will discuss in detail each of 

the techniques employed in the present exploration system. 

Chapter two is composed of three major parts to cover image 

segmentation, segment identification and pattern verification. 

The first part demonstrates the capability of Gabor filters to 

perform texture discrimination for image segmentation, the 

second part introduces spectral and textural approaches for 

lithologic identification, and the third part will report the 

design and the application of the zoning detector. By using 

the explorationist reasoning for hydrothermal-type mineral 

deposits delineation (e.g., looking for lineament 

intersections associated with high alteration intensities), 

the lineament classifier logic operators and the density of 

lineament intersection designs are presented in chapter three. 

The comparison in design, properties and strategies between 

the 2-D and the multi-layer adaptive based expert systems are 

presented and discussed in chapter four. Spatial geologic 

evidence accumulation using the fuzzy integral is described in 

chapter five. A step-by-step information integration is 

demonstrated in the selected case study in chapter 6. HI-RES 

(a Highly Integrated Raster-based Exploration System) is 
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intended to be the show case for the various applications that 

have been produced in this study. In chapter six the case 

study using data from the Tombstone district is used to 

illustrate the use of Hi-res. The last chapter is reserved for 

conclusions and some proposed expansions and improvements that 

are advised for future enhancement of the exploration system. 
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Li thologic mapping from images can be accomplished by 

analysis and interpretation of the spectral and spatial 

information within the images. To evaluate the mineral 

potential of an area, the extraction of lithologic information 

from textural variation and spectral information is an 

important step in knowledge acquisition. This chapter is 

composed of three major parts. The first shows how the Gabor 

function can be used for image segmentation, the second 

introduces spectral and textural approaches for lithologic 

identification, and the third describes an application of 

zoning pattern detection as a tool for mineral exploration. 

Seven bands of the Tombstone mineral district are used for 

demonstration in this chapter. 

2.1 Image Segmentation and Texture Discrimination 

2.1.1 Introduction 

Image texture is the frequency of tone change within an 

image and is normally produced by an aggregate of unit 

features too small to be clearly discerned individually on the 

image. The scale of the image obviously has an important 
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bearing on this definition of texture. Image texture can be 

evaluated as fine, smooth, coarse, grainy, speckled, mottled, 

irregular, and so forth. Because of the dependence of image 

texture on the distribution of tones, this recognition element 

is less affected by the lack of image calibration than is tone 

(e.g., sand recorded by one sensor may have a brightness of 

127, by another a brightness of 250. The abrupt contact 

between sand and shale though will be preserved regardless of 

the accuracy of the recording device.). Patterns resulting 

from particular distributions of gently curved or straight 

lines are common and are frequently of structural 

significance; they may represent faults, joints, beds, and so 

forth. Drainage patterns generally reflect the underlying 

structure and occasionally rock type. From the remote sensing 

point of view, texture refers to the morphological pattern 

developed on the surface which results in tone on images. 

Textures generally reflect the spatial relationships 

(orientation and density) of those structural elements with 

morphological expression. Some patterns are characteristic of 

specific rock types and their variation with attitude and 

climate can be used in terrain analysis. Surficial deposits 

also may have a characteristic morphology and texture, 

particularly if degradation agents act independently of 

bedrock inhomogeneities. 
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The problem of finding a lithologic contact in a Landsat 

satellite image is a specific instance of the general problem 

of segmentation. There are two fundamental approaches to image 

segmentation, a) region extraction and b) boundary extraction. 

Region extraction involves using properties of the region 

within boundaries to classify the region. An example is 

multispectral classification where spectral reflectance is 

used as criterion for classification. This segmentation is 

analogous to region growing, because each pixel is classified 

independently, and the region grows pixel by pixel until a 

pixel is encountered having different properties. The segment 

is defined as the set of all contiguous pixels having the same 

spectral properties. 

Boundary extraction involves locating lines or edges in an 

image and assigning a segment to all pixels wi thin the 

boundary. An example of boundary extraction involves the use 

of spatial filters or masks. 

Gabor filters were chosen for this work because they combine 

both of these approaches. Region extraction is accomplished 

using textural properties and boundary extraction is 

accomplished through the filter properties of the Gabor 

filter. 

Gabor filters have shown several characteristics in common 
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with the human visual system that make them appear suited for 

performing texture discrimination and hence image 

segmentation. Over the years, considerable progress has been 

made in developing models of the mammalian visual system and 

its function in image recognition. Hubel and Wiesel (1963) 

confirmed that the visual cortex responds locally to selected 

visual stimuli. Later, Jones and Palmer showed that these 

cellular responses can be accurately modeled using Gabor 

transforms (Jones et al.,198?). In 1946, Dennis Gabor studied 

the problem of signal analysis as a joint function of time and 

frequency (Gabor, 1946). Based upon the idealized repre

sentation of the visual system as a function of time or 

frequency, Gabor developed multivariate descriptions of 

signals. Gabor established the principle that simultaneous 

resolution of linear filters in the space and frequency 

domains is limited; it is called the uncertainty relation. 

These Gabor filters are the products of a sinusoid and 

gaussian envelope (Gabor, 1946). The notion that the human 

visual system optimizes accessible information in the space 

and frequency domains makes instinctive sense (Clark et 

al. ,1986) . 

Daugman (1988) modified Gabor's one dimensional time

frequency "signals" into two dimensional spatial filters. 

Daugman's two-dimensional gabor filter is a product of a two 

dimensional sinusoid and a two dimensional Gaussian envelope. 
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The characteristic of optimal joint resolution in both space 

and frequency suggests that these filters are appropriate 

operators for tasks requiring simultaneous measurement in 

these domains. 

Daugman used a three-layer neural network to transform two

dimensional signals into a Gabor representation for image 

analysis and segmentation (Daugman, 1988). The Gabor transform 

is shown to extract locally windowed two-dimensional spectral 

information concerning form and texture without gi ving up 

information about two-dimensional location or other global 

relationships. The problem, solved by the neural network, is 

that the functions are not orthogonal, and finding their 

coefficients is difficult. If optimum coefficients are 

required for a particular application, this may be one method 

to provide them. 

The general form of the two dimensional Gabor filter family 

in the space domain is shown in equation 1: 

x2 y2 
-0.5(-2:+-2:) 

g(x, y) =e a
2 

p2 xsin [-21t (UaX+ V 03') -p] ....... (1) 

where xg , yg are coordinates for the Gaussian, a and B are the 

Gaussian decay terms, Ua and Va express the modulation, and P 

controls the phase. The equation is the product of a two 

dimensional Gaussian and a two dimensional sinusoid 

( fig. 2. 1a) . 
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2 • 1.2 • 2 Gabor functions and the elements of texture perception 

"texton" 

Computer application of a set of Gabor filters to a variety 

of textures found to be discriminable on images produces 

results in which differently textured regions are 

distinguished by filters. Gabor functions have the ability to 

reduce statistical complexity, thus distinguishing differently 

textured regions. These functions can act as detectors of 

certain "texton" types (Turner, 1986). 

If the textures differ in the probability that a randomly 

thrown dot will fallon a particular color or gray level, they 

differ in first-order statistics. Second-order statistics 

involve similar probabilities for a randomly thrown dipole. 

Analysis of a variety of textures led Julesz to conjecture 

that textures with the same second-order textures are 

indistinguishable to the eye (Julesz 1962, 1981; Julesz et ale 

1973). Gagolowicz (1981) suggested a modification to Julesz's 

conjecture that is due to the nonhomogeneous synthesis 

procedure, where local second-order statistics differ from the 

global ones. These differences are perceived by the eye and 

used for discrimination. Two-texture fields, which have 

locally the same second-order spatial averages, however, 

cannot be discriminated by the human eye. Texture 

discrimination is then explained in terms of first-order 

differences between local features rather than as global 
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Figure 2.1a Example of Gabor wavelets. 
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second-order differences between pixels in the image. These 

differences are called textons in Julesz model. Texton classes 

can be identified to the eye by their elongated blobs of 

specific color, orientation, length and width, their 

terminators, and line crossings. It has been suggested that 

these feature detectors are related to the receptive fields of 

cells in the mammalia visual system (Caelli 1980; Julesz and 

Berger 1983; Beck 1982; Glezer et ale 1973). 

2 • 1. 2 • 3 Methods 

Turner (1986) focused on texture discrimination, which 

requires simultaneous measurement in both space and frequency 

domains. Turner approaches the texture discrimination problem 

from the aspect of information representation. If an image is 

represented as single valued pixels, global texture 

information is not specifically demonstrated, but if a global 

Fourier transform is used, texture information in local areas 

is missing. Turner developed a set of Gabor filters and used 

them to segment textural features. His filters were circularly 

symmetric and non-self-similar, that is he used a Gaussian 

envelope of fixed size but varied the frequency of the 

modulated sinusoid. Turner's method has been used as the base 

to guide image segmentation processing in this dissertation. 

The following steps were established to apply Gabor 

functions to texture discrimination. An image comprising 617-
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by-360 pixels and seven spectral bands of the Tombstone 

mineral district has been used (see Figure 2.1b). Each pixel 

has a grayscale value between 0 and 255. A principal component 

transformation of the seven spectral thematic mapper bands was 

calculated and the first principal component image was 

selected for further processing. The choice of the first 

principal component image was an arbitrary one designed 

primarily to provide a high contrast image for experimentation 

on Gabor filter parameters. A set of Gabor functions is 

generated in accordance with a specification given to the 

program. These involve varying the spatial frequency and 

orientation of the sinusoidal plane waves. For each 

specification a pair of filters with the sinusoidal waves 

having an approximately quadrature phase relationship is 

generated. After experimentation with the Gabor parameters, 

the set consists of a 9x9 pixel filter array, 0.4 frequency 

with four orientations (0,45,90,135 degrees) and a circularly 

symmetric Gaussian having a standard deviation of 4 pixels. 

This specification generates eight filters (1 frequency x 4 

orientations x 2 phase pairs). The user can edit Gabor 

functions in case of different textures and variable rock 

types. The eight filters are applied over the preprocessed 

image of the Tombstone mineral district (Fig.2.2-2.9). Linear 

contrast enhancement and stretching between 0 and 255 are 

employed. The first principal component from eight Gabor 



Figure 2.1b Composite blue, green, and red spectral bands of the Tombstone mineral 
district. (See geologic map in figure 6.1 a for location) 
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segments were classified 

(Fig.2.18). 

2.1.2.4 Brief example 

41 

calculated (Fig.2.10-2.17), and 

using K-cluster classification 

Figure 2.18 displays the results from the Gabor filter 

operations together with a geologic map overlay. Inspection of 

the segmentation results are revealing. Bright red segments 

appear to correlate both with bedrock outcrops of rhyodacite 

tuffs and welded tuffs in the central portion of the image, 

and with Quaternary alluvial surfaces along the San Pedro 

river. I believe the reasons for this are twofold. First, the 

rhyodacite tuff outcrops cast deep shadows on their northern 

slopes. Comparison with Figure 6. la, shows that the Gabor 

segmentation has focused on these dark, relatively textureless 

areas in several locations where topography and illumination 

angles permit, but where geology differs. Since the shadowed 

areas are strongly correlated among all seven TM bands, 

shadows provide significant components on the primary 

eigenimage, thus are prime candidates for feature extraction. 

Second, dark (marshes) areas along the San Pedro river are 

also included within the same class. Since marshes saturated 

areas, or inundated areas are also strongly correlated among 

bands, it seems reasonable to expect such areas to be 

extracted with shadows. 

Although the dark brown classes on figure 2.18 seem more 
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closely related the rhyodacite tuffs in the southeastern 

corner of the image, boundaries do not correlate well with 

those on the geologic map. And, the brown class located in 

strictly alluvial areas is also disappointing. The best 

correlation of extracted segments with geology is in the 

southwestern corner of Figure 2.18 where rhyodacite tuffs and 

volcanic breccias (Kr, and Ka) correspond closely green 

segments. Green segments, however, have also been identified 

in the alluvial areas, where similar textures must appear. 

Although the segmentation of the green class appears to define 

a circular pattern (marked on Figure 2.18), and the 

simultaneous occurrence of rhyodacitic tuffs and circular 

features is certainly provocative, there are many possible 

textural combinations in addition to geologic structure that 

could conceivably contribute to such an occurrence. As these 

alluvial patterns mayor may not reflect subsurface bedrock 

structure, I leave the possibility of a caldera feature for 

future field studies. 

Two things seem clear from Figure 2.18. First, the Gabor 

filter is an effective technique for image textural 

segmentation. Second, the image segmentation does not 

correspond well with geology. I still believe in texture as an 

important lithologic parameter, but the first principal 

component image is probably not a good choice for future 

exploration segmentation efforts. Future efforts should 
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experiment with more lithologically sensitive formats such as 

strategic selection of ratios followed, perhaps, by principal 

component transformation. 

In what follows I shall rely on the segmentation map as if 

it were successful in delineating geology, strictly as a 

demonstration of other aspects of the exploration system. 

Since downstream processing utilizes the segmentation map, a 

fair amount o~ future research should be devoted to improving 

this aspect of the system. 

2.2 Lithologic Analysis and Classification 

2.2.1 Building textural and spectral libraries for lithologic 

identification 

The surface texture of different rock types can be 

qualitatively evaluated as having one or more of the 

properties of fineness, coarseness, smoothness, granulation, 

randomness, lineation, or being mottled, irregular, or 

hummocky. Each of these properties translates into some 

property of the tonal primitives, ( a primitive is a connected 

set of resolution cells characterized by a list of attributes; 

the simplest primitive is the pixel with a gray tone 

attribute) and the spatial interaction between the tonal 

primitives. Tone and texture are thus dependent concepts. They 

bear an inextricable relation to one another very much like 

the relation between a particle and a wave (Haralick, 1974). 
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Figure 2.10 The first principal component of the eight Gabor filtering outputs. 
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Figure 2.14 The fifth principal component of the eight Gabor filtering outputs. 
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Figure 2.16 The seventh principal component of the eight Gabor filtering outputs. 
o Tombstone 

. , 
,,' 

o 1 2 

, I • 
, " 

, •• j 

,-

. ' 
/'~ 

, . 

~ l\1i1es 

Figure 2.17 The last principal component of the eight Gabor filtering outputs. 
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The spectral reflectance of earth materials is often the 

most useful and diagnostic criterion for Ii tho logic 

discrimination on images. Spectral reflectance is a measure of 

the amount of light reflected by a material, and is expressed 

in images by brightness or color. Reflectance is a consequence 

of the chemistry and structure of the material modified by 

environmental factors and the physical condi tion of the 

material surface. 

Spectral and textural information of certain fundamental 

rock types is essential for optimal lithologic identification. 

Information on the composition and mode of origin of different 

terrains can be provided by landform properties, but we can 

seldom make accurate mineralogical identification. Although 

spectral signatures are completely characteristic of a 

particular lithologic type, the support of textural 

information is still needed. In this study, 

spectral and textural property libraries 

two separate 

for the main 

lithologic units around the Tombstone mineral district were 

built (see section 2.2.4). A two-dimensional autocorrelation 

function has been used for better texture characteristics 

representation and identification using neural network pattern 

recognition. A knowledge base was designed to optimize 

lithologic recognition by linking spectral signatures with 

trained neural networks for the current lithologic variations 

(Fig. 2.20a). 
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Information collection for the spectral and textural 

information libraries is strictly controlled by the available 

mappable outcrops whose extents exceed a 32-by-32 pixel image 

sampling windm'l. Figure 2.18b shows the training sample sites. 

The seven thematic spectral bands and their first eigen-image 

represent each 'training sample site. In case of stratified 

lithologic units, the image sampling window is oriented 

parallel to the major strick direction of the selected rock 

unit. 

Rhyodaci tic tuff, quartz-monzoni te and granodiori te, 

andesitic to dacitic volcanic breccia, and basalt lava flow 

are the sampled flat-lying or non-stratified rocks in the 

Tombstone mineral district. Lower Permian dolomite, Bolsa 

Quartzite, limestone, and shale (Fig.6.1a) represent the 

massive and stratified rock units (Fig.2.19a and 2.19b). A 

search tree was designed to build a knowledge base for optimal 

lithologic identification (See section 2.2.4, Fig.2.20a). 

2.2.2 Texture Classification 

Drury (1987) mentioned that the use of computer-assisted 

measures of image textures, although very difficult and time

consuming, may add to the power of image classification. 

There have been more than eight statistical approaches to the 

measurement and characterization of image texture: 

autocorrelation functions, optical transforms, digital 
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Figure 2.18b General geologic map of the southeastern corner of 
Arizona. The black dots show the training lithologic sample sites 
that used to build the spectral and textural information library. 
Each black dot represent the center of eight training samples. The 
selected study area is surrounded by the black rectangle. (From the 
Geologic Map of Arizona by Stephen J. Reynolds, 1988) 
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Figure 2.19a 64-by-64 pixel texture samples of mappable rock units around the 
Tombstone mineral district. Ground resolution is 30 m/pixel. 
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Figure 2. 19b 64-by-64 pixel texture samples of mappable rock and surficial units around 
the Tombstone mineral district. Ground resolution is 30 mlpixel. 
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transforms, textural edgeness, structural elements, spatial 

gray tone co-occurrence probabili ties, and autoregressi ve 

models. To create a texture signature for coarseness and 

directionality components, a new approach is employed. The 

two-dimensional autocorrelation power spectra are computed in 

this study for each pixel followed by texture signature 

pattern matching with known rock types using the neural 

networks. The following few paragraphs will review the 

different texture classification methods and introduce the 

main processing stag:s for the classification method used. 

Optical Processing Methods and Texture. Edward O'Neil's ~1956) 

article on spatial filtering introduced the engineering 

community to the fact that optical systems can perform 

filtering of the kind used in communication systems. The basis 

for the filtering capability of optical systems lies in the 

fact that the light amplitude distributions at the front and 

back focal planes of a lens are Fourier transforms of one 

another. 

Digital Transform Methods and Telcture. In the digital 

transform method of texture analysis, the digital image is 

typically divided into a set of nonoverlapping small square 

subimages. The set of subimages then constitutes a set of n2-

dimensional vectors. In the transform technique, each of these 
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vectors is reexpressed in a new coordinate system. The Fourier 

transform uses the sine-cosine basis set (Haralick, 1974). 

Texture Edgeness. The autocorrelation function, the optical 

transforms, and digital transforms basically all reference 

texture to spatial frequency. Rosenfeld and Troy (1970) and 

Rosenfeld and Thurston (1971) conceive of texture not in terms 

of spatial frequency but in terms of edgeness per unit area. 

An edge passing through a resolution cell can be detected by 

comparing the values for local properties obtained in pairs of 

nonoverlapping neighborhoods bordering the resolution cell. To 

detect microedges, small neighborhoods are used, to detect 

macroedges, large neighborhoods are used. 

Structural element. A structural element and filtering 

approach to texture on binary images was proposed by Matheron 

(1967) and Serra and Verchery (1973). Their basic idea is to 

define a structural element as a set of resolution cells 

constituting a specific shape such as a line or a square and 

to generate a new binary image by translating the structural 

element through the image and eroding by the structural 

element the figures formed by contiguous resolution cells 

having the value 1. 
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Spatial Gray-Tone Dependence: Cooccurrence. One aspect of 

texture is concerned with the spatial distribution and spatial 

dependence among the gray tones in a local area. Julesz (1962) 

first used gray tone spatial dependence cooccurrence 

statistics in texture discrimination experiments. Rosenfeld 

and Troy (1970) and Haralick, et.al.,(1972) suggested two

dimensional spatial dependence of the gray tones in a 

cooccurrence matrix for e~ch fixed distance and/or angular 

spatial relationship; Haralick et.al. (1972, 1973) used 

statistics of this matrix as measures of texture in satellite 

imagery (Haralick and Bosley, 1973), aerial and microscopic 

imagery. 

Autoregression Models. The linear dependence that one pixel of 

an image has on another is well known and can be illustrated 

by the autocorrelation function. This linear dependence is 

exploited by the autoregression model for texture which was 

first used by McCormick and Jayaramamurthy (1974) to 

synthesize textures. 

2.2.2.1 Texture classification using Autocorrelation Method 

The problem of power spectrum estimation (PSE) arises in 

various fields such as speech processing, seismic signal 

processing, image restoration, radar, sonar, ratio 

astronomy, etc. , and its applications range from identifying 



signal source parameters and transmission 

characteristics to removing noise from images. 

60 

channel 

In this study the two-dimensional autocorrelation function 

is selected to create a texture signature for coarseness and 

directionality components, and neural networks will be 

employed later for texture signature pattern matching. The 1st 

eigen-image of the seven thematic spectral bands is used in 

this application. 

