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ABSTRACT

Spectr al unmi xing produces spatial abun
materials using supixel scale decomposition. It is particularly well suited to extracting a
greater portion of the ricimformation content in hyperspectral data in support of real
world issues such as mineral exploration, resource management, agriculture and food
security, pollution detection, and climate change. However, illumination or shading
effects signature variahbitly, andthenoise are problematidhelLeast Square (LS) based
spectral unmixing techniguwich as No#iNegative Sum Less or Equal to One (NNSLO)
dependon fAshadeod endmtherdmelitude etrocd-urtheradre, theiLE h
based method @snot consideamplitude errorén abundance constraint calculatspn
thus,oftenleadsto abundance errar§he Spectral Angle Constraint (SA@duceghe
amplitude errorsbuttheabundance errors remaecause of usinfylly constrained
condition In this study, a Genetic Algorithm (GA) was adapted to resolve these issues
using a series of iterative computations b
the fittestdéd to Iimprove the accuusasey of ab
Spectral Agle Mapper (SANIbaseditness functiorto calculate abundances by
satisfying aSAC-based weakly constrained conditidiis was validated using two
hyperspectral data sets: (i) a simulated hyperspectral dataset with embedded noise and
illumination effecs and (ii) AVIRIS data acquired over Cuprite, Nevada, USA. Results
showed that the new GBased unmixingnethod improved the abundance estimation
accuracies and was less sensitive to illumination effects and noise compared to existing
spectral unmixing méabds, such as the SAC aR#ISLO. In case of synthetic dattne

GA increased thaverage index aigreement betwedrue and estimated abundances by



19.83%and30.10%compared to the SAC and the NNSLO, respectively. Furthermore, in
case of real data, GA improved the overall accuracy by 43.1% and 9.4% compared to the

SAC and NNSLO, respectively.
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CHAPTER 1:INTRODUCTION

Hyperspectral imaging plays an important role in surface material discrimination
due to its higkspectral resolution that covers many narrow contiguous bands usually
from thevisible to shorwave infrared wavelength region (i.e., from 400 nm to 2500 nm
Jensen, 2004 Information extraction from hyperspectral image data bea very
meticulous proces#$n order to achieve the best result from information extraction, it is
oftenmandatory to perform data ppeocessing, i.e., calibration, assessment and removal
of sensor artifacts, and removal of atmospheric eff&cdme of the most popular
information extraction methods are spectral matching, feature fitting, matcheddilterin
and spectral unmixing (Jensen, 2004). Due to the mixture of spectral signatures of objects
in a pixel recorded by the Instantaneous F@feview (IFOV) of a sensor, spectral
unmixing is evident (Mia@t al, 2007).

The spectral signature of an objeeters to its reflectance spectrum within a
specific wavelength region (e.g., VNIR and SWIR). The linear unmixing is a standard
unmixing technique that decomposes a measured spectrumdatataundances a
collection of constituerendmembers, where tet of corresponding fractions or
abundances refer to the proportion of each endmember present in th&gdawkét al,
1993) An endmember represents a O6pured mater
particular type of mineral (e.g., kaolinite, suovite, or alunite) or vegetation (e.g.,

wheat, canola, or barley).



Decomposing mixed pixels using linear unmixing is usuatlyr@estep process.
These general steps are data dimensionality reduction, endmember selection and
identification, and abundae estimation (Jensen, 2004).

Typically, in order to obtain endmembers, reducing the number of bands or
constructing new components through different data transformation techniques can
eliminate the redundant information among the hyperspectral bands. @ahe
dimension reduction techniques are: Principal Component Analysis (PCAt bée
1991; Jensen, 2004), Minimum Noise Fraction (MNF; Geteal, 1988), Singular
Value Decomposition (SVD; Badlt al, 2004), and Optical Re¢ilme Adaptive Spectta
Identification System (ORASIS; Bowlet al, 1997).

