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ABSTRACT
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In conventional remote sensingisiblenear infrared (VNIR) and shortwave infrared (SWIR) part of the
electromagnetic spectrum (EMS) have been utilizat lithological discriminationextensively.
Additionally, TIR part of the EM spectrum can also be utilifeddiscrimination of surface materials
either through emissivity characteristicof materiak or through radiance as in VNIR and SWIR. In this
study, ASTER thermal multispectral infrared data is evaluated in regard to lithological discrimination and
mappng through emissivityvalues rather than conventional methods that utilize radiance valles
order to reach this goaPrinciple Component Analysis (P@AJ Decorrelation Stretch techniques are
utilized for ASTER VNIR and SWIR .datathermore the spectral indices which directly utilizéhe
radiance values in VRISWIR and TI&e also included in the image analysihe emissivity valuesre
obtained throughTemperatureEmisstity Separation (TES) algorithm. Tesults of the image analyses,
exceptspectral indices, are displayed in RGB color composite along with the geological map for visual
interpretation. Tre results showed thatitilizing emissivity values possesses potential for discrimination

of organic matter bearing surfacmixtures which hasnot been possiblethrough the conventional
methods. Additionally, PCA of emissivity values may increase the level of discrimination even further.
Since the emissivity utilization is rather unugédoughout in literatureand new further assessment of

acairacy s highly recommended along with the field validations

Keywords: ASTERThermal Remote Sensind)R, TenperatureEmissivity SeparationTE$, Lithologic

Discrimination
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INTRODUCTION

Remote Sensing techniqudsacluding analog aerial photographs and digital airborne or
spacebornemageshave been utilized for over half a centuigr geological purpose®©ne of

the most widespread uses of remote sensing in geology is detection and identification of
surface material@nd structuresThe spatial and spectraksolutions of the imagebave been

the key factos for discrimination of surface materials.

Multispectralimaging systemgrovide information regardingfrom the surface magrialsand
utilizeswide range on the electromagnetic spectrunom visible part to thermal regianin

other words, multispectral imaging systenmmovide information from the range of the
electromagnetic spectrum (EMS) that is visible to human eye tousible range extending

from nearinfrared, shortwave infrared to thermal and microwave region. Therefdrey tcan

be used to discriminate materials which may have exactly same color within the visible range
while having different response in neisible part of the EMS. In such instances they are much

useful than even human eye in an outcrop.

Most of the mulispectral imaging systems cover the visib&ar infrared(VNIR)and shortwave
infrared (SWIR)region of the spectrum. Additionally, some of thesuch as LANDSAT and
ASTER imaging systeomer midlong wave infrared region also known thermal infrai@dR
region As in VNIR and SWIRe TIR radiance values of materials can be used for surface
material discriminatiorand mappingHowever, the chief purpose of thidermal systemshas
beento recove the land surface temperaturegrovided thatthe emissivity informationis

known a priori. On the other handthese imaging systems can also be used for recovering

1



emissivity information if the temperature is known or estimatdebr this purpose several
techniques havébeendeveloped for recovering emisity and temperature values of surface
materials. Emissivity igertinent to anymaterial andrather than radiancesemissivity values

can be used for discrimination of surface materials.

Studies concerning surface material discrimination and mappeggardless of the approach

and technique preferredused either radiance or reflectance values of materials in VNIR, SWIR
and TIRIn this study, essentially band radiance values have been utilized for image analyses
which include principal component analy$PCA), decorrelation stretch and spectral indfoes
material discrimination and mapping. In addition to radiance, band emissivitésulated
through TemperatureEmissivity Separation (TES) algorithm have also been utilized for

discrimination and mappg purposes.

1.1. Purpose and Scope

The purpose of tlsi studyis to evaluatethe ASTER theral multispectral infrared datdor
lithological discriminationrand mappingthrough emissivity more precisely,to evaluatethe
capacity and usability of emissiyitvith respect to radiance in gard to level of discrimination

and mapping

In this manner he main scope of this study isot only applying temperatureemissivity
separation in order to recover emissivity values and interpret the results accordinglglso
applying previously suggested remote sensing techniques for VNIR, SWIR &od JuRace

material discrimination and mapping

1.2. Research Questions

1 Can the emissivity values of materials be used for surface material discrimination and
mapping

9 Does utilization of emissivity for surface material discrimination increase the level of
discrimination overutilization of radianc® i.e. Can surface material that cannot be

identified through radiance/reflectance be discriminated through emissivity?



1.3. Study Area

¢CKS &dddzReé INBIF Aa t20F0SR gAGKAY (GKS 41y PNP
boundaries of the study area is determined by the coverage of the used ASTER scene which
SEGSYR& TNRBY G(KS IINBI o0SWdi$SwS4Iliy] RYP (KSR S{SNf
Y2NIKSFAGT {FGPENTN @Attlr3aS Ay GKS YARRESI &
¢ Gt PLIPYFNE YIF&FOP] YR . lFeéld NBIA2Yya Ay (GKS

A

N

Study Area

Figure 11. Location of thestudy area



1.4. Organization of the thesis

This thesis includes six chapters and the contents of the chapters are as fallbeyster 1

defines the purpose and scope of the thesis along with the study &eapter 2includes the

geology of the study aredn this chapter the stratigragh 2 ¥ (G KS WithiytheRNdy . | & A Y
area iscompiledbriefly; Chapter 3covers the background information about fundamentals of

thermal radiation, use of thermal remote sensing for surface material discrimination and
temperatureemissivity separation algorithnChapter 4is the main part of the thesis that

includes the data analyse§hapter 5gives the results of the image analyses; and finally

Chapter 6includes the discussion, conclusion, limitations and recommendafionthe future

work.
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GEOLOGY

¢ KS 41 y sPaddresiok Sa AmfkaraErdkidican Suture Zone (IAE®B)ween Sakarya

| 2yGAYSyG Ay GKS y2 NI KisdngoRe oivifie MIp&KTRrtialy basigs@n] Ay
Turkey with possible economic hydrocarbon and industrial mineral (mainly evaporatic) reserves

LG A& o02dzyRSR Ay GKS gSaidx y2NIK FyR GKS St ai
OYF&8YIl1@P) SG fdX wnnn

Thel OOdzYdzt F GA2Yy 2y 4Fy1PNP .| aiAy KI LAYSIYESWR (AP p
et al., 2010)These cycles are represented (1)Upper Cretaceous to Paleocene volcanoclastic
NEOla 6, Feftlolr@P YR I LINI 1 MitshdlRidodedeMikedd = NI :
SY@ANRYYSyli NBR OflFadARE YHVAI{OINFRYLGERAEDHFAT
Paleocene to Oligocene regressive flysch to molassepience(Yo/ OF € PX  YIF N} o f e
Osmankahya Formationdyliddle Eocenenummulitic limes2 y'S 6 Y 2rdéatioal), Midd@

920SyS (2 htA3a20SyS O2yliAySyidlft NlPwpored a4 A O3
6 D N @ S ofrRakioh); (Early to Middle Miocene fluvitacustrine clasticé 4 Y RPNJ C2 NX | { .
and TortonianS @ L2 NJ { Srnationdz8) fUdper Gliocene fluvidacustrine deposits
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the units mentioned above are exposed. The stagea comprises mainfpligocene, Neogene

and Quaternary units. Thus, the stratigraphy is compiled accordifggure 2.1 depicts the
generalized columnar section within the studyear The extent of the study area over the
ALY1TPNP . lFaAy | yR SELRA&SR dzyAlia INB aKz2gy 2y
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2.1. Stratigraphy
2.1.1. Pre-Oligocene Units
Ophiolites andNorth AnaDT | EAT / PEET 1 EQOEA -i1 AT CA j.1/7-(@

b2NIK ! yIG2t ALYy hLKRAZ2NME AIOK Sa SNA W IBaFnonkKk D adl y | P
east through north and exposed in the north of the study atdAOM is consideretb be

dzy RSNI @Ay 3 YdzOK 2F (GKS 41y {PNP .l airayod ¢SOG2yA
red to purple radiolarian chert, cherty limestone, reddigflagic mudstone and serpentinized

ultramafic rocks such as peridotites and pyroxinites forms the lithological composition of the

NAOM along with gabbros, plagipanites, basement metamorphic blocks from Sakarya
Continent and derived limestones from néa@ LJ I G F2 NI & by yT cedyRdedh €3 d = I
Rojay, 1998 ml St A1 X mMddn 0

Upper Cretaceous Units

Upper Cretaceous units within the study area amainly composed ofolcanesedimentary
sequenceand exposed in the north of the study arddarly pelagic limestone/olcanogenic
sandstonetuff alternation, micritic limestoneggreen shale alternationsandstonegreen shale

alternation, agglomerate andeige benthic fossib S NAy 3 f AYSaaz2yS o, &t
Macrofossil bearing limestone, silty gillaceous limestonewhite tuff and agglomerate
intercalations, yellowbuff volcanogenic conglomerate sandstone, gray, green, reddish shale

and limy unitso , I LINJ 1 f P cor@pidelthie WppéryCretaceous unibsY I @ YI { eeP S
2001).