From one point of view, texture relates to the spatial size 

of the tonal primitives on an image. Tonal primitives of 

larger size are indicative of coarser textures; tonal 

primitives of smaller size are indicative of finer textures. 

The autocorrelation function is a feature that preserves the 

size of the tonal primitives. The relationship between the 

autocorrelation function and the power spectral density 

function is well known: they are Fourier transforms of one 

another (Yaglom, 1962). Kaizer (1955) discovered that a 

relatively flat background can be interpreted as a fine

textured or coarse-textured area. The resolution of his 

spatial correlator was not good enough to pick up the fine 

texture. 

The following is a two-dimensional autocorrelation function 

originated from sinusoids buried in white noise, so that the 

correlation function given has the form of 
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where 0 2 is the white noise power, M is the number of 

sinusoids, ai2/2 is the power of the ith sinusoid, wil and wi2 

represent the frequency of the ith sinusoid. This expression 

is based on the consideration of continuous and finite 

sinusoids. So its values are completely symmetric. For the 

practical two-dimensional signal, this is no longer the case. 

To generalize this algorithm so that it can be used for any 

two-dimensional signal, the well-known unbiased formula for 

the calculation of the autocorrelation of real image, is used 

i. e. , 

N-nl N-n2 

R(n1 ,n2 ) =_1_ L L x(k,j)x(k+n1 ,j+n2 ) ••••••••• (2) 
NxN k=l j=l 

Two main features, in the 2-D autocorrelation function, have 

been used to classify the texture samples. It is generally 

recognized that coarse texture will have a high value of power 

spectrum near the origin, while in fine texture the value will 

be more spread out. In case of til ted stratified lithology 

(e.g., Bolsa quartzite), the strike direction on the image 

samples is kept constant by sampling parallel to that 

direction (Fig. 2. 19c). The dip ranges of til ted lithologies is 

covered by sampling all the possible dip changes within and 

around the study area. Texture coarseness and directionality 
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Figure 2.29c 25-by-25 pixel power spectrum of a) horizontal or 
massive rocks, b) Tilted sedimentary rocks. 
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analysis using a neural network will be discussed in detail in 

section 2.2.2.2.3. 

2.2.2.2 Lithologic identification using Neural Networks 

For better texture classification and power spectrum 

signatures identification, neural network pattern recognition 

methods have been employed in following subsections. 

2.2.2.2.1 Introduction 

Neural networks are a relatively new information processing 

technique. They are computer-based simulations of Ii ving 

nervous systems, and they work quite differently than 

conventional computing. Neural networks are made up of a 

number of simple, highly interconnected processing elements 

(PEs), which process information according to their dynamic 

state responses to external input patterns. 

A number of today' s technological problems are in areas 

where neural network technology has demonstrated potential: 

things like pattern recognition and classification, speech and 

image understanding, robotic controls, optimization, learning, 

and many others, without the need for application- specific 

software. 

All neural network PEs, have several things in common. They 

accept many inputs, they mul tiply each input by a 

corresponding weight, they sum all these products and they 
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pass this sum along to a transfer function that produces an 

output. This output is then distributed to downstream PEs. 

The PEs are arranged in layers. Some models are composed of a 

single layer, but more often they are multilayered. Processing 

elements may be fully interconnected, sparsely interconnected, 

or randomly interconnected. The connections may be strictly 

feedforward or they may be feedback, feedlateral, or even 

self-feed (M. M. Nelson and W. T. Illingworth, 1991). Back 

propagation of errors technique is used in this study (see 

section 2.2.2.2.3). It is a feedforward network and the most 

commonly used generalization of the Delta Rule. 

2.2.2.2.2 Neural network learning 

A neural network consists of many simple interconnected 

processing elements. These processing elements, or PEs, are 

usually grouped into linear arrays called layers. Each PE has 

a number of inputs (Xi)' and each of these has an associated 

connection weight (Wi). The PE sums the weighted inputs (WiXi ) 

and computes one and only one output signal (Y j ). This output 

is a function (f) of that weighted sum. 

We refer to the function (f) as the transfer function. A 

number of transfer functions are in current use. These 

include, but are not limited to, the sigmoid function, sine 

function, hyperbolic tangent, and various threshold and linear 

functions. The function (f) remains fixed for the life of the 

processing element. It is generally decided upon as a part of 
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the design, and it cannot be changed dynamically. In other 

words, the transfer function cannot be adjusted or modified 

during the operation or running of the neural network. In this 

study, the sigmoid is selected for the threshold function due 

to its stability. 

The weights (W i)' however, are variables. They can be 

dynamically adjusted during network learning to produce a 

given output (Y j ). This dynami9 modification of the variable 

weights (Wi) is the very essence of learning. At the level of 

single a PE, this self-adjustment is a very simple thing; when 

lots of PEs do it collectively, we say it resembles 

lIintelligence. 1I The meaningful information (the memory) is in 

the set (usually large) of modified weights. The ability of an 

entire neural network to adapt itself (change the Wi values) 

to achieve a given output signal (Yj ) makes it unique. 

There are two types of learning: supervised and 

unsupervised. In supervised learning a training set of data or 

an observer grades the neural network performance. In this 

mode, the actual output of a neural network is compared to the 

desired output. Weights, which are generally randomly set to 

begin with, are then adjusted by the network so that the next 

iteration, or cycle, will produce a closer match. The goal of 

all learning procedures is ultimately to minimize the error 

between the desired output and the current output sample by 

continuously modifying the weights. 
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With supervised learning, it is necessary to IItrainll the 

neural network before it becomes operational. Training 

consists of presenting input and output data patterns to the 

network. These data patterns are often referred to as a 

training set. That is, for each input pattern presented, the 

corresponding desired output pattern is presented as well. In 

many applications actual data are used. The training phase is 

time consuming. It is considered complete when the neural 

network produces the required outputs for a given sequence of 

input patterns. When no further learning is to occur, the 

weights are II frozen. II Using this technique, a network could do 

things like make decisions, map associations, IImemorize ll 

information, or generalize. In unsupervised learning, networks 

use no external influences to adjust their weights. Instead 

there is an internal monitoring of performance. The network 

looks for regularities or trends in the input signals, and 

makes adaptations according to the function of the network. 

Even without being told whether it's right or wrong, the 

network still must have some information about how to organize 

itself. Here's a possible exmnple: a network could learn to 

track a moving object by coordinating a spot on its simulated 

retina with the center of the retina. An unsupervised learning 

algorithm might emphasize cooperation among clusters of 

processing elements. In such a scheme, the clusters would work 

together and try to stimulate each other. At the present state 
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of the art, unsupervised learning is not well understood and 

is still the subject of much research. Supervised learning 

procedures, on the other hand, have achieved a reputation for 

producing good results in practical applications and are 

gaining in popularity .. For these reasons, Back propagation is 

used as shown in the following section. For these reasons Back 

propagation is used as shown in the following section. 

2.2.2.2.3 Lithologic Identification using Back Propagation 

Back propagation is the most popular, and easy-to-Iearn 

model for complex, multilayered network learning. Although 

work is continuing on ways to improve back propagation, it is 

still faster than some other models. Back propagation is 

selected for this study. 

The feedforward network used herein is a refinement of the 

widrow-Hoff technique, which calculates an error, defined as 

the difference between actual outputs and desired outputs. 

Using this error, weights are changed in proportion to the 

error times the input signal. Doing this for an individual 

node means that the input, the output, and the desired output 

all have to be present at the same PEe 

Each hidden processing element's error is a weighted sum of 

the errors in the successive layer. The whole sequence 

involves two passes: a forward pass to estimate the error, 

then a backward pass to modify weights so that the error is 
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decreased. This network generalizes well and can perform 

arbi trary nonlinear mappings. There are limi tations . Back 

propagation is time consuming and requires many I/O examples. 

The main goal in this section is to develop a neural network 

that can recognize the two dimensional autocorrelation 

function of the mappable lithologic units around the Tombstone 

mineral district (Fig.2.19b,c and d) and verify the 

sensitivity both in coarseness and directionality. Each of 

these autocorrelation functions are represented by a 7-by-7 

pixel image. That requires an input containing 49 digits made 

up of values between zero and one. 

To analyze the autocorrelation functions using neural 

networks, two main features are useful, the averages of the 

power spectrum values taken over ring-shaped regions centered 

at the origin (sensitive for texture coarseness) and the 

angular distribution of power spectrum (sensi ti ve to the 

directionality of the texture) (Fig.2.19c). A texture with 

many edges and lines in a direction 8 will have high power 

spectrum values around the perpendicular of 8+rr/2; whereas for 

a nondirectional texture the spectrum should also be 

nondirectional (Chen C.H.,1982). Since neural networks are 

pattern matchers, the representation of the data contained in 

the training sets is critical to the successful solution by 

the neural network. 

In order for the neural network software to recognize the 
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input data, the 2-D autocorrelation function of the selected 

rock units (see section 2.2.2.1) are entered randomly as a 

vector. Constructing the test set is similar to constructing 

the training set except that we will purposely try to confuse 

the network with a previously prepared set of autocorrelation 

functions. These test sets may be any randomly selected image 

samples from the available rocks units in the Tombstone 

mineral district. 

Several parameters can be varied to enhance the performance 

of a back propagation network during training. The traditional 

delta rule is used as the learning rule (Samed, 1989). The 

sigmoid is selected for the threshold function due to its 

stability (Poulton, 1990). The error is computed for each 

pattern for every iteration or summed over all patterns. The 

variables of greatest interest in network design are the 

number of hidden PEs and the number of iterations. Poulton 

(1990) suggested a rule of thumb in selecting the number of 

hidden PEs where N is the number of input PEs and then 

decrease and increase the number. The 7x7 autocorrelation 

function image network of the six major lithologic units in 

the Tombstone mineral district with 15 hidden PEs and was 

trained between 10,000 and 15,000 iterations, with ~ 13% 

average training error. This error was the least to get the 

employed parameters and need to be improved in future 

research. For this application, both the coarseness and the 
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directionali ty were unique enough to permi t texture 

discrimination and identification using the neural network. 

2.2.3 Spectral Classification 

In remote sensing, rocks may exist in many different forms 

ranging from large blocks with smooth polished surfaces down 

to submicron- sized particles that vary in their shapes and 

modes of packing. Rocks are assemblages of minerals, and so 

the reflectance spectrum of a rock is a composite of the 

indi vidual spectra of its consti tuent minerals. The 

reflectance spectra of soils also typically contain 

considerable amounts of organic material, and often water, 

both of which contribute their spectra to the overall 

spectrum, often completely dominating it. 

Spectral reflectances form patterns whose shapes, locations, 

and relative intensities are completely characteristic of a 

particular lithologic type. The infrared spectrum is so 

characteristic for organic substances, that it is referred to 

as a IIfingerprint ll • Computer-assisted recognition of surface 

materials, commonly called classification, is based on their 

spectral properties, especially their spectral reflectance 

curves. These semi-continuous spectra can be recoded by 

narrow-waveband spectroradiometers, but the digital data in 

multispectral images are acquired using sensors having 

discrete, quite wide, bands. 
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Figure 2.19d Spectral signature examples of some common rock units 
at the Tombstone mineral district. 
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About 400 32 by 32 pixel image samples, for the seven 

spectral thematic mapper bands, have been selected from the 

Tombstone mineral district scene to present spectral identity 

for its different stratified and non-stratified lithologies 

(rhyodacitic tuff, quartz monzonite and granodiorite, 

andesitic to dacitic volcanic breccia, basalt, sandstone and 

sufacial deposits). The mean values of each rock class, for 

each spectral band, have been used to build the spectral 

signatures library for application to lithologic verification 

in the Tombstone area (Fig. 2.18b and 2.19d). 

2.2.4 Developing a lithologic map from multispectral images 

Lithologic mapping from images is accomplished by analysis 

and interpretation of the spectral and spatial information 

within the images. To evaluate the mineral potential of an 

area, the extraction of lithologic information from textural 

and spectral information is considered a very important step 

in knowledge acquisition in this study. In the first part of 

this chapter the Gabor filters are used for image segmentation 

then followed two textural and spectral tools for lithologic 

identification. Eight image files should be prepared by the 

time the current operation is performed: seven image files of 

the seven spectral bands for spectral signature recognition 

and their first principle component for textural information 

extraction. 
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Figure 2. 20a shows the decision tree used to build the 

knowledge base. Breadth-first search problem solving method is 

used. In this procedure, all the nodes on one level of the 

tree are examined before any of the nodes on the next level. 

Breadth-first search is . particularly appropriate in the 

current situation in which there are few paths that lead to 

lithologic types. A breadth-first search procedure is 

guaranteed to find a solution if one exists. If there exists 

a solution, then there exists a path of finite length, say N, 

from a start to a goal state. The breadth-first search will 

explore all paths of directionality of which there are two 

nodes (flat-lying, and tilted). It will then look at all paths 

of coarseness of which there are six nodes. It will continue 

until it has explored all paths of lithologic types, by which 

time it will have found a solution. 

After selecting the unknown image sample, ( see section 

2.2.2.1 , 2.2.3, and 6.3) by using the segmented image from 

the Gabor operation as a guide map (Fig.2.18), the following 

steps are automatically executed. The sampling is accomplished 

by pointing with the mouse to the center of the region of 

interest in the image. 

First, the two-dimensional autocorrelation functions of the 

selected samples are calculated. Using the neural network 

trained texture library, the samples are assigned to their 

equivalent texture groups as shown in figure 2.20a. 
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Next, the spectral patterns of the above selected samples 

are also used to define the rock type to compile the 

lithologic map (Fig. 2.20b). 

Figure 2.20b is a coarse thematic map 

lithology. The poor correlation with known 

representing 

geology is a 

residual artifact of the Gabor filter image ( segmentation 

image) discussed earlier. Better choices during processing of 

the segmentation image may have yielded a more realistic 

lithologic map. Despite these problems, the map is figure 

2.20b does provide a valuable base for demonstating 

processing, if not for selecting exploration targets, because 

it preserves the ringlike geometry noted on the segmentation 

image (Fig. 2.18). Such geometries are important for 

exploration, yet notoriously difficult to enhance using most 

digital image processing techniques. 

The initial thematic image resolution about 30-by-30 

meters per pixel), the 9-by-9 Gabor filters and the 32-by-32 

pixel sample sizes are limitations for the detection of small 

lithologic outcrops. The output lithologic map (fig. 2.20b) is 

prepared for information integration with other extracted 

geologic features using fuzzy integrals, two-dimensional and 

multi-layer raster-based expert systems as demonstrated in 

chapter 4 and 5. 
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Figure 2.20b Identified lithologic units in the Tombstone mineral district using textural and 
spectral information. 
1) Surficial deposits, 2) Tilted sedimentary rocks, 3) Andesitic to dacitic volcanic breccia, 
and 4) granodiorite. 

0Tombstone 
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2.3 Zoning Detector 

This study introduces two ways of using a logic operator to 

extract geologic features important in mineral exploration and 

deposit delineation. The first, represented in this section, 

recognizes the presence or absence of mineralized zoning 

patterns. As described in the next chapter, the second 

operator detects lineaments and their intersections. 

2.3.1 Introduction 

Zoning in a mineral deposit is defined as any regular 

pattern, other than homogeneity, in the distribution of 

minerals or elements in space. Mineral deposit zoning can 

extend to regional scales. It can also be reduced in scale to 

the consideration of a single ore shoot, barren zone, vein, or 

.veinlet. zoning may be obvious, as with assemblage zoning, 

mineral zoning, or phase zoning (which can show dramatic 

changes in mineral species and assemblages) or it may take the 

form of minor chemical changes that are invisible to the eye, 

as \,li th cryptic zoning or chemical zoning. zoning is one of 

the useful exploration and scientific aspects of mineral 

deposits. 

Geochemical zoning in ore bodies and in mining districts is 

really no different from metal and mineral zoning, except that 

it is often expressed in terms of trace elements. Laboratory 
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Figure 2.20c The zoning detector operates through a series 
of expanding windows to detect circular to half-circular 
arrangements of the various rock types. 
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analyses are used to find subtle changes that would be missed 

in field mapping or logging drill core. 

2.3.2 Algorithm 

The zoning detector operates through a series of expanding 

windows. The range of expansion varies from the expected 

minimum and maximum zoning size in the area of interest. 

Careful and wise range selection will greatly help in getting 

a better result of the zoning size. Data preprocessing is an 

important step before using this operator. The user should 

identify the classes and represent them by the pixel values in 

the feature layer (e.g., if looking for zoning in 

hydrothermal alterations, one should first identify and 

classify the different alteration types). This operator can be 

used for exploration only if the zoning pattern has certain 

value for a specific mineral deposit. The main goal of the 

zoning operator is to detect circular to semi-circular 

arrangements of various rock types, i. e., less than semi

circular zoning outcrop and non-circular zoning cannot be 

detected by these operator. The following algorithm is used: 

1) Vector reading and classification: 

A. Read four vectors across each moving and expanding 

window (two diagonal (A-AI, C-CI) and two axial (B-B',D

D'» (Fig. 2.21a). These vectors represent all the 
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Figure 2.21 a A 17 by 17 pixel window, lies exactly above a complete 
synthesized three-layer zone example. Each number could be a code 
for a specific rock type A, B, C, and D vectors are used to represent 
the four main directions in the window. 
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Figure 2.21c The lithologic codes in each vector, e.g. B[], 
are read and the repetitions are saved in the weight 
vector, e.g. F[]. Each weight that exceeds a defined 
threshold value is considered a class. If a low weight 
class falls between two identical lithologic codes, merge 
those classes. 
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principal directions of the window, enough to cover one 

zone of window size. The expected zone center is assumed 

at the vector intersection. 

B. The classification stage begins by separating the 

vectors into equal parts (primed and unprimed in Figure 

2.21b) followed by alignment of the primed vector 

parallel with the unprimed vector (see fig.2.21b). 

C- To classify the lithologic codes in e~ch of the eight 

vectors. Read each lithologic type codes in each vector 

and save the repetition of each code in the weight 

vectors (refer to figure 2.21c). Each lithologic class 

exceed a user defined threshold weight value is 

considered a class. If any of the detected classes re

appear after any other well defined class or classes it 

will be considered a separate class. That will help in 

detecting a cyclic zoning type ,i.e. the lithologic 

codes can appear more than one time in the zoning 

sequence. Re-write the class and weight vector and 

remove classes that do not meet the proposed threshold 

weight value. 

2) Class matching and zoning detection 

A. Match each of the detected classes and check for 

similarity in any three of the four vectors along the 

axial or the diagonal directions. That represents the 



least detectable form of the zone as a half-circular 

arrangement (Fig.2.21d). 
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B. If the number of matched classes exceeds two zones, then 

zoning will be considered present at the current window 

location. 

C. The information about zoning size, center and 

lithologic type codes will be recorded after each 

successful zoning detection. 

2.3.3 Brief Example 

As an example of the zoning detector, the processed product 

of the Gabor filters, with its well defined semi-cicular 

pattern (presented in detail at beginning of chapter 2), has 

been used. As shown in figure 2.18, the semi-circular three

zone rock arrangements of surficial deposits, rhyodaci tic 

tuffs, and surficial deposits have been detected and the 

detected zone has been prepared for further information 

integration and exploration decisions (Fig. 2.22). 

In practice one may wish to operate on several suites of 

images using the zone detector. For example, geochemical zones 

may be enhanced separately from lithology classification using 

judicious selections of ratios. One interesting example would 

be to search for zoning in the iron absorption band (0.4 to 

0.6 ~m), another may be to look for zoning in the 1.6 ~m band 

and a third may include the clay absorption band at 2.25 ~m. 
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These approaches would involve applying the zoning detector to 

full, high resolution images, and would alleviate the coarse 

resolution noted above on Figure 2.20b. 
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Figure 2.22 The detection of the circular feature in 
the Tombstone mineral district using the 
zoning detector. 

OTombstone 
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CHAPTER 

3 

STRUCTURE ANALYSIS 
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The concept that mineralization is controlled by rectilinear 

or arcuate topographic lineament features related to faults or 

fault zones has always attracted the attention of geologists. 

The study of linear features in images and photographs is part 

of the study of structural geology, as most of these features 

represent the surface expression of faults, joints, folds, 

lithologic contacts, or other geologic discontinuities. All of 

these are clues to aspects of the internal geometry of the 

local lithosphere. Some lineaments are metallotects by virtue 

of an apparent association between specific geologic trends 

and ore bodies. Part of the long-standing preoccupation with 

lineaments derives from the knowledge that the earth's crust 

tends to fracture in linear zones, and from conjecture that 

these zones could be related to deep "plumbing" needed for the 

~ise of crustal or mantle material or to paleohydrologic 

features. The observation that mining districts are often 

aligned linearly or arcuately adds to the reputation of 

lineament analysis. 



