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Summary 

Tonal, textural and contextual properties are used in manual photointerpretation of 
remotely sensed data. This study has used these three attributes to produce a 
lithological map of semi arid northwest Argentina by semi automatic computer 
classification procedures of remotely sensed data. Three different types of satellite data 
were investigated, these were LANDSAT MSS, TM and SIR-A imagery. 

Supervised classification procedures using tonal features produced only poor 
classification results. LANDSAT MSS produced classification accuracies in the range 

of 40 to 60%, while accuracies of 50 to 70% were achieved using LANDSAT TM data. 
The addition of SIR-A data produced increases in the classification accuracy. The 
increased classification accuracy of TM over the MSS is because of the better 
discrimination of geological materials afforded by the middle infra red bands of the TM 
sensor. The maximum likelihood classifier consistently produced classification 
accuracies 10 to 15% higher than either the minimum distance to means or decision tree 
classifier. This improved accuracy was obtained at the cost of greatly increased 
processing time. A new type of classifier, the Spectral Shape Classifier, which is 
computationally as fast as a minimum distance to means classifier is described. 
However, the results for this classifier were disappointing, being lower in most cases 
than the minimum distance or decision tree procedures. 

The classification results using only tonal features were felt to be unacceptably poor, 
therefore textural attributes were investigated. Texture is an important attribute used by 
photogeologists to discriminate lithology. In the case of TM data, texture measures 
were found to increase the classification accuracy by up to 15%. However, in the case 
of the LANDSAT MSS data the use of texture measures did not provide any significant 
increase in the accuracy of classification. For TM data, it was found that second order 
texture, especially the SGLDM based measures, produced highest classification 
accuracy. 

Contextual post processing was found to increase classification accuracy and improve 

the visual appearance of classified output by removing isolated misclassified pixels 
which tend to clutter classified images. Simple contextual features, such as mode filters 
were found to out perform more complex features such as a gravitational filter or 

minimal area replacement methods. Generally the larger the size of the filter, the greater 

the increase in the accuracy. 

Production rules were used to build a knowledge based system which used tonal and 
textural features to identify sedimentary lithologies in each of the two test sites. The 

knowledge based system was able to identify six out of ten lithologies correctly. 

Key words: Argentina, Geological Remote Sensing, Digital Image Processing, Textural 

Analysis, Contextual Analysis
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Chapter 1 

Introduction 

1.0 Data Production Rates 

Remotely sensed data are being acquired at such rates that it is now impossible to view 

all scenes which are recorded. According to Hardy (1985) LANDSAT Multispectral 

Scanner (MSS) generates 5x103 bits/km2 (208 pixels by six bits by four bands). The 

Thematic Mapper (TM) on LANDSAT four and five generates 5.4x104 bits/km2 and 

the SPOT High Resolution Visible (HRV) sensor generates 6x104 bits/km2 in 

multispectral mode and 8x104 bits/km2 in panchromatic mode. If the area covered by a 

typical satellite is 5x108 km2, and this is covered in say 16 days, then the earth is 

covered by somewhere in the region of 10!4 bits of data every year by just one 

satellite. Put another way this is equivalent to over 100 000 Computer Compatible 

Tapes (CCT's) recorded at 6250 Bits per inch (BPi) every year. Furthermore with the 

new generations of radar satellites now being planned such as ERS-1 (and ERS-2), 

RADARSAT and the Japanese radar satellite, this situation can only be exacerbated. 

Especially as active sensors such as these radars can produce images in all weathers 

both night and day. The data generated by these satellites may be useful for a number 

of different disciplines, therefore the processing of the data is daunting. A plethora of 

papers appear when a new sensor becomes operational while the data from yesterday's 

satellite is left not fully investigated for their potential benefits. 

1.1 The Nature of Remotely Sensed Data 

The user needs knowledge or information about an object being sensed by a remote 

sensing device, in a form which he can understand. This information is generated by 

interpretation of the data. Remotely sensed data can be interpretted in two ways: firstly 

by the human interpreter and secondly by computer. The human interpretation may 

take place either prior to enhancement or after enhancement; the enhancement may either 

be non digital (photographic enhancement),or digital (computer enhancement). Typical 

enhancement might be contrast stretching or edge sharpening. Computer analysis may 

be in the form of the production of area statistics of classes in a scene, or the production 

of a thematic map such as land cover or lithological map. 

In an ideal world remotely sensed data would be stationary (that is, the measurements 

made on an unchanging object would not vary with time). The variations of the 

physical properties of an object would be explained by simple mathematical models 
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(for example gaussian distributions). The physical properties being sensed might be 

the spectrum of energy a material reflects (or absorbs), a particular wavelength of 

radiation it emits, or some property of its radar roughness. Therefore the sensor would 

image in regions of the electromagnetic spectrum where the object being sensed was 

uniquely discriminated and identified. 

In the real world of course the criteria above are not found; normally the remotely 

sensed data is non-stationary, non gaussian distributions are found, physical properties 

of objects are ambiguous, and the image is noisy to a greater or lesser extent. 