PaleoceneEocene Uits

Paleocene units are exposed in the nedhst of the study area. These units are overlain by
Upper Cretaceous units, Ophiolites and NAOM. Red clastics and carbonates (Kavak Formation)
bSNAGAO f AYSaid2y,Jarbidies bnk teréaliit CENY A A2y Da o05AT1 A
|  OPKFfAf C2NXNI (A 2y 0T CoGglomeraiek and saRdgtanie twikh caal2 NJY I (i
seamsd Y I NI 0 f Pl C2NXIF A2y T NIFAINFBEROL2ANNR YI ARFTNI ¢
granitoids (Mahmatlar Formation); Volcasi and volcanoclastics (Bayat Formation); Mixed
environment clastics and red bends (Osmankahya Formation) and Nummulitic limestone
6Y20l el 8 C2NXF (i A2y GEof@ReYinighiN & 8 Y KBOEY). 66 SR OSy &
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formation is characterized by alternation of very thick bedded red conglomerates with very

thick bedded red sandstones and purple to brick red thickeny thick bedded mudstones in

the northern and southwestern parts of the bas; by creamy white gypsum which laterally

YR @SNIAOFffe& 3INIRSa Ayd2z2 3INBSyYy &tkal 2080).AYy (GKS
Higher up in the eastern part, theroation is characterized by an alternation of brick red to

purple sandstones, siltstones, shale and greenish gray to bluish shale and very thick bedded red

G2 2N y3S 3Je&LJadeval., 200 SNE OYI &Yl | eP

213" i OAT AEE &i Of AGETT j4Ch /1 ECi AAT AQ

TheD N @ S yoRaflon iftensely deformed at the bottom aratthe top, K2 6 SGSNE Y I & Y I ]
(2000) recognizethree distinct levels: (1at the bottom and (2) at the top very thick bedded

finely laminated and intensely deformed gypsum alternating with thin talimm® bedded buff

to creamy white gypsiferous marls; and (3) in the middle greegriafishales scouredyblenses

of micro-conglomerated Y | € ‘et-al., @G9B).
2188 KAT AgO &1 Oi AOEzSerravdliar) " OOAECAI EATj eqQ
The extentof tK S 4 IFoyhiadNiS exposed mainly in the SW and southern part of the study

area. The formation unconformably overlies Pkeogene units while it is unconformably
2OSNIIAYy o0& {NfSevYlIyfP etslR00).21T 1 PNJ F2N¥I A2y a ¢

The formation is characterized by an aftation of red to pink, buff to creamy white pebbly
mudstone, clayey limestone, siltstone, matrix supported conglomerate intercalatedvutitie

limy-marl, thin siltylimestone, oolite bearing limestone, clayey limestone and very thin organic

rich layers & the bottom; alternation of red to pink sandgilty mudstone, loose matrix

supported conglomerates, clayey sandstone, siltstone intercalated with caliche limestone,
paleosol layerswith carbonate concretions and cross bedded sandstone and conglomerates
locally discordant with these layers in the middle; and pink sandy,-dmmgretion bearing

mudstone, clayey porous limestone, siltstone, dliltyestone, white to creamy white matrl,

greenish shale alternations and clayey, pebbly sandstone intercalatiah&e$ G 2LJ oYl @ YI ]

al, 2001).
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2001).

The formation is characterized by dark gray shale, mudstone, siltstone and sandstone
alternations at the bottom; alternation of green, pelecypoda bearing stiff bentonitic claystone

and dark green to gray organic rich mudstone, intercalated withrtghlémestone beds and

lenses of conglomerate along with very thin coal seams in the middle; and at the top it
gradually becomes marl dominated and grades laterally into alternation of-t@ddedwhite

gypsum and thick bedded yellow to pinkish sitglzRa G4 2y S o6YIl @Yl { eP SiG | f &

2168 311 AUl ATl ag &I Ol kPlibderie) j 4 Oh - AOOET EAT
¢KS {NfSeYlytP C2NXIGA2Y fFGSNIffe FyR OSNIA

dzy O2y F2NXI ofe& 2@0SNIASa (GKS ¢dzEf dz erdondatioash 2y | €
6 Yl & etal,200).

The formation is characterized mainly by an alternation of thin bedded red to buff, brick re
mudstone, gray marl with small gastropod fragments, buff laminated mudstone, thin bedded
siltstone, silty and sandy mudstométernation while at the bottonthe formation is dominated

08 O2y3Jft2YSNIXrGSa ft2y3 6SadiSNyYy YINBAYy 2F (KS
and moreshalerdzR R2YAYlFIGSR Ayi(i2 GKS OSYyGSNI 2F (GKS ot
the formatioy € F GSNIff& 3INIRSE Ayid2 . 2T 1PN C2NXNI (A?Z
JeLdadzy fOSNYLFGAYI 6AGK S6KAGS &Stf2¢ (2 o0dFT
al., 200).

2178 "1 UEgq O &I Oi AOEHliocgnd AT h - AOOET EAIT
¢CKS . 2T 1PN CRSEXIF @¥2 i KSOINIYRPNI C2NXIFGA2Y GKAC

5S@AY C2NXI { kt2aly200h).YThe fermdticaRyrades vertically and laterally into
{(NESEBYLYEP C2NX¥IGAZ2Y O

The formation is mainly characterized by alternation of gypsum with marls feindbedded

sandstones while the dominant lithology is white to pale gray gypsul & Y I { eeP. I8 G | f @
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the central part of the basin thick bedded-ceystallized gypsum and thin bedded yellow to

buff gypsum flakes bearing marl dominate the formatigh & Y I { ceP Sla thd dre®@toH n 1 MU
west of Bayat, the formation comprises an alternation of white and pinkish beds where the
white layers are characterized by an alternation of thin bedded to laminated gypsum with thin
bedded shalamarlo YI @ YI 128R) SG | f @

2.1.8. Deyim Formation (Tde, Gelasianz Early Quaternary)

The Deyim Formation is overlain Ruaternary alluvium unconformably while the formation

unconformably overlies the older unisY I € YI { eeP. S F+f ® Hnnmo

TheDeyim Brmation is characterized ainly by variable sized, poorly sorted, polygenic loose
conglomerates/gravel and sandstone (loosely compacted coarse clastics) with intercalation of
YAY2NI FAYS OflaGA0a oaArftiaidz2yS IyR YdzZRal2ySo
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THERMAL REMOTE SENSING

3.1. Fundamentals of Thermal Radiation

Thermal radiation is the emission electromagnetic radiation generated by the thermal
motion of charged particles in mattefll bodies with a temperature greater than the absolute
zero have thermal energyThermal energy resultsn kinetic energywith the random
movements of atoms and molecules in matter. These atoms and molecules are composed of
charged particles.e. protons and electronsinteraction ofthese particles with each other
createscharge acceleration and dipole oscillation. Subsequently, this results in the emission of

photons radiating awagrom the surface of the matter.

3.1.1. Blackbody Concept

A blackbody is an idealized hypothetical radiator thattally absorbsand reemits incident
electromagnetic radiationregardless of frequency or angle of incident@ndsberg, 1990)
Hence, a blackody does not reflect or transmit radiation. As stateall mater have a
temperature greater than absolute zero emitelectromagnetic radiation, therefore
electromagnetic radiatioremitted from a blackbody in thermal equilibriumi.e. at constant
temperature is called blackody radiation.In that sense blackody reemits all the radiation it

absorbs.

38v8u8u 4EA 01 AT AEGO , Ax
Blackbody radiation has a characteristic, continuous frequency specfradiance curvejhat
depends only on théemperature since a blackody emits radiation in all wavelengthghe

12



emissive power; energy radiatedg of a blackbody at any wavelength and temperature is

explained byt f I y O {(Ey31) (Plangk, 1914)Theradiance curvef a blackbodyis pealed

at a characteristic frequeng¢yand therefore a characteristic wavelengthat shifts to higher

frequencieswith increasing temperaturérigure 31). In other words, the amount of radiation a

blackbody emits increases @hg with increasing temperature. Conversely, the amount of

radiation decreases along with increasing wawglé.

G

Les(/) = S

/5p[e/TBB _ 1]

where

L.

<
Tes
G
G

Intensity

6 <o Spectral blackbody radiancbW(mzsr am)l;
wavelength[Om];
temperature of blackbody [K];
1% fundamental physical constant 3.7415%f&v m?
2" fundamental physical constant 0.0143879 m K

Bodies radiating at similar

temperatures
Surface of the sun: 6000 K
Carbon arc lamp: 4000 K
Lamp filament max.: 3000 K

Ultraviolet : Infrared
Wavelength

Figure3.1 Blackbody Radiation Curves
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1. The emissive powerof a blackbody at any wavelengthcan be obtained through
calculating the area under the radiance curve of the blac#ty.

2. The emissive power of a blabkdy increases along with increasing temperature
regardless of the wavelength

3. Blackbody emits relatively more energy in shorter wavelengths (high frequencies)

4. The peak of the blackody radiance curve that represents the maximum emissive

power shifts to shorter wavelengths

3.1.1.2. The Stefarg Boltzmann Law

The totalemissive poweper unit surface of a blaeltody per unit timeg also known as blaek

body irradiance can be explained by SteBwoltzmann Law(Eq.32). It states that the total

energy is directly proportional to the fourth power of the blagk? R& Q& (G S Y LIS NI § dzN
Stefan-Boltzmann Law utilizes a constant derived from other known constants of nature

L2t GT Ylryy O2yaidlyidz ttlyOl Qa dledySkeiadBotimainy R & LIS

constant

/=0 / =ao Cl
L =) &

/Sp[e/TBB _ 1]

cp
o :ll'_)le 4 (TBB)4 :S(TBB)4 (Eq.32)
2

Les total spectral blackbodyadiance [N/mz];

L ¢ <y Spectral blackbody radiancU\IV(mzsrC)n)];

< wavelength[Om];

Tas temperature of blackbody [K];

o} 1% fundamental physical constant 3.7415%f&v mi?

G 2" fundamental physical constant 0.0143879 m K
StefanBoltzmann constanf5.6697x1(fS wmK*

38vV8u8x8 4EA 7TEAT 30 S$SEODPI AAAT AT O , Ax

The wavelength of thenaximum emissive power i.e. wavelength of the peak of the biexky

radiance curveA & SELJX FAYSR o6& 2ASyQa [Fsd ¢KS 2A8SyQ
wavelength distribubn of blackbody radiation has essentially the same shape at any

temperature. From the general law, it follows that there is an inverse relationship between the

wavelength of the peak of the emission of a bkaddy and its temperature when it is
14



expressd as a function of wavelengttEq.33}» Ly 20GKSNJ 62NRazX 2AS8SyQa
implies that the hotter an object is the shorter the wavelength at which it will emit most of its
radiation and also that the wavelength for peak radiation power is found 8yAdRA Yy 3 2 A Sy Q

constant by the temperature in Kelvin.

m (Eq.33)
BB
where
A 2 A8y 0a O2zyadmkyd wHydpTdTCYy
< wavelength of maximum spectral radiang@my;

Tas temperature of blackbody [K];

3.1.2. Interactions of Thermal Radiation with  Terrestrial Materials

Incident radiationinteracts with the surface of théerrestrial materiak. This interactiorcan be
diversion ofthe radiaion, absorption of the radiation which could be ustm increasethe
internal energyor transmission of the radiatiarSo, he incident radiation(i.e. energy on the
surface of ay naturalterrestrial material can be reflected, transr&t or absorbed unlike a

blackbody where alllhe energy is absorbed and-emitted.

Part of theincidentenergy is reflected back to atmosphere that is the energy is lost and cannot
be used l the material. The ratiobetween the energy reflected and the ideint energy is
called reflectance(” f the material. Tk reflectanceof the matrial is not constant and

changes with the wavelength therefore can be further cafipdctral reflectance (<).