Structural features of the Tombstone district 
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in 

southeastern Arizona have had a marked control on the location 

of ore bodies. A set of fractures trending northeast were some 

of the channels through which hypogene ore solutions moved 

upward. Ore minerals were precipitated where other structures 

provided openings or where structure intersected beds 

favorable to replacement (Newell, 1974). 

Band ratios were computed to highlight the presence of 

ferric iron, ferrous iron, and clays and/or carbonates (bands 

ratios 3/1, 5/4 and 5/7 respectively). These ratio images 

(specifically the 5/7 ratio image) were used in the lineament 

classifier. 

3.1 Lineaments Classifier 

This chapter will concentrate on the extraction from Landsat 

images of lineaments that are commonly represented as local 

reflectance minima or maxima I or by abrupt contrasts in 

spectral reflectance and their intersections. These former 

forms will be extracted by both the valley and ridge operators 

(Fig. 3.1). Linear features related to the latter forms (change 

in elevation and sharp contacts between different lithologic 

types) are extracted by an edge operator. Lineaments 

associated with iron enrichment or hydrothermal alteration 

processes and enhanced on band ratios can be successfully 

extracted using a ridge operator. 
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of interest. Q) 
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The first principal component image (highest order Eigen 

image) calculated from the seven subset channels composing a 

Landsat TM multispectral data set is selected for application 

of the valley and edge operators, because of the large scene 

variance in this image (fig.3.2). 

In general, valley-ridge linear features occur in connected 

curves, the local minima or maxima forming a luminance valley 

or ridge in two dimensions. The most straightforward valley 

and ridge extraction technique is to locate luminance minima 

and maxima, either in the input image or in a filtered version 

where noise has been suppressed. A threshold should be applied 

to the valley or ridge results to eliminate unlikely candidate 

points. The threshold value is chosen using experience or 

trial and error. 

These logic operators are highly nonlinear, and invol ve 

simple arithmetic differences between adjacent pixels for 

gradient calculations, followed by a series of table lookups 

and logical binary decisions to determine the presence or 

absence of the feature of interest. The valley-ridge operator 

performs a series of computations in the selected direction ( s ) 

up to four orientations. If a feature of interest (e. g. , 

valley, ridge, or edge), is found, a point is marked. 

Figure 3.1 represents a cross section along a 5 by 5 logic 

operator, each letter (a, b, c, d & e) representing a three-
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Figure 3.2 The first principal component calculated from the seven subset channels 
composing the multispectral data set for textural components enhancement in the 
Tombstone mineral district. 

GTombstone 

Figure 3.3 Extracted local luminance minima (from the previous figure) using the 
valley extraction operator with 90 as a threshold value. 

o Tombstone 
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Figure 3.4 Ratio image (B5/B7) computed to enhance hydrothermal alteration and 
carbonates in the Tombstone mineral district. 
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Figure 3,5 Extracted locallurninance maxima, from the previous figure, using the 
ridge operator with 95 as a threshold value (see discussion), 

oTombstone 
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Simple element block parallel to the desired feature. 

convolution is applied to these blocks at two 

scales. If the output satisfies the relation 

different 

with the 

threshold (T) for the longer scale convolution ( (a+e)-2c >T 

for valley detection or (a+e)-2c<T for ridge detection) small

scale convolutions over b c d are used. The use of different 

scales provides protection against spurious detection due to 

noise. 

In structurally-controlled 

intersections represent the 

deposits, the lineament 

most favorable mineral 

occurrences. Instead of using the logic OR as shown in the 

lineament classifier, the logic AND will simply detect the 

lineament intersections in the selected directions. Figure 3.5 

is an example used to demonstrate the intersection of two 

axial lineament directions. In the Tombstone example 

(Fig.3.7), the four main directions provide us with the best 

intersection results. 

3.2 Brief Elcample 

Increased fault densities, or their intersections, may be 

favorable loci for mineral occurrences. The lineament 

intersection densities of the ridge operator were calculated 

and interpolated for the entire study area. Lineament density 

interpolation is a technique for enhancing regional structural 



Figure 3.6 An example of a lineament intersection logic 
operator along 2-axial directions. 
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trends while minimizing interpretation biases due to analyst 

subjectivity, cultural features, .. etc. (Sawatzky and Raines, 

1982) • 

Figure 3.5 shows the results of the ridge operator on the 

Band 5/ Band 7 ratio image. The B5/B7 ratio is chosen to 

simul taneously enhance reflectance maxima of altered rocks 

within the 1.6 ~m spectral band, and the reflectance minima of 

altered rocks within the 2.25 ~m spectral band due to 

hydrothermal clays. Hydrothermally altered rocks should appear 

brighter than unaltered rocks in images computed using this 

ratio. 

Inspection of Figure 3.4 reveals two major concentrations of 

bright pixels. The first corresponds to the San Pedro river 

flood plain. An unfortunate fact is that vegetation also 

possesses high reflectance in the 1.6 ~m spectral band, and a 

reflectance low at 2.25 ~m. Hence, the subsequent processing 

of B5/B7 images will represent vegetation in much the same way 

as altered rock. The only way to avoid this consequence is to 

use a mask to eliminate vegetation areas from consideration. 

The second concentration of bright pixels corresponds in 

general to the rhyodacite tuffs east of the San Pedro river. 

This concentration of pixels most likely combines altered rock 

signatures with shadow signatures. An atmospheric correction 

should be applied to all ratio images to help separate these 

two effects. 
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Figure 3.7 Lineament intersections of the local luminance 
maxima along the four main directions (2-axial 
and 2-diagonal) in the Tombstone mineral 
District, 

o Tombstone 

. . ... ~ 

~ ~. .~~ Miles ~ 
Figure 3.8 Density of lineamnet intersection in figure 

3.7. The yellow and green represent the highest 
densities of lineament intersections in the 
Tombstone mineral district. Intersections to 
left are biased by vegetation signatures in the 
San Pedro river flood plain. 

o Tombstone 
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Circular structure noted on segmentation image. 
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Heretofore, application of the exploration algorithm will 

have produced several layers of data containing information on 

reflectance, rock type, and geologic structure. Some method is 

now needed to integrate these di verse data layers. Two 

different types of raster-based expert systems are designed in 

this study to help optimize pixel-by-pixel knowledge 

extraction, representation, and analysis over the varied 

spatial information, and throughout the wide variation in 

raster feature layers. 

The raster features are numerical representations of certain 

selected sampled fields. A typical example of a raster feature 

layer is the multispectral image field represented by the 

radiance of a scene viewed in some region of the electro

magnetic spectrum. The raster features are generated by 

sampling, measuring, and/or extracting some local field 

strength or concentration at a number of points that are 

usually arranged in a rectilinear pattern. 
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The main advantage of raster-based expert systems is the 

variable and adaptive handling of pixels throughout the layers 

of information used. In a Geographic Information System (GIS), 

for example overlying layers are analyzed using a single logic 

or mathematic calculation per layer or per set of layers. That 

approach does not honor the heterogenetic behavior of the 

spatial geologic data. 

Some GIS users represent individual layer variables 

(polygons, points and lines) by one component vector. These 

sets of vectors are not enough to produce an accurate output 

feature map. In the current application, the total identity of 

each pixel is fully preserved during manipulation of the 

feature layers using an embedded expert system. The knowledge 

base design plays a major role in defining the main system 

operation properties and the accuracy of the final output 

layer. 

In the earlier chapters, varieties of image processing 

techniques were experimented with for feature extraction. The 

Gabor filters, comprising Gaussian attenuated sinusoidal 

weight vectors, were used for image segmentation, non-linear 

logic operator was designed for detecting and extracting 

valleys, ridges, edges and their intersections from 

mul tispectral images, and a zoning detector indicated the 

presence or the absence of zoning, and the number and the 

types of zones through a series of automatically expanding 
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moving windows. 

These extracted features were designed and selected to fit 

the exploration models of the current prototype example for 

structurally controlled deposit exploration. They constitute 

the input features and feature layers for the raster based 

expert systems. 

In geology, statistical and approximation methods are 

generally used as tactics for pattern recognition and as an 

indirect tools for geologic knowledge representation. A 

density distribution is estimated from a sample, a surface is 

constructed from scattered data points, periodicity patterns 

or profiles are analyzed by means of statistical time series 

analysis, and so on. Al ternati vely , data can be sorted, 

grouped and classified by using factor analysis, cluster or 

discriminant analysis, and many others. The knowledge 

acquired, however, must eventually be converted to a form that 

can be used by the proposed raster based expert system. 

4.2. The Two-Dimensional Raster Based Expert System 

A two-dimensional raster-based expert system has been 

designed to operate within a series of moving windows. The 

windows are chosen to be approximately the same size as the 

average mine size in the district of interest. At each window 

the information of interest to the user is extracted to create 

a pattern vector component and sent it to the knowledge base. 
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Figure 4.1 The two-dimensional raster-based expert system shows the 
moving windows and its link to the knowledge base to help in 
classification, ranking, searching and recognition of important 
geologic patterns. 
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Figure 4.2 The multi-layer adaptive raster-based expert 
system shows the processing of more than one geologic 
feature. The resulting output pixels are highly adaptive 
to the different linear and non-linear relations among 
the main pattern vector components. 
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The knowledge base will evaluate this vector and edit one 

pixel in the output feature component. The 2-D expert system 

is used within a multifeature single layer (fig. 4.3) for 

classification, ranking, searching and recognition for 

important pattern associations in the feature space (Fig. 4.1 

and 4.4). 

4.3. The Multi-Layer Adaptive Raster Based Expert System 

Interpreting the results of various geophysical, geochemical 

and remote sensing surveys should extend beyond merely 

searching the individual data planes for spatial correlations 

and anti-correlations among anomalies of different kinds. The 

multi-layer adaptive raster-based expert system is designed to 

process more than one geologic feature; it operates over each 

pattern in the many feature layers. The resulting output pixel 

is highly adaptive to the relative dependence or independence 

among the main pattern vector components. These expert systems 

give us the opportunity to analyze pattern variations over the 

integrated set of features down to the pixel unit (Fig.4.2). 

4.4. The Knowledge-Base Design 

The two-dimensional and the multi-layer adapti ve expert 

systems are computer software systems that advise and help 

solve multi-dimensional problems for spatial data. Like other 

expert systems, they are designed to reach the same 
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conclusions that a human expert would be expected to reach if 

faced with a comparable problem (Weiss and Kulikowski, 1984). 

Both of the above mentioned systems are goal driven, that is 

the inference procedure used to search the knowledge base uses 

backward chaining (the system identifies rules .that conclude 

a value for the goal, then backs up and attempts to determine 

whether the "if clauses" of the rule are true). This is an 

appropriate approach given our particular exploration problem 

and the nature of the extracted features. The advantage of 

this kind of search is that the goal is known from the start 

and can be used to advantage when searching large knowledge 

bases. 

One of the most fundamental forms of knowledge 

representation is the production rule. It has the form 

IF <CONDITION> THEN <PRIMITIVE ACTION> 

e.g. IF alteration> 0.75 and 

Intersection_density>0.6 

THEN favorability is high. 

The pattern is the "condition" that is usually a conjunction 

of predicates that test properties of the current state. The 

"primitive action" is some simple action that changes the 

current state. 

One can think of a pattern being matched when given a pattern 

rule and a collection of objects, those objects are found 
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which satisfy the pattern rule. In this study, objects are 

referred to the intrinsic properties and spatial relations of 

certain type of mineral deposit. The selection of the next 

step in the path is often based on the present state matching 

a pattern given a rule(s). 

These applications give the power of the adaptive pixel-by

pixel handling of a wide variation of linear and non-linear 

relations among the selected geologic feature layers. 

or 

e.g., IF feature A and 

feature Band 

feature C and 

THEN action is linear relation. 

IF feature D and 

feature E and 

feature F and 

THEN action is non-linear relation. 

This adaptivity will help us when treating each pattern 

vector component with a specific mathematical formula to fit 

certain relations within the output feature layer. 

Knowledge design has been usefully described as a goal

directed activity that involves the making of decisions 
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(Archer,1969). The two most prominent computer- aided design 

techniques employed in producing II good" designs are simulation 

and optimization. Simulation predicts the performance of a 

given potential design, while optimization identifies 

potential designs for a given performance goal. 

Both approaches start with a design goal or goals, such as 

deposit types or favorability. This goal, can be translated 

into descriptions such as "lithology is granite", "high degree 

of alteration", and "high density of intersections". In this 

model these are commonly referred to as objectives, and must 

be satisfied for the goal or goals to be met. Certain 

variables such as density of lineament intersections, 

intensity of hydrothermal alterations, and iron enrichment 

(called performance variables) must be measured. Certain 

measured ranges will satisfy the objectives. These ranges are 

stated in specific terms as constraints or in general terms as 

criteria. 

By making exploration decisions about the various ranges of 

the decision variables, the performance variables can be 

controlled so as to satisfy the objectives and goals. The 

relationships between the performance variables and the 

decision variables are not always obvious. These causal 

relationships may be transparent. The selection of the right 

kind of decision variables is strongly controlled by the 

various genetic characteristics of the different deposit 
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types. 

Simulation is a problem-solving approach to design in which 

a design solution is postulated. That is, the decision 

variables are posited and their values are given. Through 

series of feature extraction processes, these values are 

examined or evaluated against given criteria to determine 

whether they are satisfactory, then some values of the 

decision variables are modified, and the process is repeated. 

The process ends when a seemingly satisfactory performance 

level is reached. Simulation approaches do not practically fit 

our mineral exploration purpose, because there is no way to 

tell how good the first few postulates are in comparison with 

other possible exploration designs, and the relationship 

between decisions and performances may not be obvious. 

Optimization is the second computer- aided design technique. 

Using this approach, the current study seeks not only an 

exploration design, but lithe best possible" implying "best" 

under the available conditions of the given problem 

formulation, that is, the given criteria and constraints. In 

optimization the design is not postulated and then evaluated; 

rather, the mineral deposit criteria (represented as a multi

feature layer or a series of single feature layers), the 

exploration model constraints, and the decision variables are 

stated. The decision variables are constrained to given ranges 

of values or discrete values. The deposit criteria are used to 



Figure 4.3 A multi-feature layer showing lithologic 
associations and their degrees of importance for the 
mineral deposit of interest, lineaments associated 
with hydrothermal alteration and rock units. (Designed 
for the 2-D raster-based expert system). 
1) Surficial Deposits, 2) Sedimentary rocks, 
3) Rhyodacite tuffs, 4) Rhyodacite tuffs associated 
with the detected half-circular feature in the area, 
5) Qz-monzonitic and granodioritic rocks. Lineaments 
are the white dots in the figure. 

o Tombstone 
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guide the search through the geologic feature layer or layers 

in order to find those solutions that best meet the best 

possible exploration (Appendix C3 and C4). 

4.5 Brief Example 

As mentioned before, the raster based expert systems were 

designed for classification, ranking, recognition, and 

searching for important pattern associations in the presented 

feature layers. As shown in the introduction, the major 

differences between the 2-D raster based expert system and the 

multi-layer adaptive raster based system are the methods used 

to encode and store spatial geologic facts. 

For the 2-D (single layer) raster-based expert system, a 

multi-feature layer (with composite lithologic, zoning and 

lineaments density information) is used. A series of single 

feature layers (densities of lineament intersections, 

lithologic layer, and detected zoning layer) are used for the 

3-D (multi-layer) adaptive raster based expert system. In this 

study both systems were directed toward spatial likelihood 

ranking of the hydrothermal deposit occurrences in the 

Tombstone mineral district. 

A series of 25 by 25 moving windows were employed to 

represent the average mine size in the mineral district, using 

the 2-D raster-based expert system. The density of 

lineaments, the presence or absence of zoning, and the degree 
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Figure 4.4 Example of a Mineralization Likelihood map for the Tombstone mineral 
district using the two-dimensional raster-based expert system. 
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Figure 4.5 Example ofa Mineralization Likelihood map for the Tombstone mineral 
district using the multi-layer adaptive raster-based expert system. 

o Tombstone 
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of importance of each lithology of these district are 

collected for each window from the single multi-feature layer 

(Fig. 4.3). This information is sent to the knowledge base 

(Fig.4.1 and Appendix C3) to edit the mineralization 

likelihood map for the study area. 

Information is processed pixel by pixel over the density of 

lineament intersections, the detected zoning, and the 

lithologic map single feature layers using the multi-layer 

adaptive raster-based expert system. The value of each output 

pixel represents the degree of importance at each pixel of 

each independent feature in depicting a specific type or types 

of mineral deposit. The pattern vector at each pixel comprises 

n elements for the n feature layers. It is sent to the 

knowledge base (Fig.4.2 and Appendix C4) to decide a 

likelihood value for the hydrothermal mineral occurrences in 

the exploration region. 

In these examples (Fig. 4.4 and 4.5), the two different 

mechanisms of the raster-based expert systems demonstrate 

their flexibility in reaching essentially the same conclusions 

with a straight forward knowledge base design. 
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Any decision procedure that is applied to a given problem 

involves the gathering of relevant information from different 

sources. This chapter deals with mineral exploration and 

resource assessment, which are usually based on the 

combination of regional geological knowledge with one or more 

geologic models. The deposi t evidences represented by the 

extracted geologic features in this study will be used in this 

chapter to fuse the main characteristic deposit model 

components. 

5.1 Deposit Model Information types 

In this section the main deposit model components are 

recombined under the following two major information types: 

A. Intrinsic properties: such as 

- Physical properties 

- Chemical properties 



B. Spatial relations: such as 

- Rock association in terms of country 

and host rocks. 

- Tectonic setting. 

A. The Intrinsic properties 
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The physical properties can be identified by geophysical 

exploration techniques. We use instruments whose function is 

to measure spatial changes in the physical properties of rocks 

and to relate those measurements to rock properties such as 

density, elastic constants, magnetic properties, and electric 

properties. This subsequently involves the drawing of 

deductions about the rock types and their geological 

configurations. 

The deposit chemical properties, represented by exploration 

geochemistry, concentrate particularly on the abundance, 

distribution, and migration of elements closely associated 

with ore. 

B. Spatial Relations 

The tectonic setting in which a particular suite of rocks 

exists, can be defined as the location, relative to major 

features of the crust, within which the rocks including 

associated economic minerals of similar age were deposited, 

intruded, or less commomly formed as a result of deformation 
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and metamorphism. Crustal features usually have a 

morphological expression affecting sedimentation or erosion 

and reflect variations in the nature, thickness or temperature 

of crust or upper mantle materials which may result in 

magmatism. The life of any particular tectonic setting may be 

no longer than the period of formation of the rocks which 

define it, in some cases only a few million years or less, and 

therefore represents the tectonic setting in which they were 

formed. 

The main aims of relating the environment of formation of 

mineral deposits to tectonic settings are to obtain an 

indication of the mineral potential of rocks formed in various 

settings and of the preferred locations for mineralization. 

The exploration for a certain type of mineral deposi t 

reduces practically to. a sequential integration of the 

available intrinsic properties and their spatial relation to 

a specific mineral deposit model. 

5.2 Fuzzy Integral 

The concept of fuzzy sets suggested by Zadeh (1965) involves 

a mathematical expression of sets without precise boundaries 

and has been applied to various problems in engineering. A 

fuzzy set A on X is characterized by assigning the grade of 

belonging to A to each element x in X. 
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Sugeno ( 1974) introduced the concept of fuz zy measures: 

another mathematical expression of fuzziness in contrast to 

fuzzy sets. A fuzzy measure on X is characterized by assigning 

the grade of certainty that x € A to each subset A of X, where 

x is an unknown element of X. Fuzzy measures are set functions 

with monotonicity which are not necessarily additive. These 

are more flexible than probability measures and applicable in 

ambiguous circumstances. Sugeno (1974) fUrther introduced the 

fuzzy integral which is an integral with respect to fuzzy 

measures. 

Fuzzy integrals are functionally defined by using fuzzy 

measures, which correspond to probability expectations (Sugeno 

1974 and Weber 1984). 

Definition 1: 

Let g:Q~[O,l] (a fuzzy measure) be a set function on Q which 

has the following properties: 

1) g(0)=O, g(x)=l 

2) If A c B, then g(A) ~ g(B). 

3) If Ai€Q and l~i~oo is an increasing sequence of measurable 

sets, then 

limi~m g(Ai ) = g(limi~m Ai). 