Endmembers can be obtained from field/laboratory measurements (library
endmembersHirectly from the image data (image endmembers; Zieaiad,, 2008) or
by modelling (Peddlet al, 1999) Image endmembers can be manually identified based
on their absorptiongfatures after the dimensionality reduction step (Kesbaah, 2002).
Spectral signature of a target material might not matchitgithbrary endmember
because of atmospheric illungtion viewing effectsor noise (Parrat al, 2000). In case
of vegetation, it is due to the tirtependent pdnological stage if the spectra are not
acquired under the saniimination and viewing geometigs the image data (Hosteit
al., 2003).Image endmember extraction can be performed using either a statistical or a
geometrical approach. Geometric approaches usually assume the presence of pure pixels
that represent endmembers; however, pure pixels are not mandatory in statistical
approaches (Nasoentoet al, 2005; BioucadDias, 2009). Severa@ndmember selection

methods can be usedftod purepixels such as the-NINDER (Winter, 1999), Iterative



Error Analysis (IEA Neville et al, 199), Automated Morphological Endmember
Extraction (AMEE; Plaaet al, 2002), ORASIS, Vertex Component Analysis (VCA,
Nascimentcet al, 2005), and Simplex Growing Algorithm (SGA; Chaetgal, 2006). In
the geometric approach, the vertices of spectral vectors belong to a simplex set
corresponding to the endmemheksgeometric approach, fitting a simplex of minimum
volume to the dataset, is used where the pure pixel assumption is not fulfilled. Algorithms
employ this geometric approach are the Successive Projection Algorithm (SPA;eZhang
al., 2008), Minimum Volune Enclosing Simplex (MVES; Chaat al, 2009), Minimum
Volume Simplex Analysis (MVSA,; Let al, 2008), and Nomegative Matrix
Factorization Minimum Volume Transform (NMWAVT; Tao et al, 2007), Simplex
Identification via Split Augmented Lagrangian (SISAioucasDias, 2009) algorithm.
A statistical approach, e.g., the Independent Component Analysis (ICA; Pearkhutter
al., 1997; Parr&t al, 2000) considers that the abundances are statistically independent
and can be modeled as mixtures of Dirichlet densities (Nasciraeatp2005).

The outcome of linear unmixing is abundance negpslustrated in Figure.1
Linear unmixing witha priori information of the endmember spectra is known as an
abundance estimation problem (Rosdar@mres, 2004)The research conducted for this
thesis was focused @thieving optimal solution for an abundance estimation problem
usinga Genetic Algorithm (GA; Hitand 197% Goldberg, 1989; Mathworks, 201 The
GA, a series oiterative computations that efficiently explores large search spaces
without being trapped into the local minimuis a promising alternative to conventional
heuristic methodéGenet al, 2000; Yaoet al, 2003; Huangpt al, 2006; Farzanet al,

2008). It is a general adaptive optimization search methodology that generates optimal



solutions for search and optimization problems in various sestari,as irengineering
design (Zhaet al, 2012), traffic and telecommunication routing (Viealal.,2011),
chemical kinetic analysis (Omaghal, 2012),andfinance and investment strategies
(Mehtaet al, 1999). In addition, it was employed in previous linear unmixingiesahd

achieved beer performance for abundance estimation (Farzaah, 2008).

Hyperspectral Datasea — Library Endmembers
L Dimension Reduction]
L Image Endmembers
L Abundance Calculation]
L Abundance Maps

Figure 1: Linear unmixing process using either image endmembers or library
endmembers.

1.1 Linear Mixture Model

In the literaturethelinear mixture model is widely used for unmixing as it is
easier to implement and more flexible in different applications than thémezr model
(Roggeet al, 2006; Sancheet al, 2010). It assumes no interaction between
endmembers and treats a piaela linear combination of endmembers weighted by their
corresponding fractions or abundanpéss an error term. itan be written akllows

(Adamset al, 1993;Boardman et al., 1993; Staesizal, 1999; Rosaridl orres, 2004)



m:'a?_e;ai N Ea n, (1)

i=1
where Fisa 1 1 matrix of endmemberpis thetotal number of endmembe,is

total number of spectral bands,is the spectral signature of tﬁ'éendmembettj:is a

n p vector of abundances; is the abundance of thilendmembermisa n p

vector of the pixel spectrum, ands a 1 p noise vectoor anerror term The noise
vectoris considered negligible if it is an additive white Gaussian noise (Adaals

1986). Therefore, Eqg. 1 can be writterf@ws:

m= ap ea, =Ea. 2

i=1

The abundance vector needs to satisfy one dbtlmving constraints

Leti=1, »,p,
-og <or (3
p
O¢a @andd a =1.0,0r 4
i=1
p
O¢a dandg a, ¢1.0. (5)

i=1
An unconstrained condition in E§.considers the range of abundance values from minus
infinity to plus infinity, which could produce unrealistic abundances (Keséiah
2002). The fully constrainechsein Eq.4 considers all abundances as fmagative and
the sum of all abundances gual to ongStaenzt al, 1999; Rosarid orreset al,
2007; Farzanet al, 2008) It requires a complete set of endmembers and overestimates

or underestirates abundances in case of missing endmembers (8hald008).