Furthermore, the means of analysis is by computer (digital image processor) which are 

normally not designed for remote sensing data sets. Most computers are designed to 

hold relatively small data sets with a high degree of precision. However, remote 

sensing images are normally large data sets, for example 3240 by 2340 pixels for a 

typical LANDSAT MSS scene( LANDSAT TM and SPOT images are much larger), 

held with a low degree of precision (typically eight bits or less for each band). 

Therefore there is a mismatch between the data source and the means of analysing it. In 

the real world therefore there are many problems which need to be investigated. 

1.2 Trends in Remote Sensing 

Many trends or developments in the twin fields of remote sensing and digital image 

processing can be identified. These include the following: 

1) Higher resolution images and therefore much larger data arrays. In the past decade 

the spatial resolution of earth resource satellites has come down from about 80 m (for 

LANDSAT MSS), to 30 m in 1982 (for LANDSAT TM) to 10 m in 1986 (for SPOT 

HRY panchromatic). A LANDSAT MSS image pixel is therefore covered by some 64 

SPOT panchromatic pixels. The Earth Observation Satellite Company (EOSAT) who 

operate the LANDSAT series of satellites are investigating the possibility of placing a 

panchromatic band on LANDSAT 6 or 7 which will have a spatial resolution of 5 m, 

and therefore the increasing spatial resolution of sensors will continue into the 

forseeable future. 

2) More and better positioned spectral bands. LANDSAT MSS has four bands in the 

visible and near infra red, these bands are both broad (that is they cover a wide part of 

the electromagnetic spectrum) and are in adjacent parts of the spectrum, so that 

particular spectral features cannot be identified. LANDSAT TM has six bands which 

are both narrower and better positioned than the bands for LANDSAT MSS. This is 

particularly important in geological surveys because of the ambiguous spectral response 

of geological materials in the visible and near infra red. The trend toward terrestrial 
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sensors with improved spectral capability continues, from the ATM with 11 bands, to 

instruments such as the Fluorescent Line Imager (FLI) which has some 288 channels 

covering the visible to the thermal infra red. It is only a matter of time before a 

spaceborne spectroradiometer of this sort is launched. 

3) Three dimensional data sets for stereoscopic viewing. These are the norm in aerial 

surveys because of the topographical information they provide. The SPOT satellite is 

the first commercial earth resources satellite available with the ability to produce 

stereoscopic images at nearly all latitudes. Stereoscopic images are particularly 

important in geological work because of the structural detail they give, such as amount 

and direction of bedding dip, amount and direction of fault movement and 

chronostratigraphic information such as unconformable contacts. 

4) The use of multitemporal and or multisensor data sets. This will become particularly 

important when radar data sets become routinely available in the 1990's, in the same 

way that multispectral passive images are now available from the LANDSAT and SPOT 

satellites. The importance of radar images is that they have ‘all weather night and day' 

imaging capability, because they provide their own energy to sense an object. They 

also provide information about the physical properties of an object, such as its 

roughness or complex dielectric constant, which are not provided by other sensors. 

Therefore radar images have very important benefits to both the civilian and the military 

remote sensor. 

5) The repeat time of sensors. This is an important point, especially in the case of 

dynamic situations such as monitoring volcanic events. The repeat time (the revisit time 

for a point on the earth's surface) of LANDSAT's 1, 2 and 3 was 18 days, this was 

reduced to 16 days with LANDSAT's 4 and 5. Although the revisit time for an orbit of 

the SPOT satellite is 26 days, the satellite can steer its sensors so that (depending on 

latitude) a revisit time of 3 to 4 days is possible. The revisit time of meteorological 

satellites is by necessity much more frequent than those of earth resources satellites: 

once a day for AVHRR data, and three images an hour for METEOSAT data. Much 

useful work can be done viewing large scale geological phenomenon with these 

satellites, such as monitoring the progress volcanic clouds in the upper atmosphere. 

In order to be able to fully exploit the information content of the data which is currently 

being produced by remote sensing devices, it will be necessary to develop algorithms 

which efficiently process and analyse the data. This means producing results which are 

satisfactory to an end user who may have no knowledge of how the product was 

generated. It may be possible that processing to geometrically and radiometrically 

correct the data onboard the satellite will be developed. Radar images might be 

converted to images onboard the satellite, perhaps by using a transputer array to 
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perform the necessary processing. Processing of this sort is important because it not 

only cuts down the amount of processing which must take place on the ground, it also 

means that the amount of data transmitted to the ground might be reduced. Further 

investigation into the uses of radar images and combined data sets must be undertaken. 

However, one of the problems of such multiple data sets was pointed out by Mather 

(1985) who states that the computational time of the maximum likelihood classifier 

increases as a square of the number of bands. Therefore new algorithms must be 

investigated which are both computationally simple and efficient. Multisensor data sets 

are a great demand on computer time, however, advanced processor technology such as 

that described by Landgrebe (1981) is likely in the near future to make this less of a 

problem. 