A triplet (X,Q,g) is called a fuzzy measure space, and g is 

called a fuzzy measure of (X,Q). 
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Definition 2: 

Let (X,Q) be a measurable space and let h:X ~[0,1] be a Q

measurable function. The fuzzy integral over A e Q of a 

function h(x) with respect to a fuzzy measure g is defined as 

follows: 

where 

Fa = {x: h(x)~a}. 

Let h(x)e [0,1] denote the decision for the mineralization 

evidence when the information source x e X is considered and 

let g({x}) denote the degree of importance of this source. 

Supposing that the deposit is evaluated using different 

exploration information A~x, it is reasonable to consider a 

quality 

w(A) =~~~h(X) ••••••• (2) 

as the best decision that the deposit provides and g(A) 
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expresses the grade of importance of this subset of 

information sources. The value obtained from comparing these 

two quantities in terms of the min operator is interpreted as 

the grade of agreement between real possibilities, h(x), and 

the expectations,g. 

5.3 The calculation of the fuzzy integral: 

Let x={xl'x2' ...... ,Xn} be a finite set and let h:X~[O,l] be 

a function. Suppose h(xl)~ ...... ~h(xn). Then a fuzzy integral, 

e, with respect to a fuzzy measure g over x can be computed by 

n 
e=~ax[min(h(xJ ,g(Ai »] ••••••• (3) 

~=1 

where Ai = {Xl' ....... ,xd, g is a gA-fuzzy measure. The values 

of g(Ai ) can be determined recursively as 

where 

n 

A+1=IT (l+Ag i ) •....... (6) 
i=l 



117 

5.4 Geologic Evidence Accumulation Using The Fuzzy Integral: 

The idea of representing a decision in pattern recognition 

for mineral exploration is not new. A decision can be 

expressed as an aggregation of sets of evidence that supports 

or rejects that decision. Bayesian reasoning, the Dempster

Shafer structure and fuzzy logic (Tou T.J. et al.1981, Shafer 

G.A. 1976, Zadeh L.A.1978 and Shortlife E.H. 1976), methods 

have been used for evidence accumulation produced by multiple 

information sources. Hossein,et.al., (1990), introduced a new 

evidence fusion technique, based on the notion of the fuzzy 

integral for computer vision applications. The fuzzy integral 

differs from the above paradigms in that both objective 

evidence supplied by various sources and the expected worth of 

subsets of these sources are considered in the fusion process. 

The fuzzy integral is a nonlinear functional that is defined 

with respect to a fuzzy measure. The fuzzy integral combines 

objective evidence for a hypothesis with the system's 

expectation of the importance of that evidence to the 

hypothesis. 

In the next few paragraphs, the design and implementation of 

an object recognition system using the fuzzy integral is 

explained. An exploration decision or a hypothesis for a 

higher level of mineral deposit recognition can be considered 

as the system output. 
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Figure 5. 1 The spatial evidence accumulation using fuzzy integral shows the fusion 
of the deposit evidences and the reference map to produce the accumulated evidence 
layer. 
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In this study the deposit intrinsic properties are 

represented as a vector in an n dimensional Euclidean space, 

where each component of this vector is a geologic feature that 

can be calculated from the different exploration data for the 

area of interest, e. g. , densities of lineaments intersections, 

rock association ranks, geochemical anomalies and many others. 

In mineral exploration, in most cases, no single geologic 

feature is sufficient to identify the mineral occurrences and 

to recommend drilling sites. There is always an uncertainty 

inherent in the recognition problem. Instead, each geologic 

feature or group of features can be considered as evidence in 

the identification of a certain mineral deposit. Each of the 

extracted geologic features would have a degree of importance 

in the deposit delineation. For example, consider the 

identification of hydrothermal deposits by using densities of 

lineament intersections associated with hydrothermal 

alterations or rock associations as a means of deposit 

recognition. Certainly, the feature sets xl ={density of 

lineament intersections}, x 2 ={hydrothermal alteration}, x3= 

{rock association}, x4 ={density of lineament intersections, 

hydrothermal alteration}, and Xs ={density of lineament 

intersections, hydrothermal alteration, rock association} have 

different degrees of importance in the recognition of the ore 

deposi ts. Moreover, the importance of Xs is not necessarily a 
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simple sum of the independent levels of importance of xl' x2 

and x 3 • 

In the case of fuzzy algorithms, the result of the 

identification is a number in the closed interval [0,1]. For 

nonfuzzy algorithms, however, the result of the identification 

is either ° or 1. In the case of the Bayes classifier, the a 

posterior generated by this algorithm can be taken as a degree 

of identification. Then these numbers are considered as 

partial evaluations of the deposits. Each of these evaluations 

may support or contradict one another. Let T ={t l ' ....• ,tm} 

be a set of classes of extracted geologic features. Let A be 

a level of certain features in the scene. Is level A in class 

ti for 1 ~ i ~ n ? That is, with the given evidence, what is 

our belief that level A is in class ti ? 

Formally, let T, as defined before, be the set of classes of 

extracted geologic features. Note that each ti may, in fact, 

be set of classes by itself. Let X ={xl ,x2 , ••• , xn } be a set 

of groups of features or algorithms for the recognition of a 

particular class, t i , 1 ~ i ~ n. 

Let A be the level under consideration for mineral deposit 

recognition. Let hk:X ->[0,1] be the partial evaluation of the 

level A for class tk and ° implies absolute certainty that the 

level A is not in t k • Now, corresponding to each xi' the 

degree of importance, gi how important xi is in the 

recognition of the class t k) must be given. These densities 
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are practically the pixel values in each extracted features of 

the classes in set T. 

The gils define the fuzzy density mapping. Hence A can be 

calculated using equation 6 and the gA-fuzzy measure, g, can 

be constructed. Now, using equation 3 and equation 5, the 

fuzzy integral can be calculated. For our pixel by pixel 

raster based application, the following algorithm is used for 

classification level integration or fusion. 

BEGIN Deposit evidence accumulation 

Do for each pixel coordinate tk 

Do for each intrinsic property source 

determine gk({k}) 

END Do 

calculate Ak from (equation 6) 

compute fuzzy integral from (equation 3 and 5) 

END Do 

END deposit evidence accumulation. 

The fuzzy integral as calculated above would normally be 

considered as a partial evaluation for a next higher level of 

recognition. 
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5.5 Brief Example 

The fuzzy integral ,as described above, is interpreted as 

searching for the maximal grade of agreement between the 

objective evidence and the expectation. The expectations, 

g(Ai ), can be represented by the measured mineralization 

evidences, using various types of exploration techniques. The 

same extracted features processed in the previous chapters 

have been used in information fusion by the fuzzy integral. 

The objective evidence, h(xi), is the objective partial 

evaluation for deposit favorability of the area of interest. 

The density of lineaments intersections has been arbitrarily 

selected as the reference map to symbolize the partial 

evaluation h(xi) for deposits favorabilities in the Tombstone 

mineral district. 

Figures 5.1, 

integration of 

5 . 2 and 5. 3 show a step by step evidence 

the lithologic, zoning and geochemical 

information using the density of lineament intersections as 

our reference map. 

In figure 5.2 the integrated result shows three high 

anomalous values. The integration of results from the previous 

fusion with geochemical information ( shown in figure 5.3) 

upgrades the Uncle Sam Hill anomaly without disturbing the 

previously integrated results over the mineral district. 
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Figure 5.2 The fuzzy integral of the lithologic and zoning information in the Tombstone 
mineral district using the density of lineament intersections as the reference map. 

o Tombstone 

~-,,--,,' "", t 
Figure 5.3 The fuzzy integral of the previously integrated result 1 and the geochemical 
information using the density oflineaments intersections as the reference map. 

o Tombstone 
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This study shows various tools for geologic features 

extraction and integration. The independent pixel by pixel 

image analysis and layer manipulation are demonstrated by 

using the Tombstone mineral district as a case study. 

Tombstone geology, data availability and Hi res description 

will be discussed in the following sections. 

6.1 The lithologic variation in Tombstone mineral district 

Rocks of the Tombstone mining district consist of schist, 

granite, limestone, dolomite, shale, sandstone and 

conglomerate of Precambrian through Mesozoic age, and younger 

granodiorite, tuff, rhyolite sills, plugs and dikes, andesite 

dikes, valley fill and a basalt plug. 

Precambrian rocks, Pinal Schist and Grani'ce, are exposed in 

a north-south elongated window in younger sediments and 

volcanic rocks in the south-central part of the district. 

overlying Precambrian rocks are 135 m of Cambrian Bolsa 
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Quartzite, and 260 m of Cambrian Abrigo Limestone. Devonian 

Martin Limestone, 70 m of alternating limestone and shale, 

unconformably overlies the Abrogo Limestone. The Mississippian 

is represented by 240 m of Escabrosa Limestone and dolomite. 

The Pennsylvanian-Permian Naco Group is well exposed in the 

Tombstone Hills. Unconformably above the Naco Group is the 

Cretaceous Bisbee Formation. 

The formation exposed at Tombstone is a faulted and 

metamorphosed sequence of sandstone, shale and limestone that 

is 940 m thick. Of considerable importance as far as mineral 

deposition is concerned is the lower 39 m of the formation, 

which consists of the "Novaculite" unit which contains 18 m of 

basal shale and limy sandstone with localized limestone 

conglomerate, the "Blue limestone" which is 10 m thick, 7 m 

shale and a 3 m thick bed of limestone. 

Late Cretaceous igneous rocks, the Scheiffelin granodiorite 

and the Uncle Sam quartz lati te tuffs are exposed in the 

western and southern part of the district, and dikes of 

granodiorite are found throughout its central part. 

Newell (1974) describes the Uncle Sam quartz latite tuff as 

a hydrocrystalline rock that is slightly welded and contains 

ash-phenoclasts that are embayed and set in a devitrified 

matrix. 

The granodiorite and tuffs are cut by dikes of hornblende 

andesite that are bluish gray to light olive-gray in color. 
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they consist of medium to coarse-grained hornblende 

phenocrysts and fine-grained plagioclase in a microcrystalline 

groundmass (Newell,1974). 

The youngest rock in the area is a basalt plug which 

intrudes the Gila Conglomerate on the east side of Walnut 

Gulch, north of the central part of the district. 

Four groups of deposits classified on a structural basis are 

recognized in the Tombstone district ( Butter, B.S. & Wilson, 

E.D. 1938): 

1) Those associated with dike fissures trending north; 

2) Those associated with faults; 

3) Those in anticlines and "rolls"; and 

4) Those with no obvious control other than fissures 

trending northeast. 

Linear features at Tombstone are useful in defining the 

above mentioned target areas of local settings in which ore 

bodies may be concentrated and which merit more detailed study 

in the field. 

The hornfelsic shales played a dual role; they fractured 

well, thus providing excellent, confined channel ways for 

ascending mineralizing solutions; and, because they were 

unshattered and competent except in the immediate vicinity of 

the fissure veins, they formed impermeable caps under which 

the solutions could spread and replace favorable limestone 

horizons. 
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The most favorable loci for ore deposition were where a 

northeast fissure vein, dike or premineral fault cut a 

favorable horizon that had been folded by one of the west

northwest trending anticlinal flexures. In most cases, the 

"10-foot" and "Blue" limestone were capped and bottomed by 

impermeable hornfesic shales, which made them the most 

receptive hosts in the district. 

6.2 Data Availability 

The geologic map, aeromagnetic map and geochemical 

distribution of Mo, eu, Zn and Ag formed the available data 

for Tombstone district. Density of lineament intersections, 

detected zoning and the processed lithologic map are 

additional information produced in this study from the 

multispectral images. 

The geologic map is discussed in the previous section. The 

distribution patterns of molybdenum, copper, zinc and silver 

in mesquite trees in the Tombstone district is shown in figure 

(6.1b & 6.1c). The mobility of these elements show slight 

deviation in the general trends. Three distinctive geochemical 

highs can be seen at Uncle Sam Hill, Tombstone Mine, and the 

northwestern part of the sampled area, as shown in figure 

6.1c. 

Geochemical exploration data cover the eastern half the 

selected study area. The geochemical anomalies correspond 
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relatively well with the highest density of lineament 

intersections, in the eastern part of the district. 

6.3 HI RES: A Highly Integrated Raster-Based Exploration 

System 

Hi res is a prototype microcomputer based exploration 

system for digital geologic data. For now it is partially 

developed under the Windows 3.0 (TM) environment using 

KnowledgePro (TM) language. The major basic programs are 

written in C computer language (see appendix A-D). 

Windows is a graphical user interface designed to streamline 

tasks and make the geologists time at the computer more 

productive. Instead of the standard Dos prompt (C:», Windows 

presents a well organized and easy-to-use interface, as shown 

in Figures 6.2 to 6.17. Many task are performed by simply 

clicking on graphics icons with a mouse rather than typing 

long complicated commands. 

Windows, as its name implies, presents applications and 

information in windows. They can overlap one another or be 

resized and placed side-by-side, thus making it easy to work 

with two or more applications or images at once. When a window 

is not in use , it can be reduced to an icon that is placed at 

the bottom of the windows screen. Window icons can be restored 

to full size by double-clicking on them with the mouse. 

When Hi res is started, it opens into a separate window to 
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Figure 6.2 The starting banner to introduce the system. 

Figure 6.3 This banner is the working area. Each framed item is a hot spot to open 
a child window and proceed the search with the selection options. 
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introduce the system (fig. 6.2). If the user system has enough 

memory, several maps and processed images can be used as one 

works on a project. The top window is usually the active 

window, but the user can switch to any other window for image 

and map comparison by clicking on it with the mouse. 

KnowledgePro Windows (TM) is the tool used for developing 

Hi res runtime window application version. Any world, phrase, 

hot spot in an image or screen object can be linked to a 

knowledgePro Topic. It was relatively simple to integrate the 

functions of the main programs in the current study into one 

easy-to-use window application 

Hi_res begins with a careful examination of multispectral 

images, aerial photographs, geological maps, old mine records, 

existing geophysical and geochemical data, etc. In this study 

several specialized methods are designed to fit the main 

concepts of mineral exploration to optimize mineral occurrence 

detection certainty and to minimize exploration risk. 

The main exploration approach of Hi_res is represented by 

two major tree-structured levels for data processing, 

exploration and evidence accumulation. The variable methods of 

exploration are represented by exploration stages ( e. g. , 

multispectral analysis, geochemical exploration, geophysical 

exploration .•... etc.). Each exploration stage is performed by 

a different processing strategy. These strategies are tools to 

be used for mineralization intrinsic properties detection 
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( e. g., segmentation, lineaments and zoning detection). In 

evidence accumulation the fuzzy integral is used for 

information integration. 

The main working area in Hi res is designed as an 

exploration methods flow chart to guide the processing steps 

(Fig. 6.3). Each framed item of the working area is a hyper

region. It leads to a menu driven child window to introduce 

feature extraction or integration. 

Lithologic identification, lineament extraction and zoning 

detection are the available tools under topic multi-feature 

extraction. Geochemistry is the only accessible exploration 

tool subordinate to "other exploration methods" item. Any of 

the above mentioned exploration methods will detect a 

different intrinsic property for the deposit of interest. This 

deposit property information will be integrated under the 

evidence accumulation item. 

Under Segmentation and Classification (Fig. 6.4), we have 

three main selections Gabor filtering, lithologic 

identification and favorability calculation. 

Image segmentation can be done by many subjective and 

objective, supervised and unsupervised ways. Gabor transform 

has been selected for this study because of its obvious 

characteristics and performance in texture discrimination. The 

image used in this process is the first principle component 

from the seven spectral thematic mapper bands for better 
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Figure 6.S To edit the Gabor function information about eight file names, size, 
standard deviation and frequency are needed. 
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textural representation. By selecting the function editing 

(Fig.6.4 and 6.5), the user can design his or her own Gabor 

function to fit the texture component units in the area of 

interest. As mentioned before in this study (Chapter 2), eight 

9 by 9 Gabor functions have been calculated for 0,90,45 and 

135 degrees, with frequency 0.4 and phases 0 & 180 radians, to 

nearly fit the average texton texture size in the study area. 

The user can use these parameters under the default selection. 

(Fig.6.6 ). In addition, other image segmentation approaches 

can be added. 

Li thologic identification is the next expected step in 

Hi res after image segmentation. The user can either select 

spectral or both spectral and textural information. For these 

processes Hi_res needs the input spectral bands of the image 

file and the guide image. The guide image is preferred to be 

the segmentation output image. By using the mouse and pointing 

to an area that represents the whole segment, Hi res will 

collect information throughout the seven bands and send it to 

the local knowledge base for lithologic identification. The 

knowledge base is built using the spectral and textural 

libraries as mentioned in chapter two. 

The distinguished lithologies and their precision are a 

function of the segmentation quality and the degree of belief 

in the selected samples (training sites). An example of this 

process shown in figure 6.7 and 6.8. 
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Figure 6.6 In the Gabor processing the user will first edit the input and output 
files information. The default choice will process the image using the parameters 
employed in this study . 
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Figure 6.7 Lithologic identification methods options menu. 
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Figure 6.8 For lithologic identification the infonnation about the seven spectral 
bands and the guide image to be used for sampling are required . 
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Figure 6.9 Favorability calculation options menu. 
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The raster-based expert systems are useful for rock 

association classification, ranking, searching and delineation 

of the mineral deposit types. The 2-D raster-based expert 

system easily deals with single multi-feature layers (Fig. 

6.9), but the multi-layer adaptive raster-based expert system 

can handle more than one single feature layer (Fig.4.2). The 

knowledge base designed by the user will direct the main use 

of these systems. 

For a structurally controlled type of mineralization 2-axial 

and 2-diagonal lineament directions and their combinations can 

be selected to fit the user exploration strategy (Fig.6.10, 

6. 11 and 6. 12). The threshold is essential to eliminate 

unlikely candidate points (Fig. 6.13). Valley or ridge walls 

detection and their intersections have proven to be useful 

tools for hydrothermal mineralization types (Fig. 3.3). Figure 

3.8 is an example demonstrating the capability of this 

application for the direct mineralization possibilities 

delineation. 

As mentioned before in chapter 2, zoning detection operates 

through a series of expanding windows. This detector is able 

to observe circular arrangements of distinctive lithologic 

varieties. As shown in figure 6.14 the user should define in 

pixels the minimum and maximum zoning sizes and the expected 

zone width and numbers. The careful selection of these 

parameters will greatly help in capturing more efficient 
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Figure 6.10 The ridge detection option menu. 
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Figure 6.11 The valley detection options menu. 
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Figure 6.12 The valley and ridge intersections options menu . 
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Figure 6.13 The processing of ridge and valley detection and their intersections require 
information about and output files, number of columns and rows. The threshold value is 
important for lineament density tuning. 
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zoning information. The half-circular structure of the 

Tombstone district, shown in figure 2.20g, has been used to 

test the zoning detector (Fig.2.20c, d, e, f, 2.22 and 6.15). 

Hi res is capable of integrating from a variety of mineral 

exploration sources. The fuzzy integral method of evidence 

fusion is used. This non- linearly combines objective mineral 

intrinsic properties and occurrence evidence, in the form of 

a fuzzy membership function, with a subjective evaluation of 

the worth of the sources with respect to the decision. This 

application needs a references layer to guide the algorithm 

toward more efficient mineral exploration. That will provide 

flexibility for either subjective or objective prior 

exploration information. In this version the information 

integration is performed by two geologic features in each 

step. In this study the density of lineament intersections is 

used as the reference layer. Figures 5.2 and 5.3 show a step 

by step information integration for the lithologic 

association, detected zoning and integrated geochemical 

distribution in the Tombstone mineral district. 
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Figure 6.15 detection processing require beside the file information, The 
window search size range, expected zone width and number. 
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This research has resulted in the development of six new 

original techniques for geologic feature extraction and 

integration. These six techniques (image segmentation using 

Gabor filters, zoning detector, lineaments classifier, two 

raster based expert system types and spatial integration using 

fuzzy integrals) have been embedded into an interactive 

exploration software system (Hi_res) designed to contribute to 

improving mineral exploration procedures. The application of 

Hi res to the Tombstone mining district demonstrates that the 

system is both flexible and fruitful. 

Hi res I main goals concentrate on data management 

enhancement and analysis optimization of various spatial 

information types to help minimize exploration cost. It is 

designed to extract the most effective exploration geologic 

features in the same reasoning hierarchy used by an 

experienced exploration geologist. This is accomplished using 

algorithmic operators (feature detectors) and expert systems. 