Missing endmembers addétenobvious in real worldgcenario as it is difficult to deteati
endmembers presentarsceneThe weakly constrained unmixing in Egjconstrains
abundances as naregative and the sum of all abundantesst bdess than or equal to
one(Staenzt al, 1999; Rosariglorres, 2004; Shangt al, 2008) It minimizes the
problem with overestimation or underestimation of abundances in case of missing

endmembe(Shanget al, 2008; Rosarid orres, 2004).

1.2 Applications of Linear Unmixing

The linear unmixing is widely used to solve raadrld probems associated with
mineral exploration, vegetation mapping, environmental monitoring, pollution detection,
and climate change (Keshasbal, 2002). For instance, tmineral exploration tasks
includeidentifying minerals under tundra vegetation covehim Canadian Arctic
(Staenzet al, 2000) and analyzing minerals in the bright salty soils of Gusev crater on
Mars (Parentet al, 2009). In addition, the vegetation mapping approaches comprise
addressing the spectral reflectance problem of crops affbgtethe spectral contribution
of background soils and shadows (Peddlal, 2005) and estimatingrop fraction along
with vegetation indices (Liet al, 2008) Moreover, the environmental monitoring
applications include mapping water turbidity disttiba in a floodplain lake together
with autocorrelation modeling (Alcantagaal, 2009) estimating fractional abundances
of land-cover components and delineating potential erosion areas in tropical watersheds
(De-Asiset al, 2008). Additionally, one of the pollution detection tasks contains
estimating acid mine drainage (AMD) in mine tailings (Ricleteal., 2008).

Furthermoresnow cover estimation (Fopeaal, 2002) using spectral unmixingas



example of the climatehange detectiarRecently, medical science is also using
abundance maps for cancer detection, blood testing, and identification of bacterial
infections (Sirkeci, 2001). Therefore, realizing the importance of abmrdioned
applications, it is obvious tmeure the accuracy of linear unmixing results, i.e.,

abundance maps.

1.3 Factors Influencing the Accuracy Bhmixing Results

There are many factors contributing to the radiant energy received by an imaging
spectrometer. These factors often influence lineanixing by producing overestimated
or underestimated abundances. The accuracy of estimated abundances is influenced by
several factors, such as illumination fluctuation, signature variability, and noise (Healey
et al, 1999; Tyocet al, 2000; Shavet al, 2003; Nascimentet al, 2005; Rabalet al,
2011).The illumination perturbations occur due to surface topography and equally affect
all bands (Nascimentet al, 2005). The spectral mixture of materials interacting with
incident sunlight contributes tbe total reflected signarhe terrain slope and shadow
affect the reflected signal amdnhave a serious effect on estimating abundances
(Rouseet al, 2005; Rabalet al, 2009, 2010, and 2011)n addition, atmospheriand
weathering effects, agaduced colour fading due to oxidizatioapdcontamination due
to chemical composition causes spectral signature variability of the surface material

(Keshaveet al, 2002; Nascimentet al, 2005).



1.4 Constraint OptimizatiorProblem

An abundance estimation method calculates abundances by solving a constraint
optimization problem. It searches for a solution to the constraint condition that the
variables must satisfy to minimize a distance function (2te, 2008; Tsoulos, 2009).
Theconstraint optimization problem derived from the linear mixture model in Eq.2 by
imposing Eq. 5 can be written as follows (Rosdr@reset al, 2004, 2005, and 2007;
Shangget al, 2008):

Minimize: D(m, Ea), (6)

p p
Subjectto:0¢ g, @ andg a, ¢1.00r § a =1.0, (7

i=1 i=1

where D(m, Ea) is a distance functiotihat leads to the solution of abundances.