Another part of the energy could be transmitted through the material. hypothetical

transparent body canransmit all the incident energyOpaque bodies, on the other hand do
not transmit energy and note thamost of the terrestrial materials, particularly in remote
sensing are considereleing opaque. The ratio between the energy transmitted and the
incident energy is calledransmittance ().Similarly, the transmittance changes with the

wavelength therefore can be further callegectral transmittance. . <

The last part of the incident energy is used by the material itself in order to increase the
internal energy i.e. heat the body up. $heénergy is basically absorbed and stored by the
material and rises the temperature of the body. The ratio between the absorbed energy and

15



the total incident energy is calleld 6 & 2 N1Ji IAlgn® Sith éefledtabce and transmittance,

absorptance also chaeg with wavelength and callegpectral absgstance,h 9.<

According © conservation of energy, following equatigEq.3.4)states the relation between

the incident energy and its dispositi upon interaction with terrestriahaterials:

EI - ER + ET + EA (Eq.34)
where
g incident energy on the surface of the terrestrial material;
B component of the incident energy reflected by the terrestrial material;
Er component of the incident energy transmitted by the terrestrial matgrial
Ea component of thericident energy absorbed by the terrestrial material

Furthermore, all the parameters in Eq.3tdn bedivided by the total incident energyThis
operation essentially normalizes the linear equation of energy conservation (EqIh&nhew

parametersexpresshe reflectance, transmittance and abséapce; respectively (Eq.3.6).

E E E E (Ea35)

E, _En, Er _E,

r(/)= l‘(/) (/) (Eq.36)

Thus, the sum of reflectance, transmittance and absorptascequal to 1 for any terrestrial

material. This relation is expressed in the following equation (Eqg.3.7).

r(/)+e(/)+a(/)=1 (Eq.37)
3.1.3. Emissivity

Relative ability of gurface to emit energy by radiation is called emissiwfien written as . In

other words>  (ISKYSA (6l A Y3 | 0 A fcdmpaiedl to that of la blackody & Kefelreld as

emissivity of the body(Eq3.8) YANDKK2FFQa [F¢ adlaSa GKFdG F2
equilibrium i.e. at constant temperature the spectrabsorptance is equal to the spectral
emissivity(Kirchhoff, 1860).

16



L, (material)

e =
() (Eq.38)
L, (blackbody
where
Lo <o spectral radiance\/[//(mzsrén)];
< gl St SyaGK wxY8T

As ablackbody absorbs and remits all the incident energyt hasemissivity equals to 1 while
anyterrestrial materialwould have emigsity less than 1Emnissivityfor most of the terrestrial
materials rangsbetween 0.7<¢ <10 (Prabhakara and Dalu, 19//@ errestrial material that has
emissivity less than 1 but comstt at all wavelengths similar to a blabkdy is called as gray-
body. A selective radiator on the other handhas emissity that varies with wavelength.
Vegetation, water bodies and snow are examplesneérgraybody while other terrestrial

materialsare selective radiator@~igure 3.2)

> =

Blackbody (e = 1)

Selective Radiator (g = f (A,T))

Graybody (< 1)

-----
-
-
-~

> A

Figure3.2 Emissivity changes of Blabkdy, Graybody and Selective Radiat@iRiedl, 2001

In most cases, as the terrestrial materials are opaque, they transmit negligible amount of
radiation if not zero. Therefore the transmittance of terrestrial materials is ignored. Based on

this information equation (Eq.3) is simplified as follows:

r(/)+a(/)=1 (Eq3.9)

17



¢ KSYy (KS Y AisN#redicadrif ¢ha eqlation (Eq.B®) and the following equation
can beobtained:

r(/)+e(/)=1 (Eq.310)

As each material hasharacteristic spectral reflectance, each material has a distinctive
emissivity sigature depenéhg on the wavelengthln other words, emissivity is an inherent
property of a material. Thereforguxtaposed materials on the surface of the earth that have
the same temperature will have different emissiviti®&ased on equation (EqI®) it can be
inferred that spectral rdéctance and emissivity of a material are inversely correlated i.e. the

higher reflectance a material hate lower emissivity it has or vice versa.

3.2. Use of Thermal Remote Sensingfor Surface Material Discrimination
and Mapping

As stated previouslynultispectraland hyperspectraimaging systems sense radiation not only

in visible and reflected infrared portion but also in emitted infrared i.e. thermal infrared
portion of the electomagnetic spectrumin order to detect emitted energy, the sensors of
thermal imaging systems use photo detectors sensitive to direct contact of photons on the
surface of the sensor. These thermal sensors measure the surface temperature and thermal

LINRPLISNIIASE 2F GKS 9 NI KQa adaNFIF OSo

The wavelength of thermal radiation, whahis compared to visible or reflected infrared
radiation, is relatively long which minimizes the atmospheric scatterihmuvever, remote
sensing of thermal radiation is restricted #pecific wavelengths due to totalbsorption of
certain wavelengths byhe atmospheric gases and water vapdtis is in fact also valid for
visible and reflected infrared remote sensing. Therefore, two specific regions, called
atmospheric windowsare used for thermal remote sensing and invol¥@éo 5xm and 8 to 14

Km ranges Since the energy decreases with increasing wavelength, sensors of thermal imaging
systems have large IFOVs in order to capture sufficient energy for reliable measurements which
makes the spatial resolution of the thermal sensors relatively coarse whepamed to that of

visible and reflected infrared.

Data collected through airborne and spaceborsgstems such as NASA Thermal Infrared

Multispectral Scanner (TIMS), NASA Atlas Scanner, LANDSAT Thematic Mapped(NAEA
18



Heat Capacity Mapping Mission GMIM) have been used for geological purposes (Dudley
Murphy and Nash 2003). Abrams et al. (1984), Kahle et al. (1984), Hook et al. (1998), Price
(1985) and Allis et al. (1999) have evaluated TIR data for geological mapping and mineral
exploration. All of tlese authors concluded that neither the spectral nor the spatial resolution

of the data gathered is adequate for geological purposes and both spectral and spatial
resolutions have been the major limiting factors. Newperspectral and multispectral
instruments like Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER)
having higler spatial resolution and increed number ofspectral bands that cover TIR increase

the potential use of TIR for surface material discrimination and mapping.

Recenthyperspectral and multispectral TIR instruments along with various algorithms have
been used for surface material discrimination and mapping by several resealdinesniya

and Matsunaga (1997 habrillat et al(2000), Ninomiya (2002, 2003), Ninoaand Fu (2002),
Ninomiya et al(2005, Saldanhat al. (2004), Swayze et al. (2004ook et al (2005),Rowan

et al. 6 Hnnp 020N Ml hgperspectral and/or multispectr@IR data in order to
evaluate or identify mafic/ultramafic rocks and reldtenineralization through absorption and

emittance interactions in TIR utilizing various algorithms.

For the multispectral ASTER data TIR spectral indices defined by Ninomiya2@@®Rand
Ninomiya and Fu (2002) are widely us@étisse indicesare usingband radiances of ASTERR

data. The spectral indefMafic Index)definedby Ninomiya (2002, 2003) and Ninomiya and Fu
(2002)for mafic and ultramafics is basicatiglated with the bulk silicacontent of the target

Apart from mafic indexused for maficand dtramafic discrimination many other indice$or

quartz, carbonate and evaporataineralsare also defined and used (Ninomiya, 2002, 2003;
Ninomiya and FlR002mibi I Yy wnny T ml ) MisraletyaR20q7)and £gide eti 1 M m
al. (2010)also ugd the indices defined for carbonate, quartz and maficeralsfor surface

material discrimination.

It is common practice in TIR remote sendimgt the radiance values of the multispectral bands
are directly usedinstead of recovering the emissivitialues. Regarding the emissivity of the
surface materialsgenerallythe studies concerned with acquisition of the emissivity values for
individual materialgather thanmappirg the materials which resulted in a collection of values

which can be considedeas a spectral library of emissivitiég | £ A & 0 dzNI®924, $OR2b)5 Q! NXA |
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3.3. Recovering Temperature and Emissivity from TIR Data

Thermal radiation originated from the surface afmaterial and depends on the materials
kinetic energy and its emissivitfhe main problem in TIR is that theaee more unknowns
than measuremert (radiance values of different bda are known, whereas emissivity valge
temperature and atmospheric parameteese unknown). Tl basic purpose of TIRremote
sensingis to estimat the surface temperaturelf the surface emissivityalueis known then
this information makes the problem deterministic and straightforwé@illespie et al., 1999)
As Masuda et al. (1988) indicatate water bodies such as oceans would béatle targets

where emissivity immeasured independently and same everywhere.

Several deterministic and nesteterministic approaches have been used for inversion of TIR
data for temperature and emissivity. The main purpose of TIR, as stated above, has been
estimating the surface temperature where emissivity is not the main concern. In that sense, TIR
remote sensing of oceans, snow covers, glaciers and dense vegetation is considered to be
deterministic. For most of the deterministic approaches, on the other handequires
atmospheric parameterso be utilizeddirectly in order to correct the measured radiance
(Gillespie et a).1999). The correction is not always feasible since the atmospheric parameters
are not always available. Several ocetamperature studés utilized AVHRR data which has
two separate TIR bandsAtmospheric effects can be compensated through the combined
analysis of these bandsala 2 OF f WENREFIEWEA D . | NII2y> mpypT alOah
Prabhakara et gl.1974). Brown (1994)devdoped a version of sphivindow algorithm for
EOS/MODIS data. Several other studies utilized-wpidow technique for land surface.
However, in those studies it is concluded thizknown emissivity variations cause large errors
(Price, 1984; Becker, 198¥idal 1991). The inaccuracy over land is due to the unknown
emissivities rather than atmospheric effect such that error caused by inaccuracy of only 0.01 in
emissivity can be greater than that of atmospheric effects (Wan and Dozier, 1989). Therefore,
the efficacyof split window on land is limited (Gillespie et,dl999). Some of the geological
studies did not attempt to separate temperature and emissivity but rather utilized
decorrelation stretcing through radiance values (Kahle et,d980; Abrams etl., 1991).
Gillespie (1992) used a spectral unmixing appra@chtemperature and emissivity recovery

andconcluded that the results anenperfect.
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The methods which includé¢ temperatureindependent spectral indice(T1S) (Becker and Li,
1990), the hermal log residuals and alpha residuals (Hook et al., 1992), the spectral emissivity
ratios (SERjWatson, 1992a; Watson et al., 1990), tth@y-night two channeDN2Cmethod
(Watson, 1992b), the normalized emissivity meth®EM)(Gillespie, 1985; Realrto, 190),

alpha derived emissivityADB (Hook et al., 1992; Kealy and Gabell, 1990; Kealy and Hook, 1993)
and minimummaximum difference(MMD) method (Matsunaga, 1994) are some tife
approachesdeveloped for temperatureand emissivity recoveryGillespie et al. (1999)

summarizes the drawback of these methods as follows:

1. Determine spectral shape but not temperature

2. Require multiple observations under different conditions

3. Assume a value for one of the unknowns

4. Assume a relationship between spedtcantrast and emissivity

5. All require independent atmospheric correction

3.3.1 Temperature -Emissivity Separation (TES)Algorithm

The Temperature/Emissivity SeparatifrESalgorithm is introduced by Gillespie et al. (1998)
and basically combines two already existagdproaches and added some new features.
Gillespie et al. (1999) definetthis algorithm closely related to MMD method of Matsunaga
(1994)which is based on ADE nheid of Kealy and Gabell (1990), Hook et al. (1992) and Kealy
and Hook (1993).