At this development stage of Hi_res, the main concern was 

getting the best possible exploration results from the 

relatively inexpensive multispectral images. 
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The use of 9x9 Gabor filters instead of 65x65 (used by 

Turner 1986), and principal component analysis show good 

performance in texture discrimination. Hi res results 

correlate relatively well with geophysical and geochemical 

residuals in the area as shown in figure 2.19a. 

The ridge and valley operators produce precise detection of 

lineaments along any direction. To search for locations of the 

highest intensity of hydrothermal alterations associated with 

specific directions of fractured zones, a logic operator is 

designed to detect local high luminance intersections. 

The zoning detector can recognize any partially developed 

geologic circular features such as caldera structures. This 

operator is capable of detecting other zoning types as well, 

such as alteration associated with porphyry copper or ring 

complexes. 

Two different raster-based expert systems help optimize 

pixel by pixel knowledge extraction and representation over 

the spatial geologic information and throughout the different 

extracted feature layers. The two-dimensional expert system 

can be used for rock association classification, ranking 

searching and delineation of the different ore deposit types. 

The multi-layer adaptive raster-based expert system allows the 

processing of more than one geologic feature in a highly 

adaptive way and illuminates the differences and relative 

dependence among the main pattern vector components. So, each 
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set of pattern vector components will be treated linearly or 

non-linearly according to the current mathematical relation 

among the patterns in the vector components. These pixel by 

pixel data manipulations gi ve us the opportuni ty to deal 

precisely with any pattern variations throughout the 

integrated set of features down to the smallest unit in the 

presented geologic features. 

The proposed system showed its capability of integrating 

information from the available varieties of exploration 

sources using the fuzzy integral method of evidence fusion. 

This non-linearly combines objective mineral occurrence 

evidence, in the form of a fuzzy membership function, with 

subjective evaluation of the worth of the sources with 

respect to the decision. 

Hi_res improvement and Expansion 

The main concern of this study was building the fundamental 

core units of the exploration system. Hi_res is composed of 

independent specialized modules to allow flexible, 

continuous, and dynamic improvements and expansions. 

The following few paragraphs will represent some recommended 

improvements and expansions for versions of Hi res. 

1. For a higher speed and more user friendly system,Hi_res 

should be totally under the windows environments. 
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2. A set of utility modules should be written for: 

a. Images and maps format conversion. 

b. Neural network learning and applications. 

c. Image processing, enhancement and classification. 

3. Experimentation is needed to determine the optimum 

choices for images to be segmented. The first principal 

component image chosen for the examples in this work 

proved to be a poor choice. 

4. Experimentation is needed to develope other segmentation 

algorithms. 

Hi_res is designed as an Exploration Working Bench (EWB), 

where various spatial and non-spatial geologic information 

analysis, integration, and decision making can be accomplished 

to cover most of the exploration methods. 

The current system needs to be expanded to cover the 

different exploration tools, strategies, and goals. The 

following are some proposed modules that could be available in 

future versions. 

1. Geophysical processing modules to prepare data for 

geophysical feature extraction. 

2. Additional exploration strategies with exploration 

goals, for example: 

a. Basin analysis for hydrocarbon exploration. 

b. Environmental hazards detection. 
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3. Sequential decision theory module linked with an expert 

system for a serial priority selection of exploration 

methods, and for identification of the optimal 

exploration stage to begin drilling. That decision can 

be greatly supported by using a knowledge based system 

for sequential selection of exploration tools according 

to the degree of importance for certain mineral 

deposits. 

4. Resource assessment modules. 

5. Knowledge based system modules for mineral 

exploration, basin analysis and environment hazards 

detection to help the user define the structure of this 

problem and recommended a suitable strategy. 

6. The ultimate goal of this system is to let it learn 

from each exploration case and add information to it

self. That, for example, will help detect new mineral 

deposits and add that knowledge to the knowledge base. 
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APPENDIX A 



A-l The valley operator 

#include <stdio.h> 
#include "nr.h" 
#include "nrutill.c" 
#include <stdlib.h> 
#include <graph.h> 

#define NP 326 
#define MP 620 

main(int argc,char *argv[]) 
{ 

int x,y,m,n,l,f,I,J,cl,c2,Cl,C2,Kl,K2i 

float al,a2,a3,a4,a5,a6,a7,a8,a9,bl,b2,b3,b4i 
float alO,all,a12,a13,a14,a15,a16,a17,a18,a19,a20i 
float b5,b6,b7,b8,b9,blO,bll,b12,b13,b14,b15,b16i 
float Tl i 

int result; 

int j,k; 
int **im; 
FILE *fp,*out; 
if(argc<6) 

printf(II\nUsage: valley <input file> <output file> 
<# rows> <# col> <Threshold>II); 

else 
{ 
out= fopen (argv [2] , "W" ) ; 
fp= fopen(argv[1],"r"); 

/*{ for(y=l;y<=NPiY++) 
{for(x=lix<=NP;x++) 

{ fscanf ( fp, II %d II , &a [y] [x] ) ; 
printf ("%d ", a[y] [X]); 
fprintf (fg, II %d\n ", a [y] [x] ) ; } 
} 
printf("\n"); 

} */ 

/* printf(II\nNumber of rows? : ")i 

*/ 

scanf ("%d", &J); 
printf(II\nNumber of columns? : "); 
scanf("%d",&I)i 
printf(II\nWhat is your threshold value? "); 
scanf("%f",&T1)i 
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J=atoi(argv[3]); 
I=atoi(argv[4]); 
T1=atoi(argv[5]); 

irn=Crnatrix(l,NP,l,MP); 
/* Read the irnage file */ 
for (y=l; y<=J; y++) 
{ for (x=l;x<=IiX++){ fscanf(fp,"%d",&irn[y][x»; 

/* printf ("%d", irn[y] [x] ); * / } 
/* printf("\n");*/} 
/* printf("\n");*/ 

printf("The program is working •••••••••••• "); 
c1=I-4; c2=J-4; 
C1=(c2+1)/2; C2=(c1+1)/2; 
K1= 160-C1; K2=100-C2; 

for(f=lif<=c2if++) 
{for(1=1;1<=c1il++) 

{ 
for (rn=f; rn<=4+f;m++) 

{for (n=l; n<=4+1;n++) 
irn [ rn] [n] ; 

} 
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/* printf( "first row %f, %f, %f, %f, %f \n", irn[rn-5] [n-5], 
irn[rn-5][n-4], irn[rn-5] [n-3],irn[rn-5] [n-2],irn[rn-5] [ n-1])i 

printf("second row %f,%f,%f,%f,%f\n",irn[rn-4][n-5], 
irn[rn-4] [n-4], irn[rn-4][n-3],irn[rn-4][n-2],irn[rn-4][n-1]); 

printf ( "third row %f, %f, %f, %f, %f\n" , irn[rn-3 ] [n-5 ] , 
irn[rn-3] [n-4],irn[rn-3] [n-3],irn[rn-3] [n-2],irn[rn-3] [n-1]); 

printf ( "forth row %f, %f, %f, %f, %f\n" , irn[ rn-2] [n-5 ] , 
im[rn-2] [n-4],irn[rn-2] [n-3],irn[rn-2] [n-2],irn[rn-2] [n-1]); 

printf ( "fifth row %f, %f, %f, %f, %f\n" , irn[rn-1] [n-5] , 
irn[m-1] [n-4],irn[rn-1] [n-3],irn[rn-1] [n-2],irn[rn-1] [n-1]); */ 

/* Begin gradient calculation */ 

a1= irn[rn-4] [n-5]+irn[rn-3] [n-5]+irn[rn-2] [n-5]; 
a2= irn[rn-4] [n-4]+irn[m-3] [n-4]+irn[rn-2] [n-4]; 
a3= irn[rn-4] [n-3]+irn[rn-3] [n-3]+irn[rn-2] [n-3]; 
a4= irn[rn-4] [n-2]+irn[rn-3] [n-2]+irn[rn-2] [n-2]; 
a5= irn[rn-4] [n-1]+irn[rn-3] [n-1]+irn[rn-2] [n-1]; 
a6= irn[rn-1] [n-4]+irn[m-1] [n-3]+irn[rn-1] [n-2]; 
a7= irn[rn-2] [n-4]+im[rn-2] [n-3]+irn[rn-2] [n-2]; 
a8= irn[rn-3] [n-4]+irn[rn-3] [n-3]+irn[rn-3] [n-2]; 
a9= irn[rn-4] [n-4]+irn[m-4] [n-3]+irn[rn-4] [n-2]; 
a10=irn[rn-5] [n-4]+irn[rn-5] [n-3]+irn[rn-5] [n-2]; 
a11=irn[rn-5] [n-3]+irn[rn-4] [n-4]+irn[rn-3] [n-5]; 
a12=irn[rn-5] [n-2]+irn[rn-4] [n-3]+irn[rn-3] [n-4]; 
a13=irn[rn-4] [n-2]+irn[rn-3] [n-3]+irn[rn-2] [n-4]; 
a14=irn[rn-4] [n-1]+irn[rn-3] [n-2]+irn[rn-2] [n-3]; 
a15=irn[rn-3] [n-1]+irn[rn-2] [n-2]+irn[rn-1] [n-3]; 
a16=irn[rn-3] [n-5]+irn[rn-2] [n-4]+irn[rn-1] [n-3]; 



a17=im[m-4] [n-5]+im[m-3] [n-4]+im[m-2] [n-3]; 
a18=im[m-4] [n-4]+im[m-3] [n-3]+im[m-2] [n-2]; 
a19=im[m-5] [n-4]+im[m-4] [n-3]+im[m-3] [n-2]; 
a20=im[m-5][n-3]+im[m-4][n-2]+im[m-3][n-1]; 
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/* printf(lIa1= %f,a2= %f,a3= %f,a4= %f,a5= 
%f,\n",a1,a2,a3,a4,a5); 

printf(lIa6= %f,a7= %f,a8= %f,a9= %f.\n",a6,a7,a8,a9); */ 

b1 = (a1+a5) - (2*a3); 
b2 = (a2+a4)-(2*a3); 
b3 = (a1+a3) -(2*a2); 
b4 = (a3+a5) -(2*a4); 

b5 = (a6+a10)-(2*a8); 
b6 = (a7+a9)-(2*a8); 
b7 = (a8+a10)-(2*a9); 
b8 = (a6+a8)- (2*a7); 

b9 = (a11+a15)-(2*a13); 
b10 =(a12+a14)-(2*a13); 
b11 =(a11+a13)-(2*a12); 
b12 =(a13+a15)-(2*a14); 

b13 =(a16+a20)-(2*a18); 
b14 =(a17+a19)-(2*a18); 
b15 =(a18+a20)-(2*a19); 
b16 =(a16+a18)-(2*a17); 

/* Binary decision for the presence or absence of the 
luminance minima */ 

if( «b1>T1)&&(b2>b3)&&(b2>b4» II «b5>T1)&&(b6>b7)&&(b6>b8» II 

( (b9>T1) && (b10>b11) && (b10>b12) ) I I ( (b13>T1) && (b14>b15) && (b14> 
b16) ) ) 

result = 1; 
else result =0; 

fprintf(out,"%d\n",result); 
} 

} 
fclose(fp); 
fclose(out); 
free_Cmatrix(im,l,NP,l,MP); 
} 

} 



A-2 Density of lineament intersection calculation 

#include <stdio.h> 
#include "nr.h" 
#include Inrutil1.c" 
#include <math.h> 
#include <stdlib.h> 
#define II 326 
#define JJ 620 
#define LL 100 
#define MM 100 

main(int argc, char *argv []) 
{ 
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int x, y, m, n, 1, f, k, g, d, e, c, s, r, t, w, M, L, 
I, J, r1, r2, e1, c2, ec1, rr1, a, DS, D; 

int **image; 

int I1,J1; 
div t resultr; 
div-t resultc; 
float ss,rr,T; 
int result; 
FILE *fr,*out; 

if(argc<8) 
printf(lI\n Usage: Density <INPUT FILE> <OUTPUT FILE> 

<#rows> <#col> <f#rows> <f#col> <desim>\n"); 
else 
{ 

image = Cmatrix(l,II,l,JJ); 
fr =fopen(argv[l],lr"); 
out=fopen ( argv [ 2] , "w" ) ; 

/* printf(lI\nNumber of rows in the image ?: "); 
scanf("%dl,&I); 
printf(lI\nNumber of columns in the image?: "); 
scanf ("%d", &J); 
printf("\nNumber of rows in the filter?: "); 
scanf ( "%d II , &L) ; 
printf(lI\nNumber of columns in the filter?: "); 
scanf ("%d", &M); 
printf(l\nDesimation?:"); 
scanf ("%d", &DS); * / 
I= atoi(argv[3]); 
J= atoi(argv[4]); 
L= atoi(argv[5]); 
M= atoi(argv[6]); 
DS=atoi(argv[7]); 



resultr=div(I,DS)i 
resultc=div(J,DS)i 
I1=(resultr.quot * DS)i 
/* printf("\nresult.quot=%d",I1)i */ 
J1=(resultc.quot * DS)i 
/* printf("\nresult.quot=%d",J1)i */ 
for (y=li y<=I1i y++) 
{ for (x=liX<=JiX++) 

{if(x<=J1) 
{fscanf(fr, "%d", &image[y] [x]) i 

/ * printf ( "%d ", image [y] [x] ) i * / 
} 

else 
{fscanf(fr,"%d",&D)i} 

} 
/* printf("\n")i*/ } 
/* printf("\n")i*/ 
printf("Program working .•••.••.. \n")i 

result=Oia=O; 
c1=L-1 i C2=M-1 i 
rl=Il-cli 
r2=J1-c2i 

for(f=lif<=r1if+=DS) 
{for(1=lil<=r2il+=DS) 

{for(c=Oic<Li C++) 
{for (S=OiS<MiS++) 
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{/* printf ("Moving window (%d, %d) \n" , f, 1) i * / 
for (m=c+fi m<=c+fim++) 

{for (n=s+li n<=s+lin++) 
image [ m] [n] i 

} 

if(image[m] [n]==l) a=a+1i 
ccl=(c2/2)+mi rrl=(cl/2)+n; 

} 
} 

result=ai 
/* 

fprintf(out,"%d\n%d\n%d\n",cc1,rrl,result)i*/ 
fprintf(out,"%d\n",result)i 

a=Oiresult=Oi 

} 

} 
} 

free Cmatrix(image,l,II,l,JJ)i 
fclose(fr)i 
fclose(out)i 

/* printf("Filtering is done !!!\n"); */ 
exit(O)i 
} 



A-3 Zoning Detector 

/*Zonedc.c*/ 
#include <stdio.h> 
#include <stdlib.h> 
#include "nr.h" 
#include "nrutil1.c" 
#include <graph.h> 
#include <math.h> 
#define JJ 326 
#define II 620 

main(int argc, char *argv[]) 
{ 
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int **im; 
int *A; 
int *B; /* Vectors A,B,C & D are diagonal and axial 

samples in each window. */ 
int *C; 
int *D; 
int *X1,*X2; 
int *Y1,*Y2; 

int *Zl; int 
int *W1,*W2; 
int *E1,*E2; 
int *Fl,*F2; 

/* Vectors X,Y,Z & Ware classified 
vectors for A,B,C&D. */ 

*Z2; 

/* Vectors E,F,G & H frequency 
calculation for each class in vectors 
X,Y,Z & W. */ 

int *G1; int *G2; 
int *H1,*H2; 
int *A1,*A2; 
int *B1,*B2; 
int *C1,*C2; 
int *D1,*D2; 
intx,y,m,n,l,f,K1,c,K2,Mx,zone,center, size,P,maxiix, 

Ks1, Ks2, Kd1,Kd2; 
int CT,RT,T,X,Z,RR1,CC1,k,cc,s,I, J,i,ii,d,K, LL1,m1, 

m2, 01,02; 
FILE *fr,*out1, *out2; 

if(argc<10) 
printf("\n Usage: zoning <input file> <output 

file>"); 
else 



{ 

/* printf(lI\nNwnber of rows ?: "); 
scanf ("%d", &J); 
printf(lI\nNwnber of columns?: "); 
scanf("%dl ,&I); 
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printf(lI\nMinimum filter size? (Default 19X19): "); 
scanf(l%d",&Z); 

*/ 

printf("\nMaximum filter size? (Default 89X89): "); 
scanf ("%d", &X); 
printf("\nApproximate number of pixel width peril); 
printf("\nzone:"); 
scanf ("%d", &P); 
printf(lI\nExpected number of zones: II ); 

scanf ("%d", &Mx); 

fr =fopen(argv[l],lIrll); 
out1=fopen( argv[ 2], "W"); 
out2=fopen ( argv [ 3 ] , "W" ) ; 
J=atoi(argv[4]); 
I=atoi(argv[5]); 
Z=atoi(argv[6]); 
X=atoi(argv[7]); 
P=atoi(argv[8]); 
Mx=atoi(argv[9]); 
im=Cmatrix(l,JJ,l,II); 
A= ivector(l,X); 
B= ivector(l,X); 
C= ivector( 1,X); 
D= ivector(l,X); 
A1= ivector(l,Mx); 
A2= ivector(l,Mx); 
B1= ivector(l,Mx); 
B2= ivector(l,Mx); 
C1= ivector(l,Mx); 
C2= ivector(l,Mx); 
D1= ivector(l,Mx); 
D2= ivector(l,Mx); 
X1= ivector(l,Mx); 
X2= ivector(l,Mx); 
Y1= ivector(l,Mx); 
Y2= ivector(l,Mx); 
Zl= ivector(l,Mx); 
Z2= ivector(l,Mx); 
W1= ivector(l,Mx); 
W2= ivector(l,Mx); 
F1= ivector(l,Mx); 
F2= ivector(l,Mx); 
G1= ivector(l,Mx); 



G2= ivector(l,MX); 
E1= ivector(l,Mx); 
E2= ivector(l,Mx); 
H1= ivector(l,Mx); 
H2= ivector(l,Mx); 
for (y=l; y<=J; y++) 
{ for (x=l;x<=I;x++){ fscanf(fr,"%d",&im[y][x]); 

/* printf ("%d", im[y] [x] ); * / } 
/* printf("\n");*/} 
/* printf("\n");*/ 

printf(IIThe program is working ..•••...•.•• "); 
{ for (T=Z;T<=X;T+=2) 
{ RR1=(T-1)/2; 

CC1=(T-1)/2; 
RT=J-RR1; 
CT=I-CC1; 
K=T-1; 

{for(f=l;f<RT;f++) 
{ KS1=f;Kd1=f+Ki 

{for(l=l;l<CT;l++) 
{ Ks2=1;Kd2=1+K; 

{for(cc=O;cc<=K;cc++) 
{for(s=O;s<=K;s++) 
{for (m=cc+f; m<=cc+f;m++) 

{for (n=s+l; n<=s+l;n++) 
im[m] [n]; 
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/ * pr in t f ( II \ n ( % d, % d, % d) " , f , 1 , im [ m] [n] ) ; 
printf(II\nm=%d ,n=%d ,cc=%d ,s=%d ",m,n,cc,s); */ 

/* printf ( "\nKs1=%d , Ks2=%d , Kd1=%d , Kd2=%d 
",Ks1,Ks2,Kd1,Kd2);*/ 

if(cc==s) 
A [ m ] = im [ m] [n] ; 

if(n==(Kd2 -(K/2» 
B [ m ] = im [ m] [n] ; 
if«cc+s)==K) 

C [ m ] = im [ m] [n] ; 
if(m==(Kd1-(K/2»)) 

D[n]=im[m] [n]; 
/* printf(II\nwindow(%d,%d)(%d,%d) 

K=%d",f,l,m,n,K);*/ 
} } 

} 
} 

{LL1=(T+P)/2; 
for(m1=1;m1<=LL1;m1++) 

{ /* printf(II\nF=%d ,1=%d ",f,l);*/ 

{ for(k=1;k<=LL1;k++) 
{if(A[ml]==X1[k]&&Xl[k+1]!=O) 



{ 

goto U1; 
if(X1[k]==A[m1] II X1[k]==O) 

{ X1[k]=A[m1]; 
E1[k]=E1[k]+1; 
goto U11; 

} } 
U1: 
01=02;} 

U11: 
printf("\nA[m1]=%d ",A[m1]); 

{ 
for(k=l;k<=Mx;k++) 

{if(B[m1]==Y1[k]&&Y1[k+1]!=O) 
goto U2; 
if(Y1[k]==B[m1] IIY1[k]==O) 

{ Y1[k]= B[m1]; 
F1[k]=F1[k]+1; 
goto U22; 

U2: 
01=02; } 
U22: 