1.5 How does Genetic Algorithrwork?

Holland (1975) and his colleagues, inspired by the Darwinian natural selection,
first introduced the concept of the Genetic Algorithm (GA) in the 1960s and 1970s. It is
based on the theory of evolution in biology that plays a vital role in the way hurdankin
survives in naturdn order to understand the GA, certain biological expressions need to
be clarified. The building block of life, a cell, contains the blueprint of species, i.e., a set
of chromosome, also called the strings of DNA (Mitchell, 1996)hE&acomosome
comprises a number of functional blocks of DNA called genes. Each gene is located in a
particular position of the chromosome and encodes a certain type of protein representing
various possibilities of an individual property, such as diffeléotd types, different eye

colours, and level of intelligence. In nature, exchanging genes between pairs of parent



chromosomes during sexual reproduction or crossover produces new pairs of child
chromosomes. The result of a DNA replication error from gaceaffspring caussa
permanent change in the DNA sequence (heredity elementgjeolea A mutatioccurs
when a protein encoded by a gene is altered due to certain incidents, such as radiation,
viruses, transposons, and mutagenic chemicals (Mitd886; Bertram, 2000).
Accumulation of mutations through a large number of generations can lead to the
evolution of new species. The core mechanism of evolution, the fitness of species or
populations, is determined by their survival and reproductioncaoatribution of their
genes to the next generatidgprg, 2009).

In order to solve a constraint optimization problem (e.g., Eqhé)GA
randomly generatean initial population of candidate solutions or chromosomes
(Goldberg, 1989). Each chromosome contains a number of genes and each gene contains
an encoded value within the bounds of a constrained condition (e.g., Eq. 7; Chang, 2007).
The quality assessmeoit each chromosome, the fitness value calculation, is carried out
employing its encoded values to a fithess function, which is a distance function to be
minimized (Huanget al, 2006). Chromosomes are ranked based on their fitness value,
where the top rdding fitter chromosomes are copied multiple times, because crossover
requires a pair of chromosome to produce a chMldtliworks 2011). Chromosomes are
selected randomlgs parents to participate in crossover, mutation, and elite operation
crossover oprator randomly exchanges genes between a pair of parents and produces a
child, and a mutation operator alters a random gene of a parent and produces a child
(Figure 2). In addition, an elite operator copies the fittest parent as a child without any

gene #&ernation. The number of total children in a new population is the same as the



number of total parents in an old population. Children feamew generation replace the
parents from older generation, and this process goes through fithess evaluation and
temination condition€.g., number of generationd)ecking until an optimal solution is

obtained as illustrated in Figure B & 0 dét al,r2012;Mathworks, 2011).

P Parent
. Before [(TIITTTT]
l Crossover Pomt l

Child After MOOMETT  Chald

Crossover Operator Mutation Operator
Figure 2: Crossover and mutation operation (modified frbimang et al., 2006).

New Generation

¢ Chromosome

LTI

Fitness : [ Operators :

Evaluation : m :

i Crossover ‘ E

_-'"-’r-" b : + :

" Termination . Selection | . :

. Condition " 1y ! Mutation :

\\\ '_,.""f/ : N i

I/ Yes i Elite | E

Optimized i —
Solution

Figure3: The GA fl owchart (modified from
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1.6 Existing GAbased Constraint Optimization Approaches

Some of the most popular G#ased constraint optimization approaches such as
the Simple Genetic Algorithm (SGA,; Goldberg, 1989; Sastry, 20081f; @ganizing
Migrating Genetic Algorithm (ESOMGA; Deepet al, 2009, andNovel Genetic
Algorithm (NGA; Tsoulos, 200pwere studied prior to the development of the proposed

GA. The SGA, GCSOMGA, andNGA are discussed ithhe Appendx section.

1.7 Objectives
The main objective of this studyto implement algorithms that wilimprove the
accuracy of abundance maps. More specifically, the objectives were as follows
a) Perform constraint optimizatiamsing a GA to improve the accuracy of
abundance maps as well as to make it less sensitive to illumination effects,
signature variabilityand noispand
b) Compare and validate the accuracy ofgihgposedsA-based abundance
guantification approach againstigting approaches using synthetic and real

hyperspectral dataset

1.8 Hypotheses
Three main hypothesegeretested in this thesis
a) A weaklyconstrairdconditioncan be constructed to check themination

effectin each pixel

11



b) TheGA can achieve an optimablution of a constraint optimization probldam
minimizing a properly designed fitness functj@nd

c) TheGA-based unmixing resultan bdess sensitivéo illumination effects,
signature variabilityand noise compared to adead abundance estimation

methods.
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CHAPTER 2:BACKGROUND

In many cases, the endmembers of a scene are known where the only remaining
task is abundance calculations. This chapter is mainly focused on the constraint
optimization where the advantagesd disadvantages of advanced abundance estimation

algorithms are presented.