TES utilizesttmospherically correctedlgnd leaving TIR radiance based on Palluconi et al.
(1994). This includes correction for atmospheric transmissivity and upwelling aterspath
radiance.The reflected dowswelling sky irradiance (reported in ASTER standard product), on
the other hand, cannot be removed in the absence of emissivity information. Therefore,
reflected downwelling sky irradiance is removed iteratively. étgfally, TES algorithm has
three modules: (1) NEM Module, (2) Ratio Mod(FAT)and (3) MMD Module all of which are

summarized below.

3.3.1.1. NEM Module

Normalized Emissivity Method (NEM) was first introduced by Gillespie (1985) and is used for
estimating the initial surface kinetic temperatusehile subtractingthe reflected sky irradiance
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iteratively. Basically, the maximum emissivity valégaf) for ASTERands 1614 isestimated

in order to calculate temperature and emissivity values fromsexsor radiance. These
calculated emissivity values are used for an iterative correction for reflected -degllimg sky
irradiance. A value of 0.98ould beassigned to begin witiwvhich represents neargray bod

such as water, snow and vegetation. If the NEMssiwity values have low contrashe initial
assumptions are likely to be correct and therefore an empirically based process is used for
refiningzmax OnN the other hand, if the NEM emissivity values have high conthéstndicates

that the surface igprobably rock and/or soilln this casea lower value forz,, would be
assumed. The maximum emissivity values for all materials in the ASTER Spectrakliibthey
range 0f0.94to 1.00 therefore a value of 0.96ould be a realistic estimatier those materials

andcan be assumed for processing.

As the processing in NEM module starise groundemitted radiance is estimated by a
simplified linear equationfor each band (E§.11). Temperatures of each band,,Tare
calculated by utilizing inversé B y O1 Qa ¥.dgyRCaitidibang waketeNdths,. The NEM
temperature (Tyen), to be used for calculations of band emissivity values, is the maximum
temperature (Ty) estimated from the radiance$R,) of different image bandgb=1014 for
ASTER) (Eq12).

R, =LA 6)Ss (Eq.311)
where
R groundemitted radiance;
[ Q at-sensor radiance,
S downwelling sky irradiance,
b band number

C CE .. _
T, =2 (In(Come +))
/, /

Tyewm = max(Ty) (Eq.312)
b
where
cand ¢ constantsfromt £ I yO1 Q& [ 6T
R groundemitted radiance;
< band wavelength;
b band number
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Once Femis known interim NEM emissivity valuegy, are calculated based oequation
(Eq.313). NEM emissivity values are used iteratively in order tesmate R for eachand.
Essentiallyzy, replaces?max in the equation and Rvalues are recalculated accordingly. This
iterative analysis is repeated until the difference gfivalues are less than a desired threshold
(t) or the number of iterations reaches a limited nuentN). The default value for; is the
radiance equivalent tdNoise EquivalenDelta Temperature(NEhT) (0.05 W/nf srxm) and N =
12 (Gillespie et al 1998 Gillespie et aJ.1999. As the iterative analysis ends the emissivity
values calculated from Fgm and groundemitted radiancevalues (B), are reported as final

NEM emissivity values along witRefs

R,
€ B (Eq.313)
b(Tnem )
where
R groundemitted radiance;
B blackbodyradiance,
TNEM downwelling sky irradiance,
b band number

3.3.1.2.Ratio Module

The relative emissivity valuesp] are calculated by normalizing the NEM emissivities of each

band by the average emissivity of all ban&q.3L4)

b, =e,*5*(Se,)"; b=1014 (Eq.314)

In general emissivity values for terrestrial suods are restricted to 0.725<1.0 (Prabhakara
and Dalu, 1976); therefore the values of relative emissivity is restricted to 0.105<&.32. It is
showed that emissivity band ratios are not affected by the errors in temperature estimation

and this is als true for normalized & LJS Orélatite erhissiBtybvalues,, (Watson et al

1990 and Watson, 1992.It is also stated that & LJISOG NHzYy R2Sa y20G LINBaSN

actual emissivities buit does preservehe shape on the contrary(Gillespie et al 1999.
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3.3.1.3. MMD Module

As mentioned in the previous section & LJISOG NXzY Ay wl GA2 a2RdzZ S F
amplitude. In order to recover amplitude and therefore recover a refined temperature
estimate the MaximurrMinimum Differene (MMD) is calculated and used to predict minimum

emissivity £min). LY 2 NR S NJ {iigto 2g) 2, @SpeHicted from MMD through an

empirical relationship.

¢KS FANRG aGSL) 2F aa5 Y2RdzZ S A& {cttum Giodgddz | G S
the equation (Eg.35). This calculated value of MMD is used to predict minimum emissivity to

be usal for calculation oTES emsvities through equations (Eq.3.16 and B,

MMD = max(b,) - min(b, ) ; b=10-14 (Eq.315)
e.. =0.994- 0.687* MMD®"*’ (Eq.316)
e.
e=>b ¢ e
b b(mln(bb)) ;b=1014 (Eq.317)

The actual emissivity contrast in a scene element is much greater than the apparent contrast.
This error is due only to measuremeatrors. Apart from that MMDis claimed to be an
unbiased estimate. On the otherahd, MMD values of gray bodies are dominated by
measurement errors and cannot bertsideredasunbiased. It is found that if MMD is smaller
than a defined threshold (currently set 00032) z y,ihis not found from equation (Eq.B6) but

set to a constantalue (0.983) appropriate for grdyodies such as vegetation and processing

continues.

Thus far the temperature is only calculated in the NEM module. It is stated that NEM
temperature can have an error up 3K (Gillespie et al., 1998illespie et al., 1999). This error

is due to the inaccuracy in assumption Gfiax particularly for surface materials. Through
recalculation of temperature using maximum TES emissivity values and atmospherically

corrected radiancethe inaccuracy in tempature values can be reduced (Eq.3.18).
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C e.C

— 2 b* ~1 -1

T =—=(In( +1)) (Eq.3.18)
/b* * *

where

cand 6 Oz2yaillyida FNRBY tflyO1Qa [eT

R ground-emitted radiance;

< band wavelength;

b* band for which the emissivity is maximum

3.3.1.4. Final Correction for Sky) OOAAEAT AA AT A "EAO ET

When it is compared TES values of temperature and emissivity are more accurate than that of
NEM. The accuracy of temperatuand emissivity can be improvedrough recalculation. In
order to do somaximum ofTES emissivity value$ each pixels used agmnaxin NEM to make

a single correction to asensor radiance for reflected dowmelling sky irradiance in equation
(Eq.311). Instead of NEM temperature, TES temperatsinesed along with new estimates Rf

Then improvedlES enssivity and temperatur@alues arecalculatedfollowing the same steps
asexplained aboveGillespie et al. (1998) and Gillespie et al. (1999) statedfthizit process is
repeated more than once there is a little gain observed. It is also stated tlimede TES
emissivity values changed d&sgh as 0.01 therefore, this final correction is worth doing

(Gillespie et al., 1998; Gillespie et 4P99).
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DATA ANALYSES

In this chapter, detailed information regarding the data used and methods followed throughout
the studyis addressed. This chaptés roughly divided intotwo sections. The first section
summarizes informatiormbout ASTER Multispectral Imaging System aegrpcessing steps
taken before theimage analyseand the second section discusses the methods of the image

analysesThe results of the image analyses will be provided separately in the following chapter.

4.1. ASTERData Specifications

AdvancedSpaceborne Thermal Emission and Reflection Radiometer (ABT&RRadvanced
multispectral imager which is one of five remote sensory devices on board Terra satellite
launched in Deember, 1999. The instrument hden collecting datavith its entire 14 bads

form surface of the Earth since February, 2080wever, starting in 2007 due to operational
problems of SWIR detector cooler system the temperature of the detector started rising which
caused degradatiof the data quality. The ASTER SWIR data amtjgince May 2008 are
announced to have no good data quality with saturation of values and severe striping.
According to the notice on ASTER Science web site on Malfth2@30 SWIR detectors are
providing data no more. It is also stated that if ASTERRSIMa are to be used, data acquired
before April 2007 is recommended (ASTER, GOR).

ASTER provides high spatial, spectral and radiometric resolution in Visible and Near Infrared
(VNIR), Short Wave Infrared (SWIR) and Thermal Infrared bRYystemswith 14 bands
(Figure 41). The VNIRsubsystem has 3 bands artdaisoincludes an additional badkoking
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nearinfrared band which provides stereoscopic capahilihe SWIR subsystem has 6 bands
and TIR has 5 bandEhe spatial resolution varies betwedme subsystems; 15m in VNIR, 30m

in SWIR and 90m iflR(Table4.1). Regardless of the subsystem each ASTER scene covers an
area of 60x60 km.