} } 

printf("\nB[m1]=%d ",B[m1]); 

for(k=l;k<=Mx;k++) 
{if(C[m1]==Zl[k]&&Zl[k+1]!=O) 

goto U3; 
if(Zl[k]==C[m1] I I Zl[k]==O) 

{Zl[k]=C[m1]; 
G1[k]=G1[k]+1; 

{ 

} } 
U3: 
01=02; } 
U33: 

printf("\nC[m1]=%d ",C[m1]); 

for(k=l;k<=Mx;k++) 
{if(D[m1]==W1[k]&&W1[k+1]!=O) 

goto U4; 
if(W1[k]==D[m1] I I W1[k]==O) 

{W1[k]=D[m1]; 
H1[k] = H1[k]+1; 
goto U44; 

} } 
U4: 
01=02;} 
U44: 
printf("\nD[m1]=%d ",D[m1]); 
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} 

02=01; 
} 

{ 
for(m2=LL1;m2>=1;m2--) 
{ /* printf("\nF2=%d ,12=%d ",f,l); */ 

{ 
for(k=1;k<=Mx;k++) 

{ 

{if(A[m2]==X2[k]&&X2[k+1]!=0) 
goto V1; 
if(X2[k]==A[m2] IIX2[k]==0) 
{ X2[k]=A[m2]; 

E2[k]=E2[k]+1; 
goto V11; 

} } 
V1 : 
01=02;} 
V11: 

for(k=l;k<=Mx;k++) 
{if(B[m2]==Y2[k]&&Y2[k+1]!=0) 

goto V2i 
if(Y2[k]=B[m2] II Y2[k]==0) 

{ Y2[k]=B[m2]; 
F2[k]=F2[k]+1; 
goto V22; 

} } 
V2: 
01=02;} 

V22: 
{ 
for(k=1;k<=Mx;k++) 

{if(C[m2]==Z2[k]&&Z2[k+1]!=0) 
goto V3; 
if(Z2[k]==C[m2] II Z2[k]==0) 
{Z2[k]=C[m2]; 
G2[k]=G2[k]+1; 
goto V33; 

} } 
V3 : 
01=02;} 

V33: 
{ 

for(k=1;k<=Mx;k++) 
{if(D[m2]==W2[k]&&W2[k+1]!=0) 

goto V4; 
if (W2 [ k] ==D [m2] I I W2 [ k] ==0 ) 
{W2[k]=D[m2]; 
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} 

{ 

} 

H2[k]=H2[k]+li 
goto V44i 

} } 
V4 : 
01=02i} 
V44: 
02=02; 

for(i=l; i<=Mx;i++) 
{ if(E1[i]>=P) 

{for(ii=l;ii<=Mx;ii++) 
A1[ii]=X1[i]; 
{ if(i==Mx) 

{ maxiix=ii; 
goto xl;} 

} 
} 
xl: 

if(F1[i]>=P) 
{ for(ii=l;ii<=Mx;ii++) 

B1[ii]=Y1[i]; 
{if (i==Mx) 

{maxiix=max(maxiix,ii); 
goto x2;} 

} 
} 

x2: 

if(G1[i]>=P) 
{for(ii=l;ii<=Mx;ii++) 

C1[ii]=Zl[i]; 
{if(i==Mx) 
{maxiix=max(maxiix,ii); 
goto x3;} 

} 
} 
x3: 

if(H1[i]>=P) 
{for(ii=l;ii<=Mx;ii++) 

D1[ii]=W1[i]; 
{if(i==Mx) 

{maxiix=max(maxiix,ii); 
goto x4;} 

} 
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} 
x4: 

if(E2[i]>=P) 
{for(ii=liii<=Mxiii++) 
A2[ii]=X2[i]i 

{if(i==Mx) 
{maxiix=max(maxiix,ii)i 
goto x5i} 

} 
} 

x5: 
if(F2[i]>=P) 

{for(ii=liii<=Mxiii++) 
B2[ii]=Y2[i]i 
{if(i==Mx) 
{maxiix=max(maxiix,ii)i 

goto x6i} 
} 

} 
x6: 

if(G2[i]>=P) 
{for(ii=liii<=Mxiii++) 

C2[ii]=Z2[i]i 
{if(i==Mx) 

{maxiix=max(maxiix,ii)i 
goto x7i} 

} 
} 

x7 : 

{if(H2[i]>=P) 
{for(ii=liii<=Mxiii++) 

D2[ii]=W2[i]; 
if (i==MJr) 

{maxiix=max(maxiix,ii)i 
goto x8i} 

} 
x8: 
01=02i 
} 

} 

printf ( II \nmaxiix=%d II, maxiix) i 
zone=Oi 
{for(d=iid<=maxiixid++) 
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{ i f ( ( D 1 [ i ] = = D 2 [ i ] & & D 2 [ i ] = = B 2 [ i ] 
&&D2[i]!=O)1 I (B1[i]==D1[i]&&D1[i]==B2[i]&&D1[i]!=O» 

goto x10; 
if«D1[i]==D2[i]&&D2[i]==B1[i]&&D2[i]!=O) I I (B1[i]==D2[i]&& 
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D2[i]==B2[i]&&D2[i]!=O» 
got 0 x 1 0 ; 

if«C1[i]==A1[i]&&A1[i]==A2[i]&&A1[i]!=O)1 I (C1[i]==C2[i]&& 
C2[i]==A2[i]&&C2[i]!=O» 

goto x10; 
if«A1[i]==A2[i]&&[i]==C2[i]&&A2[i]!=O)1 I (A1[i]==C1[i]&& 
C1[i]==C2[i]&&C1[i]!=O» 

} 

x10: 
zone=zone+1; 

} 
if(zone>=3) 
{ /* fprintf(out1,"%d\n",zone);*/ 

printf ( "\nwindow center= %d, 
%d,\nNumber of zones = %d\n",f,l,zone); 

} 

} 
} 

} 

else 
fprintf(out1,"O\n"); 

} 

} 
} 

} 

free Cmatrix(im,l,JJ,l,II); 
free-ivector(A,l,X); 
free-ivector(B,l,X); 
free-ivector(C,l,X); 
free-ivector(D,l,X); 
free-ivector(A1,1,MX); 
free-ivector(A2,1,MX); 
free-ivector(B1,1,Mx); 
free-ivector(B2,1,MX); 
free-ivector(C1,1,MX); 
free-ivector(C2,1,MX); 
free-ivector(D1,1,MX); 
free-ivector(D2,1,MX); 
free-ivector(X1,1,Mx); 
free-ivector(X2,1,MX); 
free-ivector(Y1,1,MX); 
free-ivector(Y2,1,MX); 
free-ivector(Zl,l,MX); 
free-ivector(Z2,1,MX); 
free-ivector(W1,1,MX); 
free-ivector(W2,1,MX); 
free-ivector(Fl,l,MX); 
free-ivector(F2,1,MX); 
free=ivector(Gl,l,MX); 

window size= 



free ivector(G2,1,Mx); 
free-ivector(E1,1,MX); 
free-ivector(E2,1,Mx); 
free-ivector(H1,1,Mx); 
free-ivector(H2,1,Mx); 
fclose(fr); 
printf(lI\nFiltering is done •• !!\n ll ); 

fclose(out1);fclose(out2); 
exit(O); 

} 
} 
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APPENDIX B 



B-1 Gabor Function Calculation 

#include <stdio.h> 
#include <stdlib.h> 
#include <math.h> 
main(int argc, char *argv[]) 
{ 

float im; 
int x,y,I,J,P; 
float s,w,T,0,X,Y,r,Xl,Y1; 

FILE *fr; 
fr = fopen( argv[ 1] ,"W"); 
if(argc<2) 
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{ printf ( II * That program will calculate the gabor 
function\n"); 
printf ( II * The output file will be used as filter file in\n ") ; 
printf (" FILPROG. C for each different direction, 

frequency\n"); 
printf(1I and phase.\n ll ); 
printf(lI\nUsage: GABOR <output file>II);} 

else 
{ 
printf(lI\nNumber of rows? : "); 
scanf ( II %d II , &J) ; 
printf("\nNumber of columns? :11); 
scanf(lI%dll,&I); 
printf("\nStandard deviation? :11); 
scanf("%f",&s); 
printf("\nOrientation? : "); 
scanf ( "%f" ,&0) ; 
printf(lI\nFrequency? : "); 
scanf ("%f", &w); 
printf(lI\n Phase? : "); 
scanf ("%d", &P); 

r=P*O.0174532i 
T=0*O.0174532; 
X=(J+1)iY=(I+1)i 
X1=X/2i Y1=Y/2i 

for(x=lix<=J;x++) 
{ for(y=l;y<=IiY++) 

} 

{im=exp(-l*( «x-X1)*(x-X1) )+( (y-Y1)*(y-Y1» )/(2*s*s» i 
im *= sin(w*«x*cos(T»-(y*sin(T»)+r); 
printf("Pixel # x= %d, y= %d \nl,x,Y)iprintf("%f\n",im)i 
fprintf(fr,"%f\n",im)i} 

} 
fclose(fr)i 
exit(O); 
} 
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B-2 Filtering Program 
This program will allow up to 25X25 real number filter 
size . It is used to convolve the Gabor function. 

#include <stdio.h> 
#include "nr.h" 
#include "nrutil1.c" 
#include <math.h> 
#include <stdlib.h> 
#define II 326 
#define JJ 620 
#define LL 25 
#define MM 25 

main(int argc, char *argv []) 
{ 

/* int image[JJ][II]; */ 
/* float filter[LL] [MM]; */ 

intx,y,m,n,1,f,k,g,d,e,c,s,r,t,w,M,L,I,J,r1,r2 y c1,c2; 
int **image; 
float **filter; 
float final,ss,rr,T; 
float result; 
FILE *fr,*fg,*out; 

if(argc<4) 
printf("\nUsage : FILPROG <INPUT FILE> <FILTER FILE> 

<OUTPUT FILE>\n"); 
else 
{ 

image = Cmatrix(l,II,l,JJ); 
filter = matrix(l,LL,l,MM); 

fr =fopen(argv[l],"r"); 
fg =fopen(argv[2],"r"); 
out=fopen (argv [ 3 ] , "w" ) ; 
printf("\nNumber of rows in the image ?: "); 
scanf("%d",&I); 
printf("\nNumber of columns in the image?: "); 
scanf ("%d", &J); 
printf("\nNumber of rows in the filter?: "); 
scanf ("%d", &L); 
printf("\nNumber of columns in the filter?: "); 
scanf ("%d", &M); 
for(k=O;k<L;k++) 
{for(g=O;g<M;g++) 

{fscanf(fg,"%f",&filter[k][g]); 



printf(lI%f II ,filter[k] [g]) i } 
printf(lI\nll)i 
} 
for (y=li y<=Ii y++) 
{ for (x=liX<=JiX++) 
{fscanf ( fr , II %d II , &image [y] [x] ) i 

/ * printf ( II %d ", image [y] [x] ) i * / } 
/* printf(lI\nll)i */ } 
/* printf(lI\nll)i*/ 

printf(lIprogram working •...••••. \n")i 
result=Oifinal=O.Oi 
c1=L-1i C2=M- 1 i 
r1=I-c1i 
r2=J-c2 i 

for(f=lif<=r1if++) 
{for(1=lil<=r2il++) 

{for(c=Oic<Li C++) 
{for (S=OiS<MiS++) 
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{/* printf(IIMoving window (%d, %d)\n",f,l)i */ 
for (m=c+fi m<=c+fim++) 

{for (n=s+li n<=s+lin++) 
image [ m] [n] i 

for(k=cik<=Cik++) 
{ for(g=sig<=Sig++) 
fil ter[ k] [g] i 

} 

result =result+(filter[k][g] * image[m][n])i 
} } 

} } 
final=(result)/ 49 i 

/* printf(IIpixel # %d, %d \n",f,l)i 
printf (llfinal= %f\n", final) i * / 
fprintf(out,"%f\n",final)i 
result=Oifinal=O.Oi 

} 
free_Cmatrix(image,l,II,l,JJ); 

free matrix(filter,l,LL,l,MM); 
fclose (fr) ; 
fclose(out); 
fclose (fg) ; 

} 

printf(IIFiltering is done !!!\nll); 
exit(O); 

} 
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APPElJDIX C 



C-l The two-dimensional raster-based expert system 
(embedded in clipsTM) 

#include <stdio.h> 
#include "clips.h" 
#define MX 80 

main(int argc,char *argv[]) 
{ 
int X,y,I,Ji 
char a[MX], b[MX], c[MX], d[MX]i 
FILE *af, *bf, *cf, *dfi 
char *multix3i 
if(argc<7) 

printf(lI\nUsage:multix <Input 
< ....... >\nlt); 

else 
{ af=fopen(argv[l],lr")i 

bf=fopen (argv [ 2 ] , II r" ) i 
cf=fopen(argv[3],lIrll)i 
df=fopen(argv[4],lr")i 
J =atoi(argv[5])i 
I =atoi(argv[6])i 
init clips()i 
load=rules ( "mul tix3 11 ) i 
{ 
for(x=lix<=JiX++) 

{for(y=liy<=IiY++) 
{ reset clips()i 
fgets(a-;SO,af)i 

/* printf(lI%s\nll,a)i*/ 
fgets(b,50,bf)i 

/* printf(lI%s\nll,b)i*/ 
fgets(c,50,cf)i 

/* printf(lI%s\nll,c)i*/ 
fgets(d,SO,df)i 

/* printf(lI%s\nll,d)i*/ 
assert (a) i 
assert (b) i 
assert(c)i 
assert(d) i 
run( -1) i } 

} 
} 

fclose(af)i 
fclose(bf)i 
fclose(cf)i 
fclose(df)i 

File> 
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< ••••••• > 



exit ( ); 
} 

} 
usrfuncs() 

{ 
} 
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C-2 The knowledge base used with 2-D raster-based expert 
system 

(defrule RO 1111 

(and 
(litho 0) (not (litho l»(not (litho 2» 

(not (litho 3» (not (litho 4» (not(litho 6») 
=> 
(assert(minr 0») 

(defrule R06 1111 

(and 
(litho 0) (litho 6) (not(litho 1» 
(not (litho 2» (not(litho 3» (not(litho 4») 

=> 
(assert(minr 2») 

(defrule Rl 1111 

(and 
(litho 1) (not(litho 0» (not (litho 2» 
(not(litho 3»(not(litho 4» (not(litho 6») 
=> 
(assert(minr 1») 

(defrule R16 1111 

(and 
(litho 1) (litho 6) (not(litho 0» 

(not(litho 2» (not(litho 3» (not(litho 4») 
=> 
(assert(minr 3») 

(defrule R2 1111 

(and 
(litho 2) (not (litho 0» (not(litho 1» 

(not(litho 3» (not(litho 4» (not(litho 6») 
=> 
(assert(minr 3») 

(defrule R26 1111 

(and 
(litho 2) (litho 6) (not (litho 1» 

(not(litho 0» (not(litho 3» (not(litho 4») 
=> 
(assert(minr 5») 

(defrule R3 1111 

(and 
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(litho 3) (not(litho 0» (not(litho 1» 
(not(litho 2» (not(litho 4» (not(litho 6») 

=> 
(assert(minr 5») 

(defrule R36 "" 
(and 
(litho 3) (litho 6) (not(litho 0» 

(not(litho 1» (not(litho 2» (not(litho 4») 
=> 
(assert(minr 7») 

(defrule R4 "" 
(and 
(litho 4) (not(litho 0» (not(litho 1» 

(not(litho 2» (not(litho 3» (not(litho 6») 
=> 
(assert(minr 6») 

(defrule R46 "" 
(and 
(litho 4) (litho 6) (not(litho 0» 

(not(litho 1» (not(litho 2» (not(litho 3») 
=> 

(assert(minr 8») 

(defrule R01 .11. 
(and 
(litho 0) (litho 1) (not(litho 2» 

(not(litho 3» (not(litho 4» (not(litho 6») 
=> 

(assert(minr 0») 

(defrule R016 "" 
(and 
(litho 0) (litho 1) (litho 6) 

(not(litho 2» (not(litho 3» (not(litho 4») 
=> 

(assert(minr 2») 

(defrule R02 "" 
(and 
(litho 0) (litho 2) (not(litho 1» 

(not (litho 3» (not(litho 4» (not(litho 6») 
=> 

(assert(minr 0») 

(defrule R026 "" 
(and 
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(litho 0) (litho 2) (litho 6) 
(not (litho 1» (not(litho 3» (not(litho 4») 

=> 
(assert(minr 2») 

(defrule R03 .11. 
(and 
(litho 0) (litho 3) (not(litho 1» 

(not(litho 2» (not(litho 4» (not(litho 6») 
=> 

(assert(minr 0») 

(defrule R036 1111 

(and 
(~itho 0) (litho 3) (litho 6) 
(not(litho 1» (not(litho 2» (not(litho 4») 

=> 
(assert(minr 2») 

(defrule R04 1111 

(and 
(litho 0) (litho 4) (not(litho 1» 

(not(litho 2» (not(litho 3» (not(litho 6») 
=> 

(assert(minr 0») 

(defrule R046 1111 

(and 
(litho 0) (litho 4) (litho 6) 
(not(litho 1» (not(litho 2» (not(litho 3») 

=> 
(assert(minr 2») 

(defrule R034 1111 

(and 
(litho 0) (litho 3) (litho 4) 
(not(litho 1» (not(litho 2» (not(litho 6») 

=> 
(assert(minr 0») 

(defrule R0346 1111 

(and 
(litho 0) (litho 3) (litho 4) (litho 6) 

(not(litho 1» (not(litho 2») 
=> 

(assert(minr 2») 

(defrule R13 1111 

(and 
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(litho 1) (litho 3) (not(litho 0» 
(not(litho 2» (not(litho 4» (not(litho 6») 

=> 
(assert(minr 1») 

(defrule R136 1111 

(and 
(litho 1) (litho 3) (litho 6) 

(not(litho 2» (not(litho 4» (not(litho 0») 
=> 

(assert(minr 3») 

(defrule R013 1111 

(and 
(litho 0) (litho 1) (litho 3) 

(not(litho 2» (not(litho 4» (not(litho 6») 
=> 

(assert(minr 1») 

(defrule R0136 1111 

(and 
(litho 0) (litho 1) (litho 3) 
(litho 6) (not (litho 2» (not(litho 4») 

=> 
(assert(minr 3») 

(defrule R23 1111 

(and 
(litho 2) (litho 3) (not (litho 0» 

(not(litho 1» (not(litho 4» (not(litho 6») 
=> 

(assert(minr 3») 

(defrule R236 1111 

(and 
(litho 2) (litho 3) (litho 6) 

(not(litho 0» (not(litho 1» (not(litho 4») 
=> 

(assert(minr 5») 

(defrule R24 1111 

(and 
(litho 2) (litho 4) (not(litho 0» 

(not(litho 1» (not(litho 3» (not(litho 6») 
=> 

(assert(minr 3») 

(defrule R246 1111 

(and 
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(litho 2) (litho 4) (litho 6) 
(not(litho 0» (not(litho 1» (not(litho 3») 

=> 
(assert(minr 5») 

(defrule R024 "" 
(and 
(litho 0) (litho 2) (litho 4) 

(not(litho 1» (not(litho 3» (not(litho 6») 
=> 

(assert(minr 3») 

(defrule R0246 "" 
(and 
(litho 0) (litho 2) (litho 4) 

(litho 6) (not(litho 1» (not(litho 3») 
=> 

(assert(minr 5») 

(defrule R023 "" 
(and 
(litho 0) (litho 2) (litho 3) 

(not(litho 1» (not(litho 4» (not(litho 6») 
=> 

(assert(minr 5») 

(defrule R0236 1111 

(and 
(litho 0) (litho 2) (litho 3) 

(litho 6) (not(litho 1» (not(litho 4») 
=> 

(assert(minr 7») 

(defrule R234 1111 

(and 
(litho 2) (litho 3) (litho 4) 

(not(litho 0» (not(litho 1» (not(litho 6») 
=> 

(assert(minr 5») 

(defrule R2346 1111 

(and 
(litho 2) (litho 3) (litho 4) 

(litho 6) (not(litho 0» (not(litho 1») 
=> 

(assert(minr 7») 

(defrule R0234 1111 

(and 
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(litho 0) (litho 2) (litho 3) 
(litho 4) (not(litho 1» (not(litho 6») 

=> 
(assert(minr 7») 

(defrule R02346 1111 

(and 
(litho 0) (litho 2) (litho 3) 

(litho 4) (litho 6) (not (litho 1») 
=> 

(assert(minr 7») 