2.1 Multiple Endmember Spectral Mixture Analysis Algorithm (MESMA)

Robertset al. (1998 and 2007) implemented the MESNAsed abundance
calculation in the VIPER Tools software, whiconsiders the number and type of
endmembersvhich vary from pixel to pixel in a scene. It deals with the illumination
effect using a photometric shade (i.e., a shade is set to zero reflectance) or non
photometric shade (i.e., a shade spectrum is ueetddrspectral library). The approach
can create linear mixing models from one to three types ehade endmembers,
where each neshade endmember contains the combination of itdyqadbendmembers
(e.g., a water endmember with 3 sypes: water withediments, water without
sedimentsand watemwith chlorophyll). MESMA selects the models for each pixel based
on the four parameters (Robeetsal., 1998 and 2007):

a) The range of endmember fractions, e.g., the minimum endmember fraction varies
from-0.5 0 1;
b) The shade fraction (i.e., range from 0O to 1) to ensure that deep shadow and water

remain distinct

13



c) The root mean square error (RMSE) threshold (e.g., default threshold is 0.025),

which is calculated as

RMSE= IInl (8)
q-1’

1
d) where| T |,is an Euclidean norm, e.dn|, = (Y #% .+ n&)? where a higher or

a lower threshold, respectively increases or decreases the likelihood for a candidate
model to be selected; and
e) A residual condition consist of a threshold and a number of consecutive bands to
apply the threshold, where all models that produce residual spectra exceeding the
threshold for the consecutive bands are excluded.
After selecting the models for each gixthe MESMA produces a number of
results such as an abundance map for each endmember (maximum 3 abundance maps), a
shade abundance, an RMSE map wétsiduals and a classification map with the
dominating abundances.
The disadvantages of this method asefollows:
a) It required extensive sutbype spectra for each endmember type;
b) The nonshade endmember fraction calculation is limited to maximum three
endmember types only; and
c) It produces erreprone results if the four parameters discussed earlier aseno
properly; in addition, the adjustment of these parametei@ne on a trial and error

basis.
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2.2 NonNegative Suniro-One Algorithm (NNSTO)

RosarieTorres and VeleReyes (2004, 2005, and 2007) investigated several
Least Square (LS) based abundancenesion methods: NNSLO (Lawsaet al, 1974;
Bjorck, 1996), the NotNegative SurTo-One (NNSTO; Lawsoet al, 1974;Bjorck,
1996), NonNegative Least Square (NNLS; Lawsetnal, 1974),Unconstrained Least
SquargULS; Keshavaet al, 2002), Chang Least Square StoyOne (CLSSTO; Chang
et al, 2003), Expectation Maximization Maximum Likelihood (EMML; Shegal,
1982; VelezReyeset al, 2003), and Image Space Reconstruction Algorithm (ISRA;
VelezReyeset al, 2003). Among thesegdrithms, the NNSLO estimated abundances
had a better match with their physical meanings as well as was more robust to noise
compared to other algorithms. The reason is it imposed the weakly constrained condition
and considers the existence of the lowaafnce pixels for abundance estimation. The

NNSLO algorithm defined the constraint optimization problem as follows:

Minimize: |Ea- m||§ and (9)

p
Subjectto:0¢a, @ andg a, ¢1.0. (10
i=1
RosarieTorres and VeleReyes (2004, 2005, and 2007) established the NNSLO
algorithm using the following steps to solve Bdpased on the LS solon from Lawson

et al. (1974).

a) Compute QRdecomposition (Trefetheet al, 1997; Presst al, 2007) for the matrix

eR ;
E =Qg) , WwhereQ is an @gxh) orthonormal matrix (i.e.g ddP Q=1,

wherel is an identity matrix witlg columns)andR is an invertible §xg) upper
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triangular matrix (i.e., all entries below the main diagonal are zero). In addition,

computec = Q' m, wherec, and c, are the columns d&. Therefore, Eq. 9 can be
transformed as follows:

Minimize: |Ra- g and (12)

P
Subjectto:0¢a, @landg a, ¢1.0. (12

i=1

Compute unconstraint abundance veciy, = R™

c.
b) Setc=[1 1.
c) Setf=[0 1.