The Terra satellite system on which ASTER is boarded issgrsthronous satellitéhat follows
a circular, neapolarorbit at an altitude of 705 km. The equatorial crossing of the satellite is at
oYod f20rf GAYS FyR GKS alraSttAdsS NBGd2N

Handbook v2.0)A summary of the itgiment can be found on Figure2

1.6 2.0

mnYon [

0.4 0.8 1.2 2.4 8.0 10.0 12.0
«—— Visible - Near IR — <— Short Wave IR — <— Thermal IR —
Wavelength (um)

Figure 41 Distribution of ASTER bands on Electromagnetic Spectrum

Table 41 ASTER Product Description

. Spectral Range . Valid Spatial
Data Field [Gm] Units Data Type Range Resolution
Band 1 0,52-0,60  W/(m°srt®m)  8-bit unsigned integer  0- 255 15m
DE: Band 2 0,63-0,69  W/(m’stdm)  8-bit unsigned integer  0- 255 15m
> Band 3N 0,78-0,86  W/(m’stdm)  8-bit unsigned integer  0- 255 15m
Band 3B 0,78-0,86  W/(m°srt@m)  8-hit unsigned integer  0- 255 15m
Band 4 1,600-1,700 W/(m’srfdm)  8-bit unsigned integer  0- 255 30m
Band 5 2,145-2,185 W/(m’sfOm)  8-bit unsigned integer  0- 255 30m
%‘ Band 6 2,185-2,225 WI/(m’sfOm)  8-bit unsigned integer  0- 255 30m
» Band7 2,235-2,285 W/(m’sfOm)  8-bit unsigned integer  0- 255 30m
Band 8 2,295-2,365 WI/(m°sfOm)  8-bit unsigned integer  0- 255 30m
Band 9 2,360-2,430 W/(m°sf®m)  8-bit unsigned integer  0- 255 30m
Band 10 8,125-8,475 WI/(m’sf©m) 16-:bit unsigned integer 0- 65535 90m
x Band 11 8,475-8,825 WI/(m’sf®m) 16-:hit unsigned integer 0- 65535 90m
— Band 12 8,925-9,275 WI/(m’sf©m) 16-bit unsigned integer 0 - 65535 90m
Band 13 10,25-10,95 Wi/(m°srfdm) 16-bit unsigned integer 0 - 65535 90m
Band 14 10,95-11,65 W/(m°srfdm) 16-bit unsigned integer 0 - 65535 90m
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Launch Date
Equator Crossing
Orbit

Orbit Inclination

Orbit Period

Grounding Track Repeat Cycle 16 days

Resolution

Instrument
Bands
Spatial Resolution

Swath Width

Cross Track Pointing = 318km (£ 24 deg) + 116km (* 8.55 deg) + 116km (+ 8.55 deg)
Quantisation (bits) 8 8 12

18 December 1999 at WYandenberg Air Force Base, California, USA
10:30 AM (north to south)

705 km altitude, sun synchronous

98.3 degrees from the equator

98.88 minutes

15 to 90 meters

¥YNIR SWIR TIR
1-3 4-9 10-14
15m 30m a0m
60km 60k 60krm

Figure4.2 Summary of ASTER Instrument

Throughout the study ASTER image with granule ID of AST3A1 0211170839210603310605 is
utilized. ASTER Lev8l data is the orthorectified image product which includes LevelB
radiometrically and geometricallyalibrated radiance for every bands including Band3B. Note
that an athorectified imageis similar to a map with nearertical views in every location.
Therefore no further geometric corrdon has been done. Detailed information about the

ASTER image utilized can be found in Tale

Table4.2 Detailed information on the ASTER image used

Granule 1D AST3A1 02111708392106033106
Processing Level 3

AcquisitionDate Nov 17, 2002

Source Data Product ASTL1A 02111708392102120502
Scene Center 40.626988, 34.101804
Scene Upper Left 40.954567, 33.656972
Scene Upper Right 40.945966, 34.553932
Scene Lower Right 40.297682, 34.538977
Scene Lower Left 40.30609033.650647

Solar Direction 166.626389, 29.409205
Map Projection UniversalTransverse Mercator
Ellipsoid and Datum WGS 84, WGS 84

UTM Zone 36 N
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4.1.1. Preprocessing

ASTER image requires preprocessing prior to the image analsissprocedurecomprises
calibration of ASTER VNIR, SWIR and TIR bands; recalibration of ASTER TIR bands; preparation
of Normalized Difference Vegetation Index (NDVI) and vegetation mask; and resampling of
ASTER SWIR bands along with vegetation masks (Figure 4.3gpEhef $he preprocessing are

discussed below.

/ ASTER VNIR

BANDS

/ ASTER SWIR

BANDS

/ ASTER TIR

[
BANDS

Calibration Calibration Calibration
(DN to Radiance) (DN to Radiance) (DN to Radiance)

L

Resampling
(30m to 15m)

: p ’

|
TIR BANDS

‘ Recalibration

Calibrated VNIR / Calibrated
BANDS

SWIR BANDS

Normalized Difference
Vegetation Index (NDVI)

> Resampling | /ifegetation Mask
(15m to 90m) (90m)
Vegetation Mask
(15m)

Figure 43 The flowchart of the ASTER image preprocessing
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4.1.1.1. Calibration of ASTER VNIR, SWIR and TIR Images

CalibrationO2yaAaida 2F O2y@SNIAYy3a GKS NIrg¢ AGRAIAGEH
at-sensor radiance which better represents the surface features. In order to convert the raw
data a standard unit conversion method is ug¢Sthith 2012;, ksel et al, 2008). This standard

unit conversion method corrects the raw digitalmber for sensor gain and offset by applying

the following equation.

L'=(DN- 1)*UCC (Eq.41)

where

[ Q at-sensor radiance,

DN digital number in the original ASTER image;

ucc unit conversion coefficient
Note that unit conversion coefficients are dependent not only on the band of ASTER image but
also on the gain setting of the band which was used in image acquigitionder to figure out
gain and offset setting of the bands an ASTER image metadata file accompanies the raster
should be consulted. Detailed information regarding the unit conversionficegfts can be

found in Table 8.

Table4.3 The Unit Conversion Coefficient of each ASTER bands
Coefficient [W/(nt srGm)]

Band Number

High Gain Normal Gain Low Gainl Low Gain 2
1 0,6760 1,6880 2,2500
% 2 0,7080 1,4150 1,8900 N/A
> 3N 0,4230 0,8620 1,1500
3B 0,4230 0,8620 1,1500
4 0,1087 0,2174 0,2900 0,2900
5 0,0348 0,6960 0,0925 0,4090
g 6 0,0313 0,0625 0,0830 0,3900
n 7 0,0299 0,0597 0,0795 0,3320
8 0,0209 0,0417 0,0556 0,2450
9 0,0159 0,0318 0,0424 0,2650
10 0,006882
o 11 0,00678
= 12 N/A 0,00659 N/A N/A
13 0,005693
14 0,005225
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4.1.1.2. Recalibration of ASTER TIR Images

It is also known that ASTER TIR products processed before Feb 8, 2006 include an error due to
delay in Radiometric Calibration Coefficient (RCC) updating. It is also stateerror is

reduced for RCC version 2.09 or later, the products observed after October 2002. However, for

the RCC versions before 2.09 the error is lafigeerefore, TIR images processed before the

date stated requires recalibration before any further analysis. Recalibration coefficients can be
obtained online from Tonooka Laboratory at Ibaraki University, J§panooka, 2012)it only

requires observatiomate (UTC) and the RCC version of the image both of which can be found
inmetadataF Af S® ¢KS&S NBOFfAONI A2y O2STFAOASyida 3
method (Tonooka et al.2003 Sakuma et al., 200%an be used for Lev&A, 1B and 3AAlong

with the coefficients estimated calibrated errors are ajsomvided.¢ KS ¢ 2y 221+ Q& Y2

method follows dinear approach based on E¢4

Recalibrated _ Radiance= (A* Original _ Radiance + B (Eq.42)
where

Original_Radiance calibrated atsensor radiance

A first constantof RCC,

B second constant of RCC

4.1.1.3. Preparation of NDVI Mask

For image analysis of the satellite data it is necessary to reduce or remeleyantdata such

as water bodiesindvegetaion not only for ease of the analysis but also for the accuracy of the
analysis especially that usgtobal statistics like PC/Aince the main focus of this studyon
lithology i.e. rock unitsyegetation and/or water bodies should heasked.On the image
utilized for this study it is visually observed that significant water body is present therefore
the onlyirrelevantdata is the vegetatioriVegetated pixels on the image can be identified using
Normalized Difference Vegetation IndéNDVIwhichusesNIR and RED wavelength responses.
Essentially, vegetation is expected to show high NIR response along with IoizdREB).)

NIR- RED _ Band3N - Band2
NIR+ RED Band3N + Band2

(Eq.43)
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4.1.1.4. Resampling

As mentioned in the data specifications part ASTER VNIR, SWIR and TIRmsbsg®
different spatial resolutionsi5m,30m and 90m respectivelfzor VNIR and SWIR subsystems

to be utilized together in the image analyses the spatial resolutions should be the same which
requires resampling. Rather than dowampling VNIR datél5m) to SWIR resolution (30m)
which reduces the level of detail tgampling SWIR data (30m) to VNIR resolution which
practically does not change the level of dethds been preferred. All the SWIR bands (Band 4

9) resampled according to affine model andarest neighbo resampling methodo 15m

where VNIR Bandl is used to match reference and ensure the pixels are superimposed
correctly. Since the NDVI mask already has 15m spatial resolution no resampling is required
and can be utilized in the image ansdg along with VNIR and resampled SWIR data. On the
other hand, for TIR, NDVI mask requires resampling in order to match the spatial resolution of
TIR (90m). Same parameters are used for resaméffjne model and nearest neighbor

method while TIR Bandi® used to match reference and pixel superimposition

4.2. Image Analyses

Image analyses inde two of the most widespread methods used for lithological mapping
Principle Component Analysis (PCA) and Decorrel&@inetch that covers ASTER VNIR and
SWR bandsAdditionally, TemperatureEmissivity Separation technique is uded ASTER TIR
bands, in order to recover the band emissivities of surface materidts lithological
discrimination Along with the methodsnentioned above thespectral indicedased onthe

band ratiosspecified in the literature are also uségigure 4.4)
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Figure 44 The flowchart of image analyses
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4.2.1. Principal Component Analysis (PCA)

Principal Component Analysis (PCA), also known as prircopgbonent transformation or
KarhunenLoeve transformationwas first introduced by Pearson (1901). This statistical
approach is basically amathematical procedure that utilizes an orthogonal linear
transformation through which observations of possibly correlated variables are converted into
linearly uncorrelated variables (principal componentBhe idea behind this approach is to
compress multispectral data sets by calculating a new different coaeliagstem (Sabins,
1987). Through principal component analysis the dimensionality of the data set is reduced such
that the number of principal components is less than or equal to the number of original
variables The transformation is defined such a waxtlhe first principal component accounts

for as much of the variability in the data as possible. In other words, the first principal

component has the largest possible variance.