Clearly there is a need for a policy on archiving otherwise, the rate of production 

would eventually outstrip the ability to record and store the data. This means devising 

algorithms to do automatically, or at least semi automatically, what is currently done by 

the human interpreter. It also means throwing data away which is either of poor quality 

or of little interest to users. While this rather glib statement sounds relatively 

straightforward this is no means the case, as some of the very special operations that 

are undertaken by the human brain are at present very difficult if not impossible to 

emulate. Furthermore, problems of archiving are exacerbated by the fact that one 

scientist's cloud ruined scene is another's interesting weather pattern. One of the tasks 

for remote sensing scientists must be to evaluate the full potential of each type of 

imagery for each interested discipline. This means research into the fields of Artificial 

Intelligence and image understanding. This is a long term aim for digital image 

processing, in the shorter term there should be an aim to better exploit the data with 

more sophisticated analysis techniques and to produce more accurate useful and timely 

products. 

1.3 The Aims of this Research 

The aims of this research are to investigate the various types of multisensor data set 

(which are now becoming increasingly common), and their application to lithological 

mapping. This is of great interest, as large regions of the planet remain either poorly 

mapped or totally unmapped in terms of both geomorphology and geology. This is 

particularly the case in desert areas where the inhospitable conditions make fieldwork 

both expensive and dangerous. It is intended that remote sensing data sets can be used 

to produce geometrically and lithologically accurate thematic maps. There is a slight 

problem here, because the only way at present to produce geometrically correct remote 
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sensing data is to register to an existing map or surveyed ground control points. It is 

envisaged that in the near future the orbital characteristics of resources satellites will be 

monitored sufficiently, so that the geometric errors of the satellite can be modelled. 

Therefore, accurate maps will be produced from these data without the need for reliable 

base maps. The techniques which are described and tested in this work have been 

specifically applied to lithological mapping. However, exactly the same techniques can 

find application in the many diverse subjects for which digital satellite data has found 

use. 

1.4 Methodology 

Chapter 2, deals with geological remote sensing and some of the techniques, both 

digital and non-digital, which are currently used for this work. The next chapter 

discusses digital image classification techniques and attempts to show why these 

techniques have received but limited success in the field of lithological mapping. 

Chapter four describes the nature of the imagery used for this work. Chapter five 

describes the geological setting of the study areas for this research (that is North 

Western Argentina) and the appearance of the lithounits in the imagery. Chapter six 

investigates the techniques of textural classification and attempts to show which are the 

most useful for remotely sensed data sets. The following chapter introduces some of 

the ideas which have been suggested for contextual analysis for increasing classification 

accuracy, and describes the results of tonal/textural and contextual classification of the 

test sites. Chapter eight describes how simple knowledge based rules may possibly be 

used for high level labelling of classes in imagery. This means assigning names to 

lithotypes in a similar way to the photogeologist. Finally the conclusions of the 

research are drawn and a discussion about the possible benefits of this research is given 

along with possible areas for further research. 
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Chapter 2 

Geological Remote Sensing 

2.0 Introduction 

Geological remote sensing is an extension of the earlier discipline of photogeology. 

Photogeology can be defined as the visual extraction of geological information from 

photograph or image (Robinove, 1963). The term remote sensing was first used in the 

early 1960's with the first Symposium on Remote Sensing of Environment (University 

of Michigan, 1962). Much of the impetus for remote sensing was provided by the 

declassification of military imagery and the wide variety of electronic and optoelectronic 

scanners then being developed (Colwell, 1983). Further momentum occurred with the 

advances in platform design and especially the potential made possible by space 

platforms. 

Geological remote sensing includes all the techniques and principles of photogeology 

combined with a multitude more borrowed from a wide variety of other disciplines such 

as computing, chemistry, spectroscopy and physics. The term embraces the manual 

and digital analysis of images from a large number of remote sensing devices in order 

to extract geological information. The importance geological remote sensing is 

underlined by Allan (1986) who shows that this is one of the few commercially viable 

areas of remote sensing. 

A number of texts have been published on both photogeology and geological remote 

sensing. Photogeology Regional Mapping (Allum, 1966) remains a classic text on 

photogeology. The first edition of the manual of remote sensing has a chapter given 

over to "Terrain and Minerals: Assessment" (Reeves et al., 1975) and this is updated in 

the second edition under the title "Photogeology and Geological Remote Sensing" 

(Williams, 1982). One of the best texts in geological remote sensing remains "Remote 

Sensing in Geology" (Siegal and Gillespie, 1980), two of the four sections are devoted 

to image processing and enhancement techniques. Slaney (1982) in "LANDSAT 

Images of Canada a Geological Appraisal" provides field geologists with LANDSAT 

imagery and invites them to comment on the usefulness of these data. Probably the 

most visually impressive and most up to date text in this area is Image Interpretation in 

Geology (Drury, 1986a). This book includes excellent chapters on thermal images, 

radar images and image processing. 
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2.1 Development of Geological Remote Sensing 

As previously stated the use of conventional aerial photography in geological 

interpretation is a long established technique but it was not until the results of the space 

programme became available that the scope of remote sensing in geology began to be 

appreciated. For example much of the pioneering work on lunar stratigraphy was 

carried out by the United States Geological Survey (notably by Shoemaker and 

Hackman) from earth based photography and Soviet Moon probe imagery (Rothery, 

1985a). 