T

d) SetH =gX",s I'X,s -1 .

e) SetL=ga" H' .
f) Setr=Lu -f ,whereu is the solution foL. andf.

o+ 0CI @, whereZis a (Lxp) vector of 3; of i™ endmember

g) Sets = -1
h) The solution ia= X, +R'Z.

In the literature, existing L-Based methods including the NNSLO depend on the shade
endmembers to deal with the illumination effects and do not use the constraint condition
(e.g., Egs. 2, 3, or 4) to check if a pixel is assigoeagh illumination or amplitude error

(RosariaTorreset al, 2007; Farzanet al, 2008;Rabahet al, 2011)
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2.3 The Spectral Angle Constraint Algorithm (SAC)

A recent abundance estimation method, the Spectral Angle Constraint (SAC;
Rabahet al, 2009, 2010, and 2011), was established from the concept of the Spectral
Angle Mapper (SAMKruseet al, 1993; Staenet al, 1999; Parlet al, 2007). The
SAM is widely used as a spectral similarity measure, because of its insensitivity to the
pixel illumination.It calculates the angle between a target material and a reference

material, where a smaller angle indicates a closer match. For instance, the spectral angle,

O, between a gf.@a1dg eferensepspectiug),y. mecan be

mathematically written as follows:

o

Gtarget %ference

a
H <os'
2 H l%ferencﬂz

C Gtarget

(13

The SAM assumes that the lines connecting the origin and each spectrum point are the
vectors of the direction of the spectra corresponding to the range of possible illuminations
with all possible positions of the materials (Kreseal, 1993).A pixel with poor

illumination will fall closer to the origin than a pixel with greater illuminatialthough

both pixels might have the same reflectance characteriaticerdingly, the SAM is
insensitive to changes in pixel illumination as increasing or decre#simination only
changes the magnitude, not the direction. SAM considers that the reflected signal
amplitude variation occurs due to the sunlight only, where the effects of diffusion from

the skylight, cloud light, and transmitted light through the nmtes ignored (Adler

Goldenet al, 2001; Adamet al, 2006).
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Cone €, &)

0 X

Figure 4: SAC illumination minimization. For example, the pirelcrosses the convex
cone formed by endmembds, €,) in a twodimensional space with X and Y. After

correctingm to mj, the pixel belongs to the convex cone (modified from Rabah et al.,
2011).

The SAC minimizes the illumination effects across the convex cone formed by
endmembers such as shown in Figure 4 using the spectral angle as a constraint condition
without relying on shade endmembedRabahet al, 2009, 2010, and 2011} corrects a
pixel m contaminated by changing illumination effects, which crosses the convex cone
(e, &). After correcting its amplitude error, the pixeli belongs to the cor(e,, &),
where the direction remains constd®ébahet al. (2009 and 2011) transformédy. 5 as

follows:

p
mi=q eai -Ea, (14

i=1
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wheremi=ny|m,, ei=¢/|g,. ai= &/|g[,/|m,. Eiisan A matrix of &, aiis a
n p vectorofaj,andmjisa p p vector of the corrected pixel spectruRabah
et al.(2011) defined the minimization probleas follows:

Minimize: |Ei -im| and (15

p
Subjectto:0¢ a, @ andj a, =1.0, (16)
i=1

where Ej is a full rank matrix (i.e., all vectors in this matrix are linearly independent)

and the solution without constraints is given by the Mdtearose pseudaverse of Ej

,i.e,(Ei"E J'E ".Inthis caseEi"E =0, whereli; = ¢ q s, g, measures the

spectral angle between tﬁ'&—:endmembeleI and j™ endmembere; wherei =1,aRd p
j =1 (Rabalet al, 2009 and2011) aijis calculated as follows:
ai=0 " ET n, 17)(

whereEi Tm 5 's with si =cC pi S andji is the spectral angle betweenand mj. As

there are infinity solutions in Eq. 17, a coefficient vectpr,is selected to verify a fully
constraint condition in Eq. 16 so that
a=q.* 4, (18)

whereq =g, W, ..., w, W is a coefficient of th&" endmember and .* is an array

multiplication operator (q.* g is the elemenby-element product of the arragsand aj
, Where both arrays have same siggbahet al, (2009 and 2011) calculated abundances

using Eg. 1&s follows:
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a = alé( 2, (19)

p
where w =1/3 (4) satisfy the fully constrained condition in Ed.1
i=1

Though the SAC method is less sensitive to illumination variability of the same
material, it may overestimate or underestimate abundances in case of missing

endmembers because of imposing the fully constraint condition (®hahg2008).