Solar illumination and albedo effects at the surface govern the variatiomadiant flux

measured by a sensor. Spectral reflectance features of surface minerals have a very little effect

2F GKAA QOFNRFGAZ2Y omlibGlysS wnnyod {F0AYyS omdbpdd
irradiance effectsthat dominate the sensor bandsan be suppressed and therefore the

spectral reflectance features of surface materials can be examiatiaguchi and Naito (2003)

stated that color composite of major principal components may enhance the visual

interpretation for surface material discrimation and mapping.

4.2.2. Decorrelation Stretch

Soha and Schwartz (1978), was the first to introduce decorrelati@ich through improving

the work Taylor (1973) had done earlier. The technique relies upon a principal component
transformation of the original datdn general the resultant images of the transformation are
stretched according to statistical distribati of the values in order to increase the contrastl
remove the correlation Then these images are assigned to primary colors to be displayed in
RGB color composite. The essential difference of decorrelation stretch is that following the
enhancement of antrast through transformation statistically independent principal
components are retransformed into their original coordinates. Therefore the distortion due to

enhancement irperceived color would be miniméGillespie et al., 1986).
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As mentioned before fincipal component transformation removes the correlation between

the multispectral images and therefore reduces the dimensionality of the multispectral images.

The main problem with principal component transformation is that the color assignments are
arbitrary and not relatedto any physical propertyTaylor (1973) stated that once the multi

spectral data is decorrelated through rotation of the coordinate system and the variances
equalized in the new coordinate space, additional rotations of the coordisygtem would not

introduce anycorrelation. Soha and Schwartz (1978) proposed that the most suitable rotation

for remotely sensed image interpretatioils a simple inverse rotation of thienage to the
2NAIAYLFE O2f2NJ 4L OS¢ KA (k2 YK YEAAINERS OKK S yi SYOIK?

principal component transformation also produce uncorrelated images.

4.2.3. Spectral Indices

Spectral index approach is similar to that of PCA such that both of the techniques use
orthogonal transformation of multispect data. The essential difference between two
methods is the determination of the transform axes. In PCA the aesdetermined
mathematically in order to maximize the variance of the multispectral .datethe otherhand,

in spectral index method the tresform axesis determined in order taepresent a specific
pattern. Additionally, through PCA dimensionality of the multispectral data is reduced. In
general PCA enhancesntrast between surface materials that helpsvisual interpretation

and discrimindion. The transformed results however do riatludea physical meaning as the
color composite isselectedarbitrarily. On the other hand, spectral indicase pre-defined
coefficiens and therefore makdt possible to knowthe physical meaning of the transformed
results to some degree (Crist and Cicone, 1984). Yamaguchi and Naito (2003) stated that
spectral indices for surface material discrimination maéke resultant spectral index images

easy to interpret in geological poiof view.

Different researchers calculated several indices for surface material discrimination based on
ASTER SWIR and TIR data. Yamaguch\aitwl(2003) defined alunite, kaolinitesalcite and

brightness indices for SWIR data; Ninomiya (2004) definémiteeandex, OH bearing altered

mineral index and alunite indekor TIR, on the other hand, Ninomiya (2082) Ninomiya and

Fu (2002)defined quartz, carbonate anchaficindices. Additionally, for TIRyT Gy +Fy R { NT

(2011 proposed sulfate index for evaporate mineral mappingThe approaches of the
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researchers to spectral indices are quite different. For instatioe,quartz, carbonate and

mafic indies defined g Ninomiya (2002) and Ninomiya akd (2002) utilize spectral radiance

values of TIR bandsdzZf FI 6§ S Ay RSE RS{FNMIYSER @en vmi0d | Iyt a2y Rdzi ;
radiance values of TIR bands; calcite, OH bearing altered mineral and alunite indices defined by
Ninomiya (2004) utilizes spectral radiance values of SWIR bands while brightness, alunite
kaolinite, calcite and montmorillonite indices defined bgméaguchi andNaito (2003) utilize

surface reflectance values of SWIR bands.

4.2.4. Temperature Z Emissivity Separation

In this study, esentially, TES algorithm approach as discussed previcufblawed (Figure
4.5). Some modifications, howevehnas beenappliedfor convenience of the analysis. These

modifications are explained in detail below

{ Preprocessed \ hln—Scene Atmospheric » Land-Leaving TIR
TIR BANDS ) Compensation (ISAC) Radiance J

Y
NEM Module - Y -
Estimate {ll__:“ \ RAT Module
Input Land Leaving TIR Radiance [ NEM Emissivities Calculate [} Spectrum

|\ NEM Temperature

[Runs on ENVI Software]

| MMD Module
i i Calculate Min-Mayx Diff (MMD)

[ TES Emissivities ": Determine €
Calculate & max(e - b=10-14 | e el
LS ( TES“”L | TES Temperature Calculate Ik-_':'l. Isl!rni:;s:.'vities:. and T___

Refining TES Emissivities and Temperature

Refined
TES Emissivities
TES Temperature

NEM- Normalized Emissivity Method
RAT- Ratio
MMD- Minimum Maximum Difference

Figure 45 Temperature Emissivity separation flowchart
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Essentially, tnospheric correction in TES algorithmaigplied in NEM module. The reflected
downwelling sky irradiance is utilized along with thesahsor radiance and its effect is
removed iteratively. The result of the iterative analysis is considdyeihg landieaving
radiance. In this studyjowever,instead of the iterative approach explained in the algorithm
description, In-scene Amospheric Compensation(ISACmethod was usedThe damospheric
compensationgeneratesland-leaving radiance which cdoe further utilized in temperature

emissivity separation algorithms (DiStasio and Resmini, 20he).

Theln-Sene Atmospheric Compensation (ISAC) algoritisesonly remotely-sensed asensor
radiance data Basically, the algorithm capturdésie state d the atmosphere along with the
occurring radiative processest the time of the data collectianThe algorithm requires
identification and estimation of input parameters alpmvith the input radiance dataorrectly

which is the main difficulty of the algthm. The main convenience regarding the algoriffon

the other hand,is that radiative transfer model is not needed for the correctidhe ISAC
algorithm was described by Young et al. (2002). As explained briefly in DiStasio and Resmini
(2010) ISA@Qses the brightness temperature of each pixel for Bemlving radiance estimation.
Then a scatter plot is generated for each band between the observed radiance and result of the
Planck function. A straight line is fit to the top of the scatter plot whiolresponds to the
pixels having emissivity closest to 1. From this fit atmospheric transmission and upwelling path
radiance are estimated. These parameters are used to estimateléamvihg radiance for each

pixel.

ENVI (Envanment for Visualizing Imagesoftware includes a version of ISAC implemented as
daThermal Atm Correctién Therefore in this study,the atmcspheric compensatiomeeded
before TES algorithmvas conducted in ENV&oftware. ISAC as implemented in ENVI is
considered to bea robust, effetive, convenientatmospheric compensation tool for TIR for

remote sensing user community (DiStasio and Resmini, 2010).

In-Scene atmospheric compensation ENVI estimated the ladéaving radiance at once.
Therefore,atmospherically compensatehdiances were directly utilized inorder to calculate
NEM temperature and emissivitieENVI eftware also includes an implementation of

Normalized Emissivity Method (NEMjn emissivity valu€0.96) which roughly represents the

37



terrestrial materials is selected asitial emissivity The outputbatch from ENVincludes five

emissivity layergone for eachlASTER Th&nd and one temperature layer.

Essentially, no modification has been done in the ration MMD modules. In ratio module,
through ratioing the NEM eissivities to their averag¢he relative emissivitiesi () were
calculated on TNTmipShen the relative values of emissivities were scaled to their actual
values in MMD modulelTheoutput batch of the MMD module comprises band emissivitind

temperature.

Although the temperature is not the main concern of this studiynice the TES temperature will
be used for recalculation of TES emissivity and temperature in order to improve theegc
further TES temperatures we calculated as desbed in Sction 3.3.1.4.Atmospherically
compensated radiance valuasere used along with TESmissivities andemperature for
calculation ofnew NEM emissivities to be used in ratio modulom this point on the
calculations wee the same as described loeé. The outputs of MMD module are thinal

refined TES temperature and band emissivities.
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RESULTS

In this chapter the results of the data analysepresented This includeshe preprocessing,
principal component analysis, decorrelation stretch, spectral indices and temperature
emissivity separationThe resultant imagesre interpreted visuallyfrom the RGB color
compositesOn the other hand, some of thesultantimagessuch as the spectral indicese

displayedgray-scale singlémage

The imageprocessing and enhancemenée conducted mainly conducted inMicrolmages

TNTmipssoftware andfor mapping purposeESRArcGIS 9.3 is used

5.1. Preprocessing

As mentionedearlier ASTER.3 data need preprocessing in order to be utilized in the image
analyses. In other words, raw digital numbers need to be converntedmeaningful radiance

values. In order to perform this operation, firggain and offset setting of the ASYHata is

identified through consulting the metadata file. It is found that in VNIR only Band 1 and Band 2
KFI@gS al A3K DFEAyé aSidiay3aa ¢gKAES .IFyR ob FYyR
YR ¢Lw Iff GKS ol yRa KI dgtSonerisignhdélfiidetls QER) gré & S
selected for all 14 ASTER bamagdsordingly Unit Conversion Coefficients for ASTER bands and
detailed information about the process can be found in Chapt&etiijord.1.1). Following the

calibration of the ASTER band'IR bands go through recalibration in order to compensate the

delay in radiometric calibration coefficient (RCC) updating. As explained bSertion 4.1.1

the recalibration coefficients obtained online from Tonooka Laboratory at Ibaraki Uniersit
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Japan web site based on the RCC version and the date of the acquisition (UTC) both of which is
obtained through metadata file. Detailed information regarding the coefficients and estimated

errors of radiance and temperature are presented in the follantizble (Table 5.1)