Many geologists (particularly academics) remain largely unaware of the geological 

value of remotely sensed data. Many may have become disenchanted by the wild, and 

largely unfilled claims made in the early days of LANDSAT, others were probably 

disappointed by the poor quality of the standard products produced by NASA 

(Rothery, 1985b). However, hardware and software for digital processing of these 

data is now becoming comparatively inexpensive. An example of what can be achieved 

can be found in the remote sensing unit at Aston, here 3 frame grabber boards each able 

to hold 512 x 1024 x 8 bits of data were purchased to work with an IBM PC-AT host, 

A certain number of low level subroutines were provided with the boards for software 

development. The total cost of the system including IBM PC, display and colour 

printer was somewhere in the region of £7000 in 1987 prices. With this price tag the 

production of products suitable for the special requirements of the geologist are now 

possible for relatively small (under financed) Geology Departments and for small 

companies. 

2.2 Objectives of Geological Remote Sensing 

The major objectives of geological remote sensing from satellite data were given by 

Fischer (1976) he lists four main aims, these are: 

1. The identification and location of large features (including glacial, fault, and 

volcanic features) which are present on the surface of the earth, but because of their size 

and subtle expression have gone unrecognised. These features can be seen because of 

the synoptic viewpoint given by satellites. 

2. The use of multispectral imagery for mapping the distribution of lithology. 
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3. The identification of certain environmental features which are only 

intermittently visible depending on the angle of illumination and on snow, water or 

vegetation distributions. 

4. Viewing certain geological processes such as vulcanicity or sedimentation 

which can be better understood if seen in some form of time lapse mode. 

The following sections describe some of the routine ways in which remotely sensed 

imagery has been applied to geological problems and some of the manipulation 

techniques carried out. An emphasis in this text is placed on those techniques which 

satisfy Fischer's second aim of geological remote sensing, because this is the major 

thrust of this thesis. 

2.3 Lineament Analysis 

O'Leary et al. (1976) defined a lineament as a "mappable, single or composite linear 

feature of a surface, whose parts are aligned in a rectilinear or slightly curvilinear 

relationship. . . . and reflect a subsurface phenomenon". They can be formed by a 

variety of geomorphological elements, including, topography, vegetation and soil or 

rock tonal alignments. Most appear to be continuous, but on closer inspection consist 

of closely spaced edge and line segments which tend to be merged by the eye. This 

intermittent nature of lineaments is one of the reasons why it is difficult to produce 

algorithms which will objectively enhance and extract these features. 

Geological lineaments are important for a number of reasons, they may represent fault 

or fracture zones. These zones may be areas of high seismic risk or subsidence. They 

also be areas of economic importance, for example it is well known that certain types of 

mineralising fluids tend to follow zones of weakness in rocks these can give rise to the 

famous Mississippi valley (Cu-Pb-Zn) type of mineral deposit. 

Many studies by photo-interpretation of lineaments have been attempted, Qureshy 

(1982) found coincidence between photo-interpreted lineaments in LANDSAT MSS 

imagery and gravity and magnetic data of a study area in northern India. Ray et al. 

(1980) studied lineaments in LANDSAT MSS imagery of northwestern India they 

linked this to the genesis of base metal mineralisation in the area. Other studies include 

Babcock and Sheldon (1976); Bhan and Krishnanunni (1983); Gold and Parizck 

(1976); Haman (1976) and Wheeler and Stubbs (1976). 
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2.3.1 Measuring Lineaments 

Podwysocki et al. (1976) studied lineaments interpreted by four different skilled 

observers. They found that "only 0.4% of the total 785 linears" (in the image) " were 

seen by all four operators, 5% by three operators, and 18% by two operators". The 

study also showed that the average lengths of the lineaments mapped by different 

observers were significantly different. It should also be noted that right handed 

interpreters find it easier to draw NE-SW trending lines (conversely left handed 

interpreters find easier to draw NW-SE lines). To avoid bias, the image should be 

periodically rotated through 90°. These results show some of the drawbacks of manual 

interpretation of lineaments. It is for these reasons that objective procedures for 

lineament enhancement and extraction have been proposed. 

2.3.2 Lineament Enhancement Methods 

Various techniques have been tested to enhance lineaments, these include both digital 

and optical processing methods. The next sections describe some these. 

2.3.2.1 Optical Processing 

Pohn (1970) pointed out that lineaments could be enhanced by using a coarse 

diffraction grating consisting of closely spaced parallel lines on a glass or plastic plate. 

The apparatus is slowly rotated in front of the image, features perpendicular to the 

grating become enhanced at the expense of those parallel to the grating (ie directional 

filtering). This apparatus is known as "Ronchi Ruling" and was used to identify 

several sets of linear features by Offield (1975). 