(defrule print-minr 1111 

?rem <- (minr ?favour) 
=> 
(retract ?rem) 
(open "out.dat" output "a") 
(fprintout output 1111 ?favour crlf) 
(close) ) 
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C-3 The Multi-layer raster-based expert system 
(embeded in ClipsTM) 

#include <stdio.h> 
#include "nr.h" 
#include "nruti11.c" 
#include "clips.h" 
#include <stdlib.h> 
#define II 150 
#define JJ 350 
#define LL 10 
#define MM 10 
#define MX 80 

main(int argc,char *argv[]) 
{ 
char fg1 [MX]; 
int x,y,m,n,1,f,k,k1,g,d,e,c,s,r,t,w; 
int M1,L1,I,J,r1,r2,c1,c2,P,L2; 
int **im; 
int *X; 
int *A; 
float ss,rr,T; 
FILE *fr,*fg,*out; 

if(argc<3) 
printf("\nUsage:2dx <input file><output file>\n"); 
else 
{ 
im=Cmatrix(1,II,1,JJ); 
X= ivector(1,LL); 
A= ivector(1,LL); 

fr=fopen(argv[1],"r"); 
/* out= fopen (argv [ 3 ] , "w" ) ; * / 

printf("\nNwnber of rows in the image ?: "); 
scanf("%d",&I); 
printf("\nNwnber of columns in the image?: "); 
scanf("%d",&J); 
printf("\nNwnber of rows in the window?: "); 
scanf("%d",&L1); 
printf("\nNwnber of columns in the window?: "); 
scanf("%d",&M1); 
printf("\nMaximum # of patterns in the image:"); 
scanf("%d",&L2); 
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printf("\nexpected minimum # of pixel per pattern:"); 
scanf ("%d", &P) ; 
for(x=1;x<=L2;x++) 



{printf(lI\nCode number of pattern #%d:",x); 
scanf ( "%d ", &X [x] ) ; 
} 

/* Read the image file */ 

{ for (y=l; y<=I; y++) 
{ for (x=l;x<=J;x++) 
{fscanf(fr, "%d" ,&im[y] [x]); 

} 
} 
} 

printf("Program working ..••...•• \n"); 

init clips(); 
load=rules("2dx1 11 ); 

c1=L1-1iC2=M1-1; 
r1=I-c1; 
r2=J-c2; 

{ for(f=1;f<=r1;f++) 
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{for( 1=1; 1<=r2; 1++) /*printf (IIMoving window (%d, 
%d)\n",f,l);*/ 

{for(c=O;c<L1;c++) 
{for (s=O;s<M1;s++) 

{ 
for (m=c+f; m<=c+f;m++) 

{for (n=s+l; n<=s+l;n++) 
im[m] [n] ; 

{for(k=1;k<=L2;k++) 
{ 

} 

if(im[m][n]==X[k] 
{ 

A[k]=A[k]+l;} 

} 

} 
} 

} fg=fopen(argv[2],lIwll); 
{ for(k1=1;k1<=L2;k1++) 

{ if(A[k1]>P) 
{ fprintf(fg,lIlitho %d\n",X[k1]); 



*/ 
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/* printf( "litho %d,wind %d, %d\n" ,X[k1] ,m,n); 

} 
} 

} 

} } 
} 

for(k1=1;k1<=L2;k1++) 
{A[k1]=O;} 
fclose (fg) ; 
fg= fopen(argv[2],"r"); 
{ 

reset clips(); 
for(kl=1;k1<=L2;k1++) 
{fgets(fg1,50,fg); 

/* printf("%s\n",fg1); */ 
assert(fg1); } 
run( -1); } 
fclose(fg); 

free Cmatrix(im,l,II,l,JJ); 
free matrix(X,l,LL); 
free-vector(A,l,LL); 

fclose (fr) ; 
/* fclose(out); 
fclose(fg); 

printf (" done !!! \n" ); * / 
exit(O); 
} 

} 
usrfuncs() 

{ 
} 



C-4 The knowledge base used with the multi-layer adaptive 
raster based expert system 

(defrule R1 1111 

(and 
(dens 1) (litho 0) (zone 1) (chern 0» 
=> 
(assert(rninr 2») 

(defrule R2 1111 

(and 
(dens 1) (litho 1) (zone 1) (chern 0» 
=> 
(assert(rninr 3») 

(defrule R3 1111 

(and 
(dens 1) (litho 2) (zone 1) (chern 0» 
=> 
(assert(rninr 5») 

(defrule R4 1111 

(and 
(dens 1) (litho 3) (zone 1) (chern 0» 
=> 
(assert(rninr 4») 

(defrule R5 1111 

(and 
(dens 2) (litho 0) (zone 1) (chern 0» 
=> 
(assert(rninr 4») 

(defrule R6 1111 

(and 
(dens 2) (litho 1) (zone 1) (chern 0» 
=> 
(assert(rninr 5») 

(defrule R7 1111 

(and 
(dens 2) (litho 2) (zone 1) (chern 0» 
=> 
(assert(rninr 7») 

(defrule R8 1111 

(and 
(dens 2) (litho 3) (zone 1) (chern 0» 
=> 
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(assert(rninr 6») 

(defrule R9 1111 

(and 
(dens 3) (litho 0) (zone 1) (chern 0» 
=> 
(assert (rninr 5») 

(defrule R10 1111 

(and 
(dens 3) (litho 1) (zone 1) (chern 0» 
=> 
(assert (rninr 6») 

(defrule R11 1111 

(and 
(dens 3) (litho 2) (zone 1) (chern 0» 
=> 
(assert (rninr 8») 

(defrule R12 1111 

(and 
(dens 3) (litho 3) (zone 1) (chern 0» 
=> 
(assert(rninr 7») 

(defrule R13 1111 

(and 
(dens 1) (litho 0) (zone 1) (chern 1» 
=> 
(assert (rninr 4») 

(defrule R14 1111 

(and 
(dens 1) (litho 1) (zone 1) (chern 1» 
=> 
(assert(rninr 5») 

(defrule R15 1111 

(and 
(dens 1) (litho 2) (zone 1) (chern 1» 
=> 
(assert (rninr 7») 

(defrule R16 1111 

(and 
(dens 1) (litho 3 ) (zone 1) (chern 1» 
=> 
(assert(rninr 6») 



(defrule R17 1111 

(and 
(dens 2) (litho 0) (zone 1) (chern 1» 
=> 
(assert(rninr 6») 

(defrule R18 1111 

(and 
(dens 2) (litho 1) (zone 1) (chern 1» 
=> 
(assert(rninr 7») 

(defrule R19 1111 

(and 
(dens 2) (litho 2) (zone 1) (chern 1» 
=> 
(assert(rninr 9») 

(defrule R20 1111 

(and 
(dens 2) (litho 3) (zone 1) (chern 1» 
=> 
(assert(rninr 8») 

(defrule R21 1111 

(and 
(dens 3) (litho 0) (zone 1) (chern 1» 
=> 
(assert(rninr 7») 

(defrule R22 1111 

(and 
(dens 3) (litho 1) (zone 1) (chern 1» 
=> 
(assert(rninr 8») 

(defrule R23 1111 

(and 
(dens 3) (litho 2) (zone 1) (chern 1» 
=> 
(assert(rninr 10») 

(defrule R24 .11. 
(and 
(dens 3) (litho 3) (zone 1) (chern 1» 
=> 
(assert(rninr 9») 

(defrule R25 1111 
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(and 
(dens 1) (litho 0) (zone 0) (chern 0» 
=> 
(assert (rninr o ) ) ) 

(defrule R26 1111 

(and 
(dens 1) (litho 1) (zone 0) (chern 0» 
=> 
(assert (rninr 1) ) ) 

(defrule R27 1111 

(and 
(dens 1) (litho 2) (zone 0) (chern 0» 
=> 
(assert (rninr 3) ) ) 

(defrule R28 1111 

(and 
(dens 1) (litho 3) (zone 0) (chern 0» 
=> 
(assert(rninr 2») 

(defrule R29 1111 

(and 
(dens 2) (litho 0) (zone 0) (chern 0» 
=> 
(assert (rninr 2 ) ) ) 

(defrule R30 1111 

(and 
(dens 2) (litho 1) (zone 0) (chern 0» 
=> 
(assert (rninr 3) ) ) 

(defrule R31 1111 

(and 
(dens 2) (litho 2) (zone 0) (chern 0» 
=> 
(assert (rninr 5 ) ) ) 

(defrule R32 1111 

(and 
(dens 2) (litho 3) (zone 0) (chern 0» 
=> 
(assert (rninr 4) ) ) 

(defrule R33 1111 

(and 



(dens 3) (litho 0) (zone 0) (chern 0» 
=> 
(assert(rninr 3») 

(defrule R34 1111 

(and 
(dens 3) (litho 1) (zone 0) (chern 0» 
=> 
(assert(rninr 4») 

(defrule R35 1111 

(and 
(dens 3) (litho 2) (zone 0) (chern 0» 
=> 
(assert(rninr 6») 

(defrule R36 1111 

(and 
(dens 3) (litho 3) (zone 0) (chern 0» 
=> 
(assert(rninr 5») 

(defrule R37 1111 

(and 
(dens 1) (litho 0) (zone 0) (chern 1» 
=> 
(assert(rninr 2») 

(defrule R38 1111 

(and 
(dens 1) (litho 1) (zone 0) (chern 1» 
=> 
(assert(rninr 3») 

(defrule R39 1111 

(and 
(dens 1) (litho 2) (zone 0) (chern 1» 
=> 
(assert(rninr 5») 

(defrule R40 1111 

(and 
(dens 1) (litho 3) (zone 0) (chern 1» 
=> 
(assert(rninr 4») 

(defrule R41 1111 

(and 
(dens 2) (litho 0) (zone 0) (chern 1» 
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=> 
(assert(rninr 5») 

(defrule R42 "" 
(and 
(dens 2) (litho 1) (zone 0) (chern 1» 
=> 
(assert(rninr 5») 

(defrule R43 "" 
(and 
(dens 2) (litho 2) (zone 0) (chern 1» 
=> 
(assert(rninr 7») 

(defrule R4"4 "" 
(and 
(dens 2) (litho 3) (zone 0) (chern 1» 
=> 
(assert(rninr 6») 

(defrule R45 "" 
(and 
(dens 3) (litho 0) (zone 0) (chern 1» 
=> 
(assert(rninr 5») 

(defrule R46 '"' 
(and 
(dens 3) (litho 1) (zone 0) (chern 1» 
=> 
(assert(rninr 6») 

(defrule R47 "" 
(and 
(dens 3) (litho 2) (zone 0) (chern 1» 
=> 
(assert(rninr 8») 

(defrule R48 "" 
(and 
(dens 3) (litho 3) (zone 0) (chern 1» 
=> 
(assert(rninr 7») 

(defrule print-rninr "" 
?rern <- (rninr ?favour) 
=> 
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(retract ?rem) 
(open "out1.dat" output "a") 
(fprintout output "" ?favour crlf) 
(close» 
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APPENDIX D 



D-l Hi res system shell 
(selected example) 

w1 is window(,12,3,57,27"",red). 
set focus(?w1). 
iml-is load bitmap('hires2.bmp'). 
bitmap(?im1). 
text( '#n 

By 
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#fyellow ADEL A. EL-FOULY #d 
Under the supervision of 

#fblue Dr. C.Glass and Dr. M.Poulton #d 
Department of Mining and Geological Engineering 

The University of Arizona. 

b1 is button(Continue,ok,23,23,10,2). 
set_focus (?b1) • 

topic ok. 
close window(?w1). 
w2 is-window(,5,5,80,22"",lightblue). 
set focus(?w2). 
im2-is load bitmap ('hisys1.bmp'). 
bitmap(?im2). 
hyper_region(t1,30.59,O.4,13.604,1.5). 
hyper_region(t2,10.89,4.69,27.32,4.28). 
hyper_region(t3,55.67,4.912,17.464,2.7). 
hyper_region(t4,2.089,11.32,24.771,3.34). 
hyper_region(t5,32.24,11.32,13.43,3.27). 
hyper_region(t6,53.88,11.32,12.09,3.34). 
hyper_region(t7,10.59,17.16,41.64,2.35). 

b2 is button(EXIT,cancel,62,17,8). 
topic cancel. 
close window(?w2). 
end. -

topic tl. 

, ) . 

w3 is window(,32.1,1.7,20,7,,[Child, 
Visible,VertScroll,ThickFrame,ShowChildren],?w2"cyan). 
set focus(?w3). 
text('About Hi Res'). 
ask ( 'Specify Topic: ' , style, [ 'Main 
Menu', 'selection1', 'selection2', 'selection3']). 
close window(?w3). 
end. -



topic t2. 
w4 is 
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window(,23.88,8.4,20,7,,[Child,Visible,VertScroll,ThickFrame 
,ShowChildren],?w2"lightgreen). 
set focus(?w4). 
text('About Multispectral images'). 
ask('Specify Topic:',style,['Main 

Menu', 'selection1', 'selection2', 'n3']). 

close window(?w4). 
end -

topic t3. 
w5 is window(,12.73,7.44,61.68,16.17, 'other Exploration 
Methods', [Child,PopUp,Visible,ControlMenu,VertScroll,T hickFr 
ame,ShowChildren],?w2,black,lightgreen). 
menu([['Geo&chemistry', '&Soil Samples','&River Samples','&Rock 
Samples',[],'&Exit'],['Geo&physics','G&ravity','&Magnetie',' 
&S&eismic', 'E&lectric',[],'&Exit'],['&Well 
logs', 'Type&l', 'Type&2',[], '&Exit']],methods). 

topic methods(item4). 
do(?item4). 
topic '&Exit'. 
close window(?w5). 
end. -
end. 
end. 

topic t4. 
w6 is window(,12.73,5.44,61.68,19.57,'Segmentation and 
Classification', [Child,PopUp,Visible,ControlMenu,VertS croll, 
ThickFrame,ShowChildren],?w2"lightyellow). 
menu([[ '&Gabor " '&Functionediting', '&Processing', 'Principal 
&Component',[],'&Exit', 'About &Gabor filters'], ['&Lithologic 
identification', 'using &Spectral info', 'Using &Textural 
info', '&Both of the above',[],'&Exit','About &Lithologic 
Classification'],['&Favorability Calculation , 'Using 2&0 
expo sys.', 'Using &Multi_layer adaptive expo 
sys. ',[], '&Exit', 'About &Favorability Calculation']], 
segment). 

topic segment (item2). 
do(?item2). 

topic '&Function editing'. 
@gabor.kb 
end. 



end. 

topic '&Processing'. 
@filprog1.k.b 
end. 

topic '&Exi t ' . 
close window(?w6). 
end. -

topic 'Using &Spectral info'. 
@spectral.k.b 
end. 

end. 
end. 

topic t5. 
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w7 is window(,12.73,7.44,61.68,16.17,'Lineament Extraction', [ 
Child, PopUp, Visible, ControlMenu, VertScroll, ThickFrame, 
ShowChildren ],?w2, black, light yellow). 
menu( [ ['&Ridge detection', '&0 degree ..• " '&90 
degree ... ', '&45 degree ... ', '&135 degree ... ', '0 a&nd 90 ..• ', '45 
an&d 135 ... ','&All 
directions ... ',[], '&DisplaY','Display(&r)',[], '&Exit'], 
['&Valley detection', '&0 degree ..•• ', '&90 degree ••.• ', '&45 
degree •... ','&135 degree .••• ','&O a&nd 90 .•.. ','45 an&d 
135 .... ', '&All 
directions •... ',[], '&Display','Display(&v)',[], '&Exit'], 
['&Intersections','&O and 90(v)','&45 and 135(v)','&All 
directions(v)',[],'O and &90(r)','4&5 and 135(r)','All 
&directions(r)',[],'&Interpolate',[],'&Display','Display(&r) 
, , [ ] , '&Exi t ' ] ] , lineaments) • 

topic lineaments (item1). 
do(?item1). 

topic '&Exi t ' . 
close window(?w7). 
end. -

topic '&Display'. 
@displays.k.b 
end. 

topic 'Display(&r)'. 
@displayr.k.b 
end. 



topic 'Display(&v), . 
@displayv.kb 
end. 

topic '&0 degree ... '. 
@rid1.kb 
end. 

topic '&90 degree ... '. 
@rid2.kb 
end. 

topic '&45 degree ... '. 
@rid3.kb 
end. 

topic '&135 degree ... '. 
@rid4.kb 
end. 

topic '0 a&nd 90 ... '. 
@rid5.kb 
end. 

topic '45 an&d 135 ..• '. 
@rid6.kb 
end. 

topic '&All directions ... '. 
@rid7.kb 
end. 

topic '&0 degree .... '. 
@valley1.kb 
end. 

topic '&90 degree .... '. 
@valley2.kb 
end. 

topic '&45 degree .... '. 
@valley3.kb 
end. 

topic '&135 degree ..•. '. 
@valley4.kb 
end. 

topic '&0 a&nd 90 .... '. 
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@valley5.kb 
end. 

topic '45 an&d 135 .... '. 
@valley6.kb 
end. 

topic '&AII directions .... '. 
@valley7.kb 
end. 

topic '&0 and 90(v)'. 
@int1.kb 
end. 

topic '&45 and 135(v)'. 
@int2.kb 
end. 

topic '&AII directions(v)'. 
@int3.kb 
end. 

topic '0 and &90(r)'. 
@int4.kb 
end. 

topic 'All &directions(r)'. 
@int5.kb 
end. 

topic '4&5 and 135(r)'. 
@int6.kb 
end. 

topic '&Interpolate'. 
end. 

end. 
end. 

topic t6. 
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w8 is window (,12.73, 7.44, 61.68, 19.17, 'zoning 
detection', [Child, PopUp, Visible, ControlMenu, VertScroll, 
ThickFrame, ShO\\7Children], ?w2, black, lightbl ue ) . 
menu([ ['&Options','&Zoning detection processing', '&About 
zoning detection',[], '&Exit' ]], zoning). 



topic zoning(item3). 
do (?item3). 

end. 
end. 

topic '&Exi t' . 
close window(?w8). 
end. -

topic '&Zoning detection processing'. 
~zonedc1.kb 
end. 

topic t7. 
w9 is window (,12.73, 7.44, 61.68, 19.17, 'EVIDENCE 
ACCUMULATION', [Child, 
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PopUp,Visible,ControlMenu,VertScroll,ThickFrame,ShowChildren 
],?w2,black,lightgreen). 
menu([ ['&Sequential decision','&Calculation', 'About 
sequential &decision',[],'&Exit'],['&FUZzy 
Integrals', 'C&alculation', '&About Fussy 
Integrals',[], '&Exit']],evidence). 

topic evidence(item6). 
do(?item6). 

topic '&Exit'. 
close window(?w9). 
end. -

topic '&Calculation'. 
@decision.kb 
end. 

topic 'C&alculation'. 
@fuzzy.kb 
end. 

end. 
topic main. 
close window ( ) . 
set focus(?w3). 
end-:-
end. 
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D-2 Program to display an image and use the mouse for sample 
extraction for spectral signature calculation. 