2.4 The Least §uare based Genetic Algorithm ({GA)

Farzamet al.(2008) developed the L&A to estimate abundances because most
of the traditional LSbased methods (e.g., the NNSLO algorithm) were mathematically
complex, expensive to implement and cannot be solvdgitimadly. The LSGA method

achieved the solution of the following constrained optimization problem as follows:
Minimize: ‘(Ea- m)' (Ea -m)‘ and (20)
p
Subjectto:0¢a, @ andg a, =1.0, (21)
i=1
where| 1 | means the absolute value. Farzam et al. (2008) described the stepGAf LS

as follows:
a) Encodingi Abundances are encoded as real values. Initially, a random uniform
population of 40 chrongomes is generated.
b) Fitnessi The LSbased fitness function in Eq. 20 is used with a fully constraint

condition in Eq. 21. It computes the fitness of each chromosome.
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d)

f)
9)
h)

)

New Populationi The following steps are repeated to create new populations,
where the number of chromosome is the same as the initial population.
Selectioni Fitter chromosomes are copied multiple times. Chromosomes are then
selected as parents via stochastic unifoefaction.

Crossoveri 60% of total parents are selected for crossover.

Mutation T 2% of total parents are selected for uniform mutation.

Acceptingi Children from steps 5 and 6 are assigned to a new population.
Replacei a new population replaces the olgppilation.

Testi the algorithm is stopped if the termination conditions (error tolerance and
maximum number of generation) are satisfied.

Loop T If conditions are not satisfied, go to step 3.

Although the LSGA developed byarzamet al.(2008)is robustto noise and

improved abundance estimation, the problem with illumination effect remains the same

as those with the NNSLO algorithiRgbahet al.2011) Imposing fully constraint

condition is also another disadvantage of this algoritRosérieTorreset d., 2007;

Shanget al, 2008.
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CHAPTER 3:DATASETS

Preliminary experiments were conducted using synthetic data and a real dataset,
acquired over Cuprite, Nevada (USA) with the Airborne Visible/Infrared Imaging

Spectrometer (AVIRIS).

3.1 Synthetic Data Creation

The synthetic mixtures were generated using varying parameters of illumination
fluctuation, spectral signature variability, and SigtmaNoise Ratio (SNR) with a set of
mineral endmembers to mimic a realistic scenario. Nine mineral endmembers (Kaolinite
KGA1, Dumortierite, Nontronite, Alunite, Sphene, Pyrophilite, Halloysite, Muscovite
and Kaolinite CM9) with 221 bands between 40042800 nm as shown in Figure 5
were used to generate the mixtures. These mineral endmembers were acquired from the
United Sates Geological Survey (USGS) spectral library (Cédréll, 1993; Plazat al,
2011). Changing the aforementioned parameters generated 12 synthetic data cubes. The
size of each synthetic data cube is 100 pixels x 100 pixels x 221 bands. True abundances
of the endmembers were acquired from Pktzal. (2011). These abundances mimic a
realworld scenario, where pure pixels are rarely found in the scene and the mixtures are
extreme in the boundaries of clusters as illustrated in Figure 6. The synthaticeda

created using the linear mixture model as follows (Nascimetrab, 2005):

QD5

@ +, (22)

3
1
~

[ e

& .htnandn=t¢ 3
1||| i

1
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wherer; is the scale factor to model the signature variability characterized by spectral
shape invariancez is the zeremean random noise vector of tifé endmember that

models the spectral signature variabitityt achieved by; , Umodels the illumination

fluctuation, and] = g/l, Yor Yoo ¥ is the vector that models additive sensor noise for

various SNR in decibel (dB).

100
=== Kaolinite KGA1
aC
=== DuMortierite
80
=== NONtronite
70
6 Alunite
50 === Sphene
g X
8 40 Pyrophilite
c
8
& 3C = Halloysite
g
20 Muscovite
10
Kaolinite CM9

1 1
0 40 60C 800 1000 1200 1400 1600 1800 2000 2200 2400
Wavelength (hm)

Figure 5: Mineral endmembers used to generate and unmix the synthetic data.
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Figure 6: Clusters of a synthetic dataset with 100 pixelE0® pixels x 221 bands shown
in red (606.43 nm), green (517.60 nm), aheael(448.61 nm), without applying noise,
spectral signature variability, and illumination fluctuation.