Other optical techniques for lineament extraction are based on the Fourier transform of 

the image. If an image is thought of as a two dimensional surface where the brightness 

at any point (ij) represents the height of the surface at that point then the image can be 

thought of as a three dimensional wave surface. This wave can be thought of as a 

composite wave made up of pure sine and cosine waves of various amplitudes and 

frequencies. The low spatial frequency content of the image represents large areas with 

constant brightness. High frequency information consists of brightness changes over a 

short spatial dimension. Lineaments therefore can be thought of as belonging to the 

high spatial frequency component of the image. 
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McCullagh and Davis (1972) found that the technique was useful for showing the 

spatial frequencies in various types of aerial images. Experiments using the optical 

Fourier transform on LANDSAT imagery were carried out by Barnett et al. (1976). 

They were able to extract textural information corresponding to fine details in the image 

and thus they claim that a better appreciation of the geological structure can be obtained. 

2.3.2.2 Digital Processing 

Two types of digital processing have been used for lineament analysis, these are firstly, 

Fourier based techniges and secondly, techniques based on convolution filtering. In 

the Fourier transform the image is separated into its component sine and cosine waves, 

the image is said to be transformed from the spatial domain to the frequency domain. 

The transform can be performed by both optical and digital means. The transform is 

fully reversible so that the Fourier transform of an image can be transformed back to the 

original image. The simplest way to view a Fourier transform of an image is by 

computing the power spectrum, this is the magnitude of the transform at each (i,j) point 

in the image. 

power spectrum=v((real part)2 + (imaginary part)2) equation 2.1 

The power spectrum shows the highest spatial frequencies at the centre of the 

transformed image and successively lower spatial frequencies at greater distances away 

from the centre. The direction of a particular frequency is given by the angle that it 

plots at. 

Various filters which can block out or enhance certain directions or frequencies can be 

used. The simplest way of blocking out the lower frequencies is a ring which allows 

frequencies near the centre of the image to be passed while impeding those which occur 

in the vicinity of the ring. 

Gramenopoulos (1973) used both optical and digital Fourier methods to extract spatial 

signatures of land cover classes using LANDSAT MSS data, he had accuracies ranging 

from 11% for river beds to 97% for a desert class. Fredericksen (1981) used digitised 

aerial photography in order to obtain spatial signatures of various geological and 

geomorphological classes using the Fourier transform. 

This is a digital technique in which a small matrix (or kernel) is passed over all the 

pixels in the image. The pixel to be altered (in figure 2.1 this is denoted by P5) is 
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replaced by some mathematical function of the pixels in the kernel (see figure 2.1). In 

general the new pixel value PS' is given by: 

P5' = (A.P1 + B.P2 + C.P3 + D.P4 + E.P5 + F.P6 + G.P7 + H.P8 +I -P9)/K 
equation 2.2 

Where P1, P2, P3, P4, P6, P7, P8 and P9 are the neighbouring pixel values to PS, A, 
B, C, D, E, F, G, H and I are kernel values as shown in figure 2.1, and K is constant. 

The new central pixel is placed in the output image and the kernel advances along one 

pixel in the image as shown in figure 2.2. Typical sizes of kernels are 3 x 3, 5x D5 0k 
7 but sizes of up to 101 x 101 are sometimes used. For example, the average of the 

pixels in the kernel may calculated, the output image will appear blurred because the 
high spatial frequencies are suppressed. If this (low pass filtered) image is then 

subtracted from the unfiltered image then only the high frequencies will remain. As 
already stated these high spatial frequencies include the lineaments which we are 

seeking. This type of approach known as subtractive filtering was used by Chavez et 

al. (1976), Thomas et al. (1981) and by Brunner and Veck (1985). 

Figure 2.1 To illustrate the Kernel used in convolution filtering 
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Figure 2.2 To illustrate the movement of a filter through the image 
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Filters which enhance high spatial frequencies are known as high pass filters, those 

which suppress high spatial frequencies are known as low pass filters. Non square 

filters or directional filters are sometimes used but these can introduce linear artefacts 

into the image (Gillespie, 1976). Directional filters were used by Moore and Waltz 

(1983) who outline an objective procedure for lineament enhancement. This method 

involves selective thresholding of the filtered imagery to find the lineaments in the 

imagery after filtering. Drury (1986b) finds disappointing results for directional 

filtering of LANDSAT TM imagery of South west England because of the clutter 

caused by agricultural features. 
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2.4 Lithological Mapping 

The major aim of geological mapping is to identify geological materials, in terms of 

age, structural relationship and lithology. Remote sensing cannot give absolute ages 

but can be sometimes indicative of relative age. Just as a field geologist bases his 
subdivisions on hand specimens which are more generalised than the subdivisions used 
by the petrologist using the microscope, so the photogeologist must use more 

generalised subdivisions than the field geologist. The ability to distinguish lithology is 

often very much restricted because of the relatively poor positioning of spectral bands 

and the low spatial resolution in many remote sensing devices used for geological 
work. Lithological mapping using remotely sensed data involves the ability to both 

distinguish and identify at least two lithofacies in the imagery. The ability to 

distinguish implies recognising differences in spectral and/or spatial properties of the 

classes in the data. The ability to identify lithological materials is a much more difficult 

problem than simply distinguishing them. Lithological materials which are quite 

different lithologically may have similar spectral responses while similar materials may 

have different spectral responses. This is further exacerbated by vegetation and soil 

development which can alter spectral signatures. Geological photo-interpreters are able 

to recognise and map units in an image by a number of different criteria, including 

differences in albedo, spectral contrast, textural (spatial) properties and by position in 

the image. It is these skills which the computer must emulate in order to routinely 

process images in a meaningful way. 