#include <stdio.h> 
#include <math.h> 
#include <stdlib.h> 
#include <conio.h> 
#include <graph.h> 
#include <malloc.h> 
#include <vid.h> 
#define II 326 
#define JJ 620 
#defineRGB(r,g,b) (Ox3F3F3FL&«long)(b)«20i (g)«12i (r«4») 

void moulin(int*, int*, int, int, int, 
int*,int,int,int,int,int,int,int,int)i 
void mln2vv(int*, int*, int*, int*, int, int*)i 
void mln3vv(int irowO, int icolO, int irow1, int icol1, int 
icolr) i 
void snpset(int ixsnap, int iysnap, int ixmax, int iymax); 
void isnap(int ixin, int iyin, int* ixout, int* iyout)i 
void mouini(int* ierr); 
void nrerror(char error text[]); 
int **Cmatrix(int nrl,int nrh,int ncl,int nch); 
void free Cmatrix(int **m,int nrl,int nrh,int ncl,int nch); 
int main(Int argc, char *argv[]); 

struct t snpcom { 
int ixmod, iymod, ixmod2, iymod2, ixmx, iymx; 

} snpcom; 

void moulin(int* irowO, int* icolO, int irow1, int icol1, 
int icolr, int * ierr, int hh1, int hh2, int vv1, int 

vv2,int RR,int CC,int RR1,int CC1) 
{ 

int i, m1, m2, m3, m4,pp1,pp2; 
int n1=0; 

FILE *out, *itm; 
out =fopen ( II samp. bat II , "w" ) ; 
itm =fopen( "item.dat", "w"); 

while (1) { 
/* Show Cursor */ 

m1 = 1; 
mousey ( &m1, &m2, &m3, &m4 ); 

/* Check for line start i.e. left button press. */ 



m1 = 5; 
m2 = 0; 
m3 = 0; 
m4 = 0; 
mousey ( &m1, &m2, &m3, &m4 ); 
isnap( m3, m4, &m3, &m4 ); 

/* Set Horizontal Cursor limits */ 
m1=7; 
m3=hh1; 
m4=hh2; 
mousey(&m1, &m2, &m3, &m4); 

/* Set the vertical cursor limits */ 
m1=8; 
m3=vv1; 
m4=vv2; 
mousey(&m1, &m2, &m3, &m4); 

/* Test If the left button has been pressed. */ 
if (m2 ! = 0) { 

*irowO = m4; 
*icolO == m3; 

/*GET BUTTON POSITIONS AND CURSER COORDNATES*/ 
m1 = 3; 
mousey(&m1, &m2, &m3, &m4); 
pp1=(m3-hh1)+RR1; pp2=(m4-vv1)+CC1; 
n1=n1+1; 
fopen("item.dat","w"); 
fprintf(itm,"%d\n",n1+1); 
fclose(itm); 
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fprintf(out, samplex1 %%1 %d %d %d %d\n" ,RR,CC,pp1,pp2); 
fprintf(out, samplex1 %%2 %d %d %d %d\n" ,RR,CC,pp1,pp2); 
fprintf(out, samplex1 %%3 %d %d %d %d\n" ,RR,CC,pp1,pp2); 
fprintf (out, samplex1 %%4 %d %d %d %d\n" , RR, CC, pp1, pp2) ; 
fprintf(out, samplex1 %%5 %d %d %d %d\n" ,RR,CC,pp1,pp2); 
fprintf(out, samplex1 %%6 %d %d %d %d\n",RR,CC,pp1,pp2); 
fprintf(out, samplex1 %%7 %d %d %d %d\n" ,RR,CC,pp1,pp2); 

/* Hide the Mousey Cursor */ 
m1 = 2; 

mousey ( &m1, &m2, &m3, &m4 ); 
} 

/* EXIT If ESCAPE KEY PRESSED */ 
if (kbhit(» { 

i = getch(); 
if (i == 27) { 



} 
} 

} 

*ierr = 1; 
fclose(out); 

return; 
} 
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void snpset(int ixsnap, int iysnap, int ixmax, int iymax) { 
snpcom.ixmod = ixsnap; 
snpcom.iymod = iysnap; 
snpcom.ixmod2 = snpcom.ixmod/2; 
snpcom.iymod2 = snpcom.iymod/2; 
snpcom.ixmx = ixmaxi 
snpcom.iymx = iymaxi 
return; 

} /* end of snpset */ 

void isnap(int ixin, int iyin, int* ixout, int* iyout) { 
int ixoff, iyoff; 
div_t div_result; 

div result = div( ixin, snpcom.ixmod ); 
ixoff = div_result.remi 

div_result = div{ iyin, snpcom.iymod ); 
iyoff = div_result.rem; 

if (ixoff < snpcom.ixmod2) 
*ixout = ixin - ixoff; 

} else { 
*ixout = ixin - ixoff + snpcom.ixmod; 

} 

if (iyoff < snpcom.iymod2) { 
*iyout = iyin - iyoffi 

} else { 
*iyout = iyin - iyoff + snpcom.iymod; 

} 

if {*ixout > snpcom.ixmx 
if (*iyout > snpcom.iymx 

return; 

*ixout = snpcom.ixmx; 
*iyout = snpcom.iymx; 

} /* end of isnap */ 
/*******************************************/ 
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void mouini(int* ierr) { 
static int mcursor[32]; 
int m1, m2, m3, m4; 
int* arradds; 

/* This subroutine initializes the mouse driver and returns 
IERR=O 

* If the mouse driver can be found. otherwise, IERR = o. 
*/ 

/* -- Mousey parameters -- */ 
/* -- Check for Mouse and driver installation -- */ 
if ( O==mouseq() ) { 

*ierr = 1; 
return; 

} 

/* Since we are calling function 0 (M1=0), the call to 
MouseQ was 

*/ 
* not really necessary since the test is duplicated here. 

m1 = 0; 
mousey ( &m1, &m2, &m3, &m4 ); 
if (m1 == 0) { 

*ierr = 1; 
return; 

} else { 
*ierr = 0; 

} 

/* -- initialize data for function call 9 --
* Mousey call #9 needs 2 byte integer input, 
* Function 9 Define Graphics Cursor as a rectangular 

cross 
*/ 

/* DEFINE THE SCREEN MASK */ 
mcursor[ 0] = Oxfeff; /* 1111111011111111 */ 
mcursor[ 1] = Oxfeff; /* 1111111011111111 */ 
mcursor[ 2] = Oxfeff; /* 1111111011111111 */ 
mcursor[ 3] = Oxfeff; /* 1111111011111111 */ 
mcursor[ 4] = Oxfeff; /* 1111111011111111 */ 
mcursor[ 5] = Oxffff; /* 1111111111111111 */ 
mcursor[ 6] = Oxffff; /* 1111111111111111 */ 
mcursor[ 7] = Ox07c1; /* 0000011111000001 */ 
mcursor[ 8 ] = Oxffff; /* 1111111111111111 */ 
mcursor[ 9] = Oxffff; /* 1111111111111111 */ 
mcursor[10] = Oxfeff; /* 1111111011111111 */ 
mcursor[ll] = Oxfeff; /* 1111111011111111 */ 
mcursor[12] = Oxfeff; /* 1111111011111111 */ 



mcursor[13] = Oxfeff; 
mcursor[14] = Oxfeff; 
mcursor[15] = Oxffff; 

/* DEFINE THE CURSOR MASK 
mcursor[16] = Ox0100; 
mcursor[17] = Ox0100; 
mcursor[18] = Ox0100; 
mcursor[19] = Ox0100; 
mcursor[20] = Ox0100; 
mcursor[21] = OxOOOO; 
mcursor[22] = OxOOOO; 
mcursor[23] = Oxf83e; 
mcursor[24] = OxOOOO; 
mcursor[25] = OxOOOO; 
mcursor[26] = Ox0100; 
mcursor[27] = Ox0100; 
mcursor[28] = Ox0100; 
mcursor[29] = Ox0100; 
mcursor[30] = Ox0100; 
mcursor[31] = OxOOOO; 
m1 = 9; 
m2 = 7; 
m3 = 7; 
arradds = mcursor; 

/* 1111111011111111 */ 
/* 1111111011111111 */ 
/* 1111111111111111 */ 

*/ 
/* 
/* 
/* 
/* 
/* 
/* 
/* 
/* 
/* 
/* 
/* 
/* 
/* 
/* 
/* 
/* 

0000000100000000 */ 
0000000100000000 */ 
0000000100000000 */ 
0000000100000000 */ 
0000000100000000 */ 
0000000000000000 */ 
0000000000000000 */ 
1111100000111110 */ 
0000000000000000 */ 
0000000000000000 */ 
0000000100000000 */ 
0000000100000000 */ 
0000000100000000 */ 
0000000100000000 */ 
0000000100000000 */ 
0000000000000000 */ 

/* Horizontal Hot Spot */ 
/* vertical Hot Spot */ 
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/* The 
complains. 

mousey ( 
return; 

following statement works, but 
*/ 

the compiler 

&m1, &m2, &m3, (int*) &arradds ); 

} /* end of mouini */ 

void nrerror(error text) 
char error_text[];-
{ 

} 

void exit(); 

fprintf ( stderr , "Numerical Recipes run-time error •.. \n" ) ; 
fprintf(stderr, "%s\n",error text); 
fprintf(stderr," ••• now exitIng to system ••• \n"); 
exit(l); 

int **Cmatrix(nrl,nrh,ncl,nch) 
int nrl,nrh,ncl,nch; 
{ 

int i,**m; 

m=(int **)calloc«unsigned) (nrh-nrl+1),sizeof(int*»; 
if (!m) nrerror("allocation failure 1 in Cmatrix()II); 
m -= nrl; 



for(i=nrl;i<=nrh;i++) { 
m[i]=(int *)calloc«unsigned) 

(nch-ncl+l),sizeof(int»; 
if (!m[i]) nrerror("allocation failure 2 in 

Cmatrix ( ) " ) ; 
m[i] -= ncl; 

} 
return m; 

} 
void free_Cmatrix(m,nrl,nrh,ncl,nch) 
int **m; 
int nrl,nrh,ncl,nch; 
{ 

} 

int i; 

for(i=nrh;i>=nrl;i--) free«char*) (m[i]+ncl»; 
free«char*) (m+nrl»; 

main(int argc, char *argv[]) 
{ 

int icolO, icoll, icolr, ierr, 
irowl,hhl,hh2,vvl,vv2,RR,CC,RR1,CCl; 

int im; 
short x,y,I,J,Cl,C2,Kl,K2,xl,yl,x2,y2; 
float seg,M,max,min; 
long 
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irowO, 

Yl,Y2,Y3,Y4,YS,Y6,Y7,Y8,Y9,YlO,Yll,Y12,Y13,Y14,Y1S,Y16,Y17,Y 
18; 

short 
cO,cl,c2,c3,c4,cS,c6,c7,c8,c9,clO,cll,c12,c13,c14,clS; 

int col; 

FILE *fr; 
if(argc <6) 
printf("\nUsage screen4 <input file> <# rows> <# 

columns>"); 
else 
{ 

fr =fopen(argv[l],"r"); 
max=O;min=O; 

/* printf("\nNumber of rows? : H); 
scanf("%d",&J); 
printf("\nNumber of columns? : H); 
scanf("%d",&I); */ 
J=atoi(argv[2]); 
I=atoi(argv[3]); 



I=atoi(argv[3])i 
RR=atoi(argv[4])i 
CC=atoi(argv[5]); 
RR1= (RR-J)/2; 
CC1= (CC-I)/2; 
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cO=0;c1=1;c2=2;c3=3;c4=4;c5=5iC6=6;c7=7iC8=8iC9=9iC10=10iC11 
=lli 

c12=12 iC13=13,c14=14 iC15=15; 

snpcom.ixmod = 1i 
snpcom.iymod = 1; 
snpcom.ixmod2 = 0; 
snpcom.iymod2 = 0; 
snpcom.ixmx = 799i 
snpcom.iyrnx = 559; 
icolr = 1i 
ierr = 0i 

/* SET THE INITIAL CURSOR LOCATION TO 100,100 */ 
irow1 = 100; 
icol1 = 100; 

/* Set the snap size */ 
snpset( 40, 20, 639, 349 )i 

/* Go to the high resolution video mode 16 (640x350). */ 

/* printf("What video mode: ")i 
* scanf(lI%d ll , &imode); 
*/ 

/* ierr==O while Esc key not pressed. */ 

_setvideomode(_ERESCOLOR); 

/* Initialize the mouse driver and stop If no mouse is 
found. */ 

mouini( &ierr )i 
C1=(J+1)/2i C2=(I+1)/2i 
K1= 320 - Cli K2=l75 - C2i 

xl = Kl-6i y1=K2-6i x2=K1+J+6i y2=K2+I+6i 
setcolor(15)i 

-rectangle ( GFILLINTERIOR,0,0,640,480)i 
=setcolor( 12) i 



_rectangle(_GBORDER,x1,y1,x2,y2)i 
for(x=lix<=Ii x++) 
{for(y=li y<=JiY++) 

{fscanf(fr,"%d",&im)i 
col=imi 

switch (col) 
{ 

case 0: 
setcolor(O)i 

-setpixel(y+K1,x+K2)i 
breaki 
case 1: 

setcolor(l)i 
=setpixel(y+K1,X+K2)i 

breaki 
case 2: 

setcolor(2)i 
=setpixel(y+K1,X+K2)i 

breaki 
case 3: 

setcolor(3); 
=setpixel(y+K1,x+K2)i 

breaki 
case 4: 

setcolor(4)i 
=setpixel(y+K1, x+K2); 

break; 
case 5: 

setcolor(5)i 
=setpixel(y+K1, x+K2)i 

break; 
case 6: 

setcolor(6)i 
=setpixel(y+K1, x+K2)i 

breaki 
case 7: 

setcolor(7)i 
=setpixel(y+K1, x+K2)i 

breaki 
case 8: 

setcolor(8)i 
=setpixel(y+K1, x+K2)i 
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15\n"); 

range!\n"); 

} 
} 

hh1=K1; 
hh2=K1+J; 
vv1=K2; 
vv2=K2+I; 

break; 
case 9: 

setcolor(9); 
:setpixel(y+K1,x+K2); 

break; 
case 10: 

setcolor(10); 
:setpixel(y+K1,x+K2); 

break; 
case 11: 

setcolor(ll); 
:setpixel(y+K1,x+K2); 

break; 
case 12: 

setcolor(12)i 
:setpixel(y+K1,x+K2); 

break; 
case 13: 

setcolor(13); 
:setpixel(y+K1,X+K2); 

break; 
case 14: 

setcolor(14); 
:setpixel(y+K1,X+K2)i 

break; 
case 15: 

setcolor(15)i 
:setpixel(y+K1,x+K2)i 

break; 
default: 
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printf ("Class values should be between 0 and 

printf ( liRe-classify your data to fi t that 

} 
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moulin( &irowO, &icolO, irowl, icoll, icolr, &ierr 
,hhl,hh2,vvl,vv2,RR,CC,RR1,CC1)i 

/* Reset the video screen back to the color text mode(3). */ 
setvideomode( DEFAULTMODE)i 

- fclose(fr)i -
return(O)i 

} /* end of main */ 
} 
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D-3 Program to calculate the mean of a 32X32 pixels array at 
the selected locations 

#include <stdio.h> 
#include <stdlih.h> 

main(int argc, char *argv[]) 
{ 

int x,y,Rmax,Cmax,rl,r2,cl,c2i 
float im,nl,n2i 
FILE *in,*outi 

if(argc<6) 
printf(II/nUsage 

file>\n")i 
else 
{ 

Samplex 

in = fopen(argv[l],IIrll)i 
out= fopen("sampl.dat","a")i 

<input file> 

/* printf(II\n# of rows in the input image?:")i 
scanf ( II %d II , &Rmax) i 
printf(II\n# of columns in the input image?:II)i 
scanf("%d",&Cmax)i 

<output 

printf("\nCoordinates of the upper left corner?:cl")i 
scanf("%d",&cl)i 
printf("\nCoordinates of the upper left corner?:rl")i 
scanf("%d",&rl)i 
printf("\nCoordinates of the lower right corner?:c2")i 
scanf("%d",&c2)i 
printf("\nCoordinates of the lower right corner?:r2")i 
scanf("%d",&r2)i 

*/ 
Rmax=atoi(argv[2])i 
Cmax=atoi(argv[3])i 
cl=atoi(argv[4])i 
rl=atoi(argv[5])i 
c2=cl+32i r2=rl+32i 

nl=Oi 
{ for(x=lix<=Rmaxix++) 

{for(y=liy<=CmaxiY++) 

{ 
fscanf(in, "%f" ,&im) i 



} 

{ if«y>=cl) && (y<=c2) && (x>=rl) && (x<=r2» 
{ /* fprintf(out,"%f\n",im); */ 

} 

nl=nl+im; } 
if(x>r2) {goto Ll;} } 

} 
} 

Ll: 
n2=nl/1024; 
fprintf(out, "%f\n",n2); 
fclose(in); 
fclose(out); 
exit(O); 
} 
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To display a grey level image 

#include <stdio.h> 
#include <stdlib.h> 
#include <malloc.h> 
#include <graph.h> 
#include <math.h> 
#include "nr.h" 
#include "nrutil1.c" 
#define II 326 
#define JJ 620 
#define z 7 
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#define RGB(r,g,b) (Ox3F3F3FL & «long)(b)«161 (g)«81 (r») 

main(int argc, char *argv[]) 
{ 

int im; 
short x,y,I,J,Cl,C2,K1,K2,x1,y1,x2,y2; 
float seg,M,max,min; 

1 0 n g 
Y1,Y2,Y3,Y4,YS,Y6,Y7,Y8,Y9,Y10,Y11,Y12,Y13,Y14,Y1S,Y16,Y17,Y 
18; 

short col; 
FILE *fr; 
if(argc <4) 
printf(II\nUsage screen4 <input file> <# rows> <# 

columns>"); 
else 
{ 
fr =fopen(argv[ 1], "r"); 

max=O;min=O; 
/* printf(II\nNumber of rows? : "); 

scanf("%d",&J); 
printf(II\nNumber of columns? : "); 
scanf ( II %d ", & I) ; * / 
J=atoi(argv[2]); 
I=atoi(argv[3]); 

Y1=RGB(0, 0, 0); 
Y2=RGB(8, 8, 8); 
Y3=RGB ( 12, 12, 12); 
Y4=RGB(16, 16, 16); 
YS=RGB(20, 20, 20); 
Y6=RGB(24, 24, 24); 
Y7=RGB(28, 28, 28); 
Y8=RGB(32, 32, 32); 



Y9=RGB(36, 36, 36); 
Y10=RGB(40, 40, 40); 
Yll=RGB(44, 44, 44); 
Y12=RGB(48, 48, 48); 
Y13=RGB(52, 52, 52); 
Y14=RGB(56, 56, 56); 
Y15=RGB(60, 60, 60); 
Y16=RGB(63, 63, 63); 
Y17=RGB(63, 0, 0); 
Y18=RGB(0 ,63 ,0); 

if(_setvideomode(_VRES16COLOR)==0) 
{ 

printf("not VGA environment\n"); 
exit(O); 
} 

remappalette(O,Yl); 
-remappalette(1,Y2); 
-remappalette(2,Y3); 
-remappalette(3,Y4); 
-remappalette(4,Y5); 
-remappalette(5,Y6); 
-remappalette(6,Y7); 
-remappalette(7,Y8); 
-remappalette(8,Y9); 
-remappalette(9,Y10); 
-remappalette(lO,Yll); 
-remappalette(11,Y12); 
-remappalette(12,Y13); 
-remappalette(13,Y14); 
-remappalette(14,Y15); 
=remappalette(15,Y16); 

Cl=(J+l)/2; C2=(I+l)/2; 
Kl= 320 - Cl; K2=240 - C2; 

xl = Kl-6; yl=K2-6; x2=Kl+J+6; y2=K2+I+6; 
/* -setcolor(17); */ 

/* 

setcolor(15); 
-rectangle ( GFILLINTERIOR,0,0,640,480); - -

settextcolor(O); 
settextposition(1,32); 

-outtext(IIIMAGE TITILE HERE:II); */ 
-setcolor(O); 

/*- _setlinestyle(7);*/ 
_rectangle(_GBORDER,xl,yl,x2,y2); 
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for(x=l;x<=I; x++) 
{for(y=l; y<=J;y++) 

{fscanf(fr,"%d",&im); 
col=im; 

switch (col) 
{ 

case 0: 
setcolor(O)i 

=setpixel(y+K1,x+K2); 

break; 
case 1: 

setcolor(l); 
=setpixel(y+K1,x+K2); 

break; 
case 2: 

setcolor(2); 
=setpixel(y+K1,x+K2); 

break; 
case 3: 

setcolor(3); 
=setpixel(y+K1,X+K2); 

break; 
case 4: 

setcolor(4); 
=setpixel(y+K1, x+K2); 

break; 
case 5: 

setcolor(5); 
=setpixel(y+K1, x+K2); 

break; 
case 6: 

setcolor(6); 
=setpixel(y+K1, x+K2); 

break; 
case 7: 

setcolor(7); 
=setpixel(y+K1, x+K2)i 

break; 
case 8: 

setcolor(8); 
=setpixel(y+K1, x+K2); 
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15\n"); 

range! \n") i 

} 
} 
getch( ); 

break; 
case 9: 

setcolor(9); 
=setpixel(y+K1,x+K2); 

break; 
case 10: 

setcolor(10)i 
=setpixel(y+K1,x+K2); 

break; 
case 11: 

setcolor(11)i 
=setpixel(y+K1,x+K2); 

break; 
case 12: 

setcolor(12)i 
=setpixel(y+K1,x+K2); 

break; 
case 13: 

setcolor(13)i 
=setpixel(y+K1,x+K2); 

break; 
case 14: 

setcolor(14)i 
-setpixel(y+K1,x+K2); 

break; 
case 15: 

setcolor(15); 
=setpixel(y+K1,x+K2); 

break; 
default: 
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printf(IIClass values should be between 0 and 

printf (liRe-classify your data to fit that 

} 

setvideomode( DEFAULTMODE)i 
fclose(fr); -

exit(O)i 
} 

} 
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