Table 51 ASTER TIR Recalibration coefficients used and estimated errors

Estimated Changes
Band A B (Upper: Radiance, Lower: Temperature)
@270K @300K @320K @ 340K
-0,000 +0,037 +0,072 +0,115
-0,00 K +0,20K  +0,31K  +0,41K
+0,000 +0,074 +0,140 +0,222
+0,00K +0,41K +0,62K +0,82K
+0,000 +0,128 +0,240 +0,377
+0,00K  +0,73K +112K +147K
-0,000 +0,057 +0,105 +0,161
-0,00 K +0,39 K  +0,61K  +0,81K
+0,000 +0,066 +0,120 +0,182
+0,00K  +0,49K +0,77K  +1,03K

10 1,008392 -0,0414

11 1,016543 -0,0861

12 1,029099 -0,1595

13 1,014767 0,0867

14  1,018525 -0,1082

Preliminary visual interpretations of the data aperformedon the RGB color composites of
preprocessed ASTER VNIR and SWIR bands. Obviously, the first color composite image is the
false color composite using VNIR bariRGB: 3N, 2, Jigure 5.1)Following the false color
composite of VNIR band, two additioralor composites using SWHRd VNIFbands are also
produced. The firstolor composite is produced through utilizing only SWIR bands (RGB: 9, 6, 4)
(Figure 5.2) and the second color composite is produced through utilizing two SWIR bands
along with one VMR band (RGB: 9, 4, 1) (Figure Si8prder to use VNIR and SWIR data in the
same color composite the spatial resolutions need to be the same. Therefore, before producing
any color comosite out of VNIR and SWIR ban@®NIR bands are resampled same
resolution as the VNIR bandswhich have 15m spatial resolution.Note that the color
composites produced using SWIR bands pursue a goal to visualize the response of surface
materials in SWIR that is not visible to human eye. Essentially, this respoetasted to the
chemical properties of the material and not related with the physical properties of the

materials such as color.
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Figure 51 RGB false color composite of ASTER VNIR BaigEnd3N, G:Band2, B:Band1l). SeeFigure 2.2 for
legend of the inset map
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Figure5.2 RGB clor composite oASTERBWIR Bands (Band9, G:Band6, B: Band4). See Figure 2.2 for legend of
the inset map
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Figure5.3 RGB clor composite ofASTERBWIR Bandsnd a visible ban(R Band9, G:Band4, B:Band1l). See Figure
2.2 for legend of the inset map
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Preprocessing also includes the preparation of Normalized Vegetation Index (NDVI) to be used
for vegetation maskingfhe NDVI image is produced using ASTER bands 2 asle3idlained
before where Band 2 represents red wavelength and Band 3N representsinfesed
wavelength at nadi(Figure 5.4)In the red wavelength vegetation is expected to show
response whilen the nearinfrared wavelengtrighresponseTherefore, as the density of the
vegetation increases the ND#lso known as the greenness ind&so increases. As the name
implies vegetation response is normalized a range between -1 and 1 for the sake ©
comparison However, there is no absolutgobalthreshold for NDVIIn other words, there is

no absolute value that gives the vegetation in the image. Through combination of values of
NDVI and visual interpretation on the false color composite a Iérakholdis defined as 0.21

for this study.

NDVI mask is used for masking VNIR, SAWIRTIR data separately. Since the NDVI is produced
using VNIR bandghe spatial resolution of the NDWxactly matches the resolution of
resampled SWIR bands and VNIR bgfasure 5.5)On other hand, for TIR bands, NDVI needs
to be resampled in order to match the spatial resolution of 90m. Therefore, proddN&d is

resampled to match the spatial restilon of TIR bands.

Moreover, due to the parallax error in ASTER SWIR bands the extents of the bands in SWIR are
not the same. For analysis such as principal component analysis and decorrelation stretch the
extents of the input data need to be the samerajowith the size of the pixel. Therefore, VNIR,
SWIRbandsand NDVImaskfor 15m are clipped according to the SWIR band that has the
minimum extent.Even though there is no parallax error in TIR due to resampling the extent of
the TIR bands and NDVI mask 90m do not match therefore NDVI mask for 90 m is also
clipped for perfect match with TIR bands.
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Figure 55 Vegetation maskrepared for 15m spatial resolutiohlote that the green area on the figure represents
the vegetation
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5.2. Principal Component Analysis

The principal component analysis conducted inMicrolmages TNTips software for
preprocessedASTER VNIR ar@WIRbands (Bans 1-9). NDVI mask is usetb mask out
vegetationfor higher accuracy as the vegetation is out of concern in the first place. Therefore,
the values ofvegetatedpixels are not included in statistical analysifie resuling principal
components g displayed in RGB color compaosites for better visualization and interpretation.
The transformation parameters are provided as an output of the software and presented

accordingly.

The PCAs conducted 6r VNIR and SWIR bands of ASTER (Ba®dsAt explmed previously

the bands used for the analysis are the preprocessed ASTER bands and clipped in order to
match the extent of all the input layers. The transformation parameter of thei®@épicted in

Tables 5.2 and 5.3 The results of the principal cormpent analysis; namely the principal
componentsg are visualizedin RGB color compositefor the first RGB color composithe

first three pincipal components are selected (RGB: PC1, PC2 whi3) representsaround

99.5% of the data (Figure@).

Additional RGB color composites are also produced for comparison and better visual
interpretation. Thesecond color compositproduced include$C1, PC3 and P€plet (RGB:

PC1, PC3, PC5) (Figure)5This composite represents 96% of whole data; becal€d
represents 95% of the data by its&hile other principal component bands contain 1% extra
information. TheRGB color composite producemsbin PC2, PC3 and PC4 (RGB: PC2, PC3, PC4)
represens only 5% of the whole data (FigureBband the RGB color sgpositeproducedfrom

PC2, PC4 and PG®GEB: PC2, PC4, PC6) represents49iyof the dataKigure 5.9. By these
produced color composites using different combinations of principal component bands, whole

data is analyzed and compared visually.
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Table5.2 Parameters oPCAof ASTER VNIR and SWIR bands

MEAN RASTER VALUES

RASTER MEAN
BAND1 39,8
BAND2 330
BAND3N 31,6
BAND4 8,3
BANDS 2,4
BAND6 2,2
BAND7 1,8
BAND8 1,3
BAND9 0,9
VARIANCE/COVARIANCE MATRIX
RASTER  BAND1 BAND2 BAND3N BAND4 BANDS5 BAND6 BAND7 BAND8 BAND9
BAND1 102,7988 102,5739 76,7259 22,0241 5,5488 5,5410 4,6278 3,2979 2,0080
BAND2  102,5739 109,7970 82,1563 22,9383 5,8134  5,8509 4,8803 3,5012 2,1459
BAND3N 76,7259 82,1563 75,1384 18,5381 4,3363 4,5035 3,6702 2,6552 1,6365
BAND4 22,0241 22,9383 18,5381 6,0673 1,4664  1,4882 1,2177 10,8708 0,5356
BANDS 55488 58134 4,3363 11,4664 0,3989 0,3946 0,3245 0,2317 0,1443
BAND6 55410 5,8509 4,5035 11,4882 0,3946 0,4080 0,3273 0,2343 0,1461
BAND7 4,6278  4,8803 3,6702 11,2177 0,3245 0,3273 0,2799 0,1969 0,1215
BAND8 3,2979  3,5012 2,6552 10,8708 0,2317 0,2343 0,1969 0,1438 0,0878
BAND9 2,0080 12,1459 16365 10,5356 0,1443 0,1461 0,1215 0,0878 0,0565
CORRELATION MATRIX
RASTER BAND1 BAND2 BAND3N BAND4 BAND5 BAND6 BAND7 BAND8 BAND9
BAND1 1,0000 09655 0,8730 0,8819 0,8665 0,8556 0,8627 0,8578 0,8329
BAND2 0,9655 1,0000 0,9045 0,8887 0,8784 0,8742 0,8803 0,8812 0,8612
BAND3N 0,8730 0,9045 1,0000 0,8682 0,7920 0,8134 10,8003 0,8078 0,7939
BANDA4 0,8819 0,8887 10,8682 1,0000 0,9426 0,9458 0,9344 0,9323 0,9144
BANDS 0,8665 0,8784 0,7920 10,9426 1,0000 0,9780 0,9712 0,9674 0,9606
BANDG 0,8556  0,8742 0,8134 10,9458 0,9780 1,0000 0,9686 0,9673 0,9620
BAND7 0,8627  0,8803 0,8003 0,9344 0,9712 0,9686 1,0000 0,9813 0,9659
BAND8 0,8578 0,8812 0,8078 10,9323 0,9674 0,9673 0,9813 1,0000 0,9741
BAND9 0,8329 0,8612 0,7939 10,9144 0,9606 0,9620 0,9659 0,9741 1,0000
EIGENVALUES AND ASSOCIATED PRECENT.

AXIS EIGENVALUES PERCENTAGES = CUMULATIVE
1 278,8133 94,4846 94,4846
2 11,6089 3,9340 98,4186
3 3,3172 1,1241 99,5428
4 1,2384 0,4197 99,9624
5 0,0853 0,0289 99,9913
6 0,0118 0,0040 99,9953
7 0,0080 0,0027 99,9980
8 0,0039 0,0013 99,9994
9 0,0019 0,0006 100,0000

EIGENVECTORS
RASTER  BAND1 BAND2 BAND3N BAND4 BAND5 BAND6 BAND7 BAND8 BAND9
BAND1 0,5950 0,6207 0,4890 10,1341 0,0332 0,0336 0,0279 0,0200 0,0122
BAND2 -0,4864 -0,2075 0,8478 0,0353 -0,0164 -0,0045 -0,0103 -0,0049 -0,0018
BAND3N 0,6331 -0,7516 0,1768 0,0406 -0,0165 -0,0174 -0,0182 -0,0161 -0,0120
BAND4 -0,0910 -0,0689 -0,0984 0,9090 0,2212 0,2248 0,1745 0,1224 10,0778
BAND5S 0,0147 -0,0445 0,0335 -0,3899 0,4850 0,5158 0,4405 0,3147 0,2243
BAND6 -0,0015  0,0044 -0,0001 -0,0216 0,3447 0,5221 -0,6590 -0,3947 -0,1342
BAND7 0,0046  0,0017 -0,0077 0,0088 -0,7683 0,6338 0,0584 0,0640 0,0158
BAND8 0,0036 -0,0022 -0,0022 0,0088 -0,0405 -0,0751 -0,5741 0,6623 0,4736
BAND9 0,0015 0,0000 -0,0013 0,0100 -0,0585 -0,0456 0,0831 -0,5355 0,8371
TOTAL VARIANCE 295,0887
DETERMINANT 0,0000
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Table5.3 Transformation Parameters &CAof ASTER VNIR and SWIR bands