2.4.1 Spectral Identification and Discrimination of Geological Materials 

LANDSAT MSS data has a spectral range that covers only the visible and the near IR 

parts of the electromagnetic spectrum. In this region of the spectrum limonite (a catch 

all term for iron hydroxides) is the only mineral which can be uniquely identified 

(Hunt, 1976). Limonite has absorption bands associated with the ferric cation which 

gives rise to a characteristic spectral response in this part of the spectrum. The unique 

identification of rock material is therefore not possible in the visible or near IR. 

However, considerable success can be achieved in delineating and discriminating rock 

units, providing the correct processing is carried out. 

Limonite is important because hydrothermally altered rocks often contain iron pyrites 

which oxidizes to give limonite. Rowan et al. (1974), Podwysocki and Segal (1980), 

and Podwysocki et al. (1982) used multispectral scanner data to delineate limonitic 

material which may be associated with hydrothermally altered rock. However, not all 
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limonite occurs in hydrothermally altered rocks, or hydrothermally altered rocks may 

occur without iron pyrites. Therefore the presence or absence of limonite does not 

unequivocally prove hydrothermal alteration. 

Distinctive silicate bending and stretching vibrations occur when silicate lattices are 

excited by radiation from the middle and the thermal infrared. This gives rise to 

distinctive spectral responses for these materials in those parts of spectrum. As silicates 

make up over 80% of the earths crust they are of the upmost importance for the 

geologist. For these reasons much effort has been expended producing scanners such 

as TIMS (thermal inertia multispectral scanner) and other thermal scanners and even 

spectro-radiometers such as FLI (fluorescent line imager) which has up to 288 

channels. 

Minerals such as carbonates, clay minerals such as kaolinite, montmorillonite, jarosite, 

alunite, sericite and pyrophyllite have distinctive spectra in the middle infra red 1.8 pm 

to 2.5 um range. It is for this reason that the band 7 of the thematic mapper was added 

(on the recommendation of the GEOSAT working group (Henderson and Swann, 

1976)). This band was added at such a late stage that it was given the name band 7 

even though band 6 is a thermal band covering the 10 jm to 12 um range. 

Clay and other minerals diagnostic of hydrothermally altered rocks have been mapped 

using aircraft MSS data by Ashley and Abrams (1980), and by Rowan and Kahle 

(1982) and using satellite data by Rothery (1987). 

The thermal IR (8-14 jm) range is especially important for the reasons stated above, 

that is it contains emittance minima diagnostic of the major types of silicates (Vincent et 

al., 1975); Hunt (1981). These minima occur at different spectral positions depending 

primarily on the mineral composition. The position of these absorption features is 

associated with bending and stretching movements in the Si - 0 tetrahedra (the so called 

restrahlen bands). The amount of absorption is dependent on the interconnection of the 

Si - 0 tetrahedra comprising the crystal lattice. The end members are represented by 

quartz with complete sharing of all oxygen molecules, to olivine, with its isolated Si04 

tetrahedra (Goetz and Rowan, 1983). 

2.4.2 Radar Image Analysis 

Radar images provide complementary information to other forms of remote sensing 

imagery which make them useful for mapping the surface roughness of classes on the 
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ground. In terms of lithology this means that they can often differentiate between fine 

and coarse grained rocks. Koopmans (1985) using SAR 580 data of European test 
sites found that the "spectral" characteristics of radar data were not useful for mapping 

rock units. He found that the geological information was bound up the texture of the 

image, the texture being related mostly to the drainage pattern. Evans et al. (1986) used 

10m resolution multipolarisation data over geological sites in the Death Valley area of 

California. The radar images gave data for the mapping of surficial deposits of 

differing age, lithology, and chemical composition. In the Wind River Basin area, they 

found that multiple polarisation radar data could discriminate sedimentary rocks based 

on their surface roughness and vegetation cover. 

2.4.3 Coregistered Multispectral Imagery and Radar Imagery 

Stewart et al. (1980) used coregistered LANDSAT MSS and SEASAT data of the San 

Rafael Swell area of Utah. This is a large breached asymmetric anticline composed of a 

variety of sedimentary rock types. The SEASAT image allows differentiation of fine 

grained rock units from coarse grained units, because it is sensitive to surface 

roughness. The LANDSAT image on the other hand provides surface composition 

information, therefore the two images provide complementary information. 