TRANSLATION VECTOR
61,0181 0,8062 6,1839 0,0928 0,6526 0,0492 -0,1385 0,0413 0,1208
TRANSFORMATION MATRIX
RASTER BAND1 BAND2 BAND3N BAND4 BAND5 BAND6 BAND7 BAND8 BAND9
BAND1 0,3027 0,3157 10,2488 10,0682 0,0169 0,0171 0,0142 0,0102 0,0062
BAND2 -0,3012 -0,1285 0,5250 0,0218 -0,0102 -0,0028 -0,0064 -0,0030 -0,0011
BAND3N 0,3763 -0,4467 0,1051 10,0242 -0,0098 -0,0104 -0,0108 -0,0096 -0,0071
BAND4 -0,0458 -0,0346 -0,0495 0,4573 0,1112 0,1131 0,0878 0,0616 0,0391
BANDS 0,0060 -0,0181 0,0136 -0,1583 10,1969 0,2094 0,1789 0,1278 0,0911
BANDG6 -0,0007 0,0021  0,0000 -0,0104 0,1655 0,2507 -0,3165 -0,1895 -0,0645
BAND7 0,0029 0,0011 -0,0050 0,0056 -0,4915 0,4055 0,0374 0,0410 0,0101
BAND8 0,0019 -0,0012 -0,0012 0,0048 -0,0220 -0,0407 -0,3116 0,3594 0,2571
BAND9 0,0009 0,0000 -0,0008 0,0064 -0,0372 -0,0290 0,0529 -0,3405 0,5323
CORRELATION BETWEEN INPUT RASTERS AND PRINCIPAL COMPC

RASTER BAND1 BAND2 BAND3N BAND4 BAND5 BAND6 BAND7 BAND8 BAND9
BAND1 0,9799 0,9891 0,9420 10,9088 0,8789 0,8788 0,8802 0,8806 0,8599
BAND2 -0,1634 -0,0675 0,3332 0,0488 -0,0885 -0,0238 -0,0666 -0,0438 -0,0254
BAND3N 0,1137 -0,1306 0,0371 0,0300 -0,0477 -0,0497 -0,0628 -0,0776 -0,0917
BANDA4 -0,0100 -0,0073 -0,0126 0,4107 0,3897 0,3916 0,3671 0,3593 0,3641
BANDS 0,0004 -0,0012 0,0011 -0,0462 0,2242 0,2358 0,2431 0,2423 0,2754
BANDG 0,0000 0,0000 0,0000 -0,0010 0,0593 0,0888 -0,1353 -0,1131 -0,0613
BAND7 0,0000 0,0000 -0,0001 0,0003 -0,1086 0,0885 0,0099 0,0151 0,0059
BANDS 0,0000 0,0000 0,0000 0,0002 -0,0040 -0,0073 -0,0678 0,1092 0,1245
BAND9 0,0000 0,0000 0,0000 0,0002 -0,0041 -0,0031 0,0069 -0,0618 0,1542
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Figure5.6 RGB color compositd principal components (RPC1G:PC2B: PQ). Note that thewhite area on the
figure represents the vegetatioBee Figure 2.2 for legend of the inset map

On the Figure 5.6 mainly three units stand out; brownish green unit in the middle of the image,

pale pinkish unit in the west and east of the image and bright pink unit in the south east of the

image. As the results are compared with the geological magpgthken units corresponds to the
O2yGAySyidltt NBR Of I & pikkQiait corBspdddsito epdi¥d (4 29D EPN
C2NXIFOGA2Yy0 YR LI ES LAY] dzyAld O2NNBaLRyRa (2 ¢
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Figure 57 RGB color compositd principal components (RPPC1G:PC3B:PG). Note that thewhite area on the
figure represents the vegetatioBee Figure 2.2 for legend of the inset map

As on the previous image on Figure 5.7 three distinct units stand out; continental red clastics
OTYOAl F2NXI (A 2y dnavk éolorNaBHeInMiBdie SngrivBsRand sduthdast 0£S

the image, PaleocenBocene units are represented by light greenguoise color in the north

east of the image an® @I LR NAGS& o6¢dz£Efdz FyR . 2T 1PN C2N)NI
yellowish color. Note that the evaporitic units were not recognized as separate units as in the

previous image.
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Figure 58 RGB color compds of principal components (FPQ, G:PC3B:PQ). Note that thewhite area on the
figure represents the vegetatioBee Figure 2.2 for legend of the inset map

hy CA3Idz2NBE poy 2yt e Oryhatisnyssayids but by bldgdvy cOldr vhilgl A O &
the rest of the image has not so different color composition. On Figure 5.9, on the other hand,
no distinct unit stands out and the whole image has quite same color composition. Therefore,
Figure 5.9 and therincipal component used for RGB composite would not be efficient for

surface material discrimination.
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Figure5.9 RGB color composite of principaimponents (RPC2G:PC4B: P@). Note that thewhite area on the
figure represents the vegetatioSee Figure 2.2 for legend of the inset map

The results of the principal component analysis showed that through interpretation RGB color
composites produced using principal component is capable to discrimsatface materials
based on the variance between the materials. Based on the selection of the principal
components the materials delineated may change. Essentially, starting with the PC1 through
PC9 the components show the abundance of the informationetdbd. In other words, PC1
represents the information abundant and mediocre for the image while the mediocrity

decreases gradually for latter principal components.
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5.3. Decorrelation Stretch

Decorrelation Stretch iperformed usingVicrolmagesTNTipssoftware like most of the other
image processing operationsThe Decorrelation Stretch is utilized for ASTER ¥NIFSWIR
bands (Bands-9. For spatial coherence, the spatial resolution of SWIR bands resampled to
15m to match themwith the VNIR bands. lthis data set, vegetation mask is also applied as

explained previously. Therefore, thregetation pixels are not included in analysis.

Essentiallythe combination of theRGB color composites produced are the samdhe ones
produced for preprocessed ABR VNIR and SWIR défggure 5.1, Figure 5.2 and Figure)5.3
The main difference however, hereis that on the same bands decorrelation contrast
enhancementis applied Following the contrast enhancement through principal component
transformation decorrtated (statistically independent) bands are theetransformed into
their original coordinates so that the distortion of hues dued&correlation transformationsi

limited.

The first RGB color composite is the false color composite prodinoeddecorrelated VNIR
bands 3N, 2 ash1 (RGB: 3N, 2, 1) (Figur&®. As seen on the figure the contrast of the image
increased discernibly when it is compared to the first false color composite produced. The
additional RGB color compites can be seen Figures5.11and 5.2. It can easily be seen that
surface materials showing different responses in SWIR and VNIR can be discriminated through
contrast enhanced images. Note that unlike principal component analysis the meaning of the

colors and relation beveen the bands and the materials aaown in decorrelation stretch.
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Figure5.10 RGB color comgsite of decorrelated bands (Rand3N, G:Band2, B:Band1). Note that thewhite area
on the figure represents the vegetatiddee Figure 2.2 for legend of the inset map
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Figure5.11 RGB color composite of decorrelated bandsE&d9, G:Band6, B: Band4). Note that thewhite area
on the figure represents the vegetatiddee Figure 2.2 féegend of the inset map

On Figures 5.11 and 5.12asically, two distinct units stand out: (1) the continental red clastics
OTYOA]l C2NXIGA2Y0 FYR O0HO S@OFLRNRGAO dzyAiilda
continental red clastics are representdry yelloworange color where evaporitic units are
represented by pinkisipurple color. On Figure 5.12, redange color shows continental red

clastics and greenish color shows evaporitic units.
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Figure5.12 RGB color congsite of decorrelated bands (Band9, G:Band4, B:Band1). Note that thewhite area
on the figure represents the vegetatiddee Figure 2.2 for legend of the inset map
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5.4. Spectral Indices

In this study, quartz (Ql), carbonate (Cl), mafic (Wdjces defined byNinomiya (2002and
sulfate (SI) indedlefinedbyl Yy R mi § INY Sl yf@é WIRdstamiong with calcite (Gig,

OH bearing altered mineral (QHand OHYJ) and alunite (ALI) indices definedr f8WIR by
Ninomiya (2004 pare used.Theresults of the spectral indices are displayed in lingay-scale

as the resultant image is a single layer. Additionally, in order to facilitate visual interpretation

the resultant layes are subjected to contrast enhancement through linear stretching.

Primarily, the spectral indices for SWIR bands are calculated starting with alunite(&idégx
(Eq.5.1) Although most of the hydroxyl bearing minerals is silicatésnite is sulfate mineral
which has a unique spectral featuta.2.295¢ 2.365km waveength region which corresponds
to ASTEBWIR Bnd-8, alunite has a sharp absorption feature unlike the other hydroxyl bearing
minerals.The resultant image is linearly stretched for better contrastl interpretation (Figure

5.13.

_ Band7* Band7

AL| =
Band5* Band3

(E.q.5.1)

The second index calculated for SWIR is the calcite if@&¥n (Eq.5.2). Calcite shows
featured spectral response in SWIR, thatims2.295¢ 2.365km wavelengthregion (ASTER
SWIR Bang) calcite has a deep and wide absorption while shgwiather high reflectance in
2.185¢ 2.225xm wavelengthregion(ASTER SWIR Baf)chndin 2.360¢ 2.430km wavelength
regions (ASTER SWEh&9). The resultanimage can be seen on Figure 5.14

_ Band6* Band9

Cl =
SWR Band8* Bands

(E.q.5.2)

Two other indicesalculated for SWIR are hydroxyl bearing altered minerals indieg$.3)
Note that for hydroxylbearing altered rmerals two different indices arelefined. The first
index designated by Oflis mainly used for montmorillonite and mica both of which have
similar deep and sharp absdipn feature in2.185¢ 2.225km wavelength region (ASTER SWIR
Band6). The latter index designated by @id used for pyrophillite which has a deep and sharp
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absorgion feature in2.145¢ 2.185kxm wavelength region (ASTER S\B4Rd-5). The resuls of
the spectralindicesare depicted irFigures 5.15 and.16.

_ Band4* Band7 OHL. = Band4* Band7

OHI, = : b=
Band6* Bandb Bands* Bands

(E.q.5.3)

Figure 513 Alunite Index (ALIBrighter pixels are expected to show higladunite compositionNote that thegreen
area on the figure represents the vegetati@ee Figure 2.2 for legend of the inset map
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