Furthermore the SEASAT image with a pixel size of 35 m allows additional lithological 

units to be differentiated, the added texture is of great help in distinguishing between 

some of the subtly different units. 

Geometric registration of SIR-A, SEASAT and LANDSAT MSS images was carried 

out by Rebillard et al. (1984) for analysis of a terrain in northern Tunisia. The 

SEASAT image was chosen as the reference image and root mean square (RMS) errors 

of two to three pixels in both x and y were obtained for a least square method of 

solving the transform equations and using a bicubic interpolation. Similar RMS errors 

were found by Oldfield et al. (1988) using LANDSAT MSS, TM and SIR-A data ina 

study area of northern Argentina. 

2.4.4 Band Ratioing 

Various arithmetic combinations of bands are possible. The most useful of these 

combinations for lithological discrimination is the ratio of one band to another (that is, 

band A divided by band B). The ratios can theoretically produce values from zero to 

infinity but because of the restricted range of pixel values in most images ratios rarely 

fall outside the range of 1/4 to 4, These ratios are then scaled into the range of 0-255 
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for display. This may be completed by setting values of less than unity to values of 0- 

127 and values of greater than unity to the range of 129-255. 

The most important advantage of a ratio image is that the spectral signature curve of the 

particular surface material is accentuated. If the bands cover peaks, or absorption 

troughs, or changes in slope of the curve they can be combined in pairs to enhance the 

subtle spectral response of the material. In LANDSAT MSS for example, bands 5 and 

7 show vegetation as dark and light respectively (the so called red edge). In a standard 

false colour composite vegetation will stand out as red. However, variations in 

vegetation density and type are lost. Ratios of these two bands show small changes in 

these parameters because the amount of vegetation has a large effect on the ratio. 

A second major advantage of band ratioing is the reduction of shadow effects. Because 

of topographic slopes in a scene a lithology may appear in different tones due to 

shadow effects. The amount of shadow should be the similar in all bands, therefore a 

ratio image of the same lithology should show similar tone no matter what the 

illumination (ie the shadow divides out). In practice this is not always the case because 

the spectral response of the material is subtly different in shadow than that of the same 

material in direct illumination. Nevertheless, a ratio image does reduce the effects of 

uneven lighting caused by slope and shadow. 

A disadvantage of band ratioing is that it enhances noise, this is because noise is 

uncorrelated with the data set. This gives rise to erroneous values in the numerator or 

the denominator of the ratio which in turn produces extreme values for the ratio. A 

second disadvantage of band ratioing is that it suppresses albedo information (where 

albedo is the overall ability of a material to reflect radiation of all wavelengths). For 

example some clay rich rocks such as marls have similar spectral properties to the basic 

igneous rocks. However, the basic rocks have lower albedo than the marls. In a ratio 

image the lithologies will appear identical. Clearly in this case a multispectral image is 

needed to discriminate the features in the image. 

Because of the 4 bands on LANDSAT MSS there are only 6 possible ratios (and their 6 

reciprocals) these are 4/5, 4/6, 4/7, 5/6, 5/7 and 6/7. These can be combined in various 

false colour composites of which more than 20 different choices are possible. In order 

to determine which composite will produce the best discrimination the important 

spectral features should be decided upon prior to analysis. This can only be achieved 

by a knowledge of the rocks and the soils in the study area and their spectral response. 
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Band ratioing has been successfully used to identify rocks containing limonite by 

Rowan et al. (1974); Goetz et al. (1975); and Blodget et al. (1978). It has been applied 

to aircraft MSS data by Rowan and Kahle (1982); and Podwysocki et al. (1982). 

Davis et al. (1982) used band ratios for locating phosphate, gypsum and limestone 

deposits with LANDSAT MSS imagery of south central Tunisia. 

2.4.5 Principal Components Transform 

Principal Component Analysis (PCA) (also known as the Kohunen Loeve transform) is 

a mathematical transformation based on the image covariance or correlation matrix. In 

this transformation the original n bands of data are projected onto n new principal 

components. The new axes are calculated by, linear additive combinations of the old 

bands. The principal axis known as the first principal component (PC1), lies along the 

line of greatest variance in the scene. The second principal component (PC2) is 

orthogonal to the first principal component in such a direction to maximize its variance 

(see figure 2.3). Successive components each have successively less scene variance. 

Principal components is an analysis technique used to give the investigator a feel for the 

distribution of data. In a typical LANDSAT MSS scene the first principal component 

may contain between 90% and 95% of the total scene variance and the fourth principal 

component (PC4) (last and least component) may have less than 1% of the variance. 

Band 2 

  

Band 1 

Figure 2.3 To illustrate the principal components transform 
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Principal components may be displayed in combinations of threes one on each of the 

colour guns of a video output to produce a false colour composite. The transform can 

reduce the dimensionality of large multiband data sets (which are becoming increasingly 

common in remote sensing). Further instead of the limited number shades and hues 

that characterise most images, principal components with their decorrelated bands give 

vivid colours. Unfortunately since the statistics of no two scenes are alike, the colours 

in the image after the transform will not be alike even though identical themes may be 

present. A further disadvantage is that noise is not correlated with the data set, lower 

components therefore often have large contributions of noise. Since in the false colour 

composite each band is given equal prominence the lower components give the scene a 

noisy appearance. 

Despite these drawbacks the principal components transform has been successfully 

applied to lithological discrimination by many authors including Taylor (1974); 

Fontanel et al. (1975); Merembeck et al. (1977); Blodget et al. (1978); Blodget and 

Brown (1982); Jacobberger et al. (1982); Lees et al. (1985); and Fraser and Green 

(1987); 

A technique similar to the principal component transform is called canonical analysis. 

Here the statistics of the PCA are calculated from small training areas which are 

indicative of the themes which are to be discriminated, but the transform is applied to 

whole image. This method was used by Rothery (1985c). 

A process known as decorrelation stretching is based on the principal component 

transform. In this method the new decorrelated axes are computed and some form of 

contrast enhancement is applied. The data are then projected back onto the original axes 

so that the original colours of the lithologies are preserved. The scene, however, has a 

much richer set of colours which makes interpretation easier. This method was applied 

to LANDSAT TM geological images by Rothery and Francis (1987); and Rothery 

(1987). 

2.4.6 Colour Spaces 

Most images are expressed as the three additive primary colours red, green and blue. 

This is known as the RGB colour co-ordinate system or the RGB colour space. The 

problem with this colour space is that it is difficult to optimise contrast stretches. Some 

transformations such as the principal components produce vivid colours but are scene 

dependent, so that they are not easy to relate to the electromagnetic interactions of the 
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surficial material. To overcome these problems alternative colour spaces can be 

considered. 

One of the most widely used colour spaces is the Intensity, Hue, Saturation system 

(IHS). The hue of an object is the average wavelength which it reflects. There are two 

kinds of hue those like green, yellow and blue which can be found in the visible 

spectrum (known as the spectral hues) and those such as purples and browns which 

cannot be found in the visible spectrum (known as non-spectral hues). Saturation is the 

range of wavelengths around the average wavelength, in other words it is a measure of 

the pureness of the light. A high value of saturation indicates a single pure colour. 

Intensity is a measure of the total energy involved in all wavelengths of the reflected 

light from an object. A high intensity means much light. 

Transformation from RGB to IHS space can be performed by rotation of the RGB 

system co-ordinates to spherical co-ordinates. The IHS system can be thought of as 

possessing a conical shape, where intensity is the vertical axis, saturation is the distance 

from the centre of the cone and the hues lie in a radial sequence about the centre of the 

cone. 

Rothery (1987) performs a contrast stretch in IHS colour space and then transforms the 

data back onto the original axes for the reasons described section 2.4.5. IHS 

transforms have been used on single band data by using low pass and high pass filtered 

images of a scene. These can be used together with the raw data to modulate intensity, 

hue and saturation, thereby producing a coloured image. This was described by Daily 

(1983) and by Brunner and Veck (1985). 

Other colour spaces have been investigated including Taylor colour space where 

brightness is controlled by PC1. The range of DN of PC2 are assigned hues produced 

by mixing red (DN=0) and green (DN=255). Hues between blue (DN=0) and yellow 

(DN=255) are controlled by the DN of PC3 (Drury, 1986a). Munsell colour space is 

yet another colour space here brightness and colour variations in the image are 

expressed as brightness, red-greeness and blue-yellowness (ibid.). 

2.4.7 Image Classification 

This is a technique to define or recognise classes or groups where members have 

certain characteristics in common. It may be performed manually by the skilled 

interpreter or semi-automatically by computer. The classes or 'themes' give a thematic 
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map (although this term has now fallen out of favour as all maps have some theme). In 

geological terms the classes will be lithologies and the map will be a lithological map. 

For reasons discussed earlier in this chapter a map produced by remotely sensed data 

cannot be a true geological map. Two approaches to image classification can be 

attempted these are (1) supervised, and (2) unsupervised. These will be described in 

more detail in the chapter 5. 

2.5 Summary 

Remotely sensed data offers the geologist a viewpoint of features so large that they 

cannot be seen on the ground and may only be inferred after careful fieldwork. The 

structural features which are observed on the ground can be placed in their proper 

regional context by the unique synoptic viewpoint offered by remote sensing. 

Therefore a better understanding of the regional geology can be obtained 

Remotely sensed data are capable of discriminating and even identifying geological 

materials in favourable circumstances. However, the most commonly used satellites 

(LANDSAT and SPOT) have poorly positioned spectral bands for geological mapping 

and therefore only a very limited number of lithologies can be identified. Digital 

processing of the data can produce good discrimination of rock types. The data cannot 

be directly used for geological mapping as age data are not present so that stratigraphic 

units can only be inferred. In the case of the LANDSAT satellite the lack of 

stereoscopy means that few structural features such as the dip of bedding can be 

mapped, therefore these data can only be used to produce lithological maps. 
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