The reflectance of an inclined surface was modeled by multiplying the reflectance

of the flat surface,a ae by the illumination fluctuationin Eq. 22. The illumination
i=1

fluctuation was calculated as follows (Teilettal, 1982; Riaficet al, 2003):

t =cos Ig/ cos, and (23)

cosg cosg cos, g+ smp gsin,, qosg -6 (24)

where g is the incident angle, which is the angle between the normal to the ground and

the sun rays,g, is the slope angl€q, is the solar zenith anglé, is the solar azimuth

angle, and’, is the aspect angl&he values of th&matrix weregenerated using a
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random uniform distribution with a range between 0 and 1.28. This range was calculated

using Egs. 23 and 24, whege= 38.5° andf, = 162.8°from an AVIRIS" scene acquired

over rugged terraing, = 0° to 60°, andf, = 0° to 360°were usedThese angles are

illustrated in Figure 7a and the topographic effect on inclined surface is shown in Figure
7b.
The signature variability was modeled as follows (Nascimen&b, 2005):

ho=(1 ) (25)

wherev represents the percentage of signature variability. Eq. 25/witb%, 5%, and
10% were applied to Eq. 22.
The noise vectan in Eq. 22 was generated by applying SNR5:30, 60, and 90

dB as follows(Nascimenteet al, 2005)

itap B/t & ?
SNRig=10log g8 2 a ¢& ;78/ & =Ha;za; ¥

&x=1¢c’1 4 g/ X ¥ ¢ 1= X

G T (26)

wherex is the pixel number andis the total number of pixels.

'"i3.1 AVIRI'S Imagery, Rugged Ter r.aAtcesded MaBoh BIman Re mo't
2012:http://atcor.dIr.de/results4 _en.html
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Figure7: (a) Contr(iatl))ution of angles to model illumination eﬁgglts and (b) topographic
effect on the reflectance of an inclined surface (Figure modified from Riano et al., 2003).
3.2 Real Data

ATmospheric REMoval (ATREM) and Empirical Flat Field Optimized
Reflectance Trarisrm (EFFORT) corrected AVIRIS reflectance data of Cuprite,
Nevada, USA of year 1995 obtained from the ERfMtorial package was used for
testing the GAbased unmixing (Gaet al, 1990; Boardmaet al, 1998; Zhangpt al,
2008). This hyperspectral databe has 400 x 350 pixels, 50 bands of shante
infrared data between 2000 nm to 2500 nm with ~10 nm spectral resolution and 20 m
spatial resolution. The study area Cuprite (Figure 8), a mining district located i west
central Nevada, is considered agdeal location for unmixing experiments because it is
used extensively by the hyperspectral community due to the presence of large outcrops of

spectrally distinct alteration minerals and low vegetation cover (Abetmls 1977;

2 ENVI Software- ITT Visual Information Solutions. Accessed Jan 07, 2011:
http://www.ittvis.com/ProdatServices/ENVI.aspx
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Kruseet al, 1990; Hooket al, 1990; Clarket al, 1993b; Rowart al, 2003; Zhangpt

al., 2008). The study site consists of Tertiary volcanic rocks and Country rocks, where
Tertiary rocks have been hydrothermally altered primarily to bleach silicified rocks and
opalized rocksvith limonitic argillized rocks, and Country rocks are primarily Cambrian
phyllitic siltstone and limestones (Rowanal, 2003). Nine mineral endmembers
(MuscovitemedlowAl, MuscovitemedhtAl, Montmorillonite-Na, Kaolinite KGa2

(pxI), Kaolinite KGal (wxl), Hematite .02+Quartz .98, Chlorite+Muscovite,
Chalcedony, and Alunite GDS82)cquired from the USGSligital spectral library, are

used for unmixing Figure 9).

Figure 8: AVIRIS reflectance data of Cuprite shown in (800 nm), green
(2200 nm), and blue (2340 nm).

*AUSGS SpectrCdsaackpynldatbt hers, 2007 Spectr al Library
Digital Spectral Library splibO6aAccessed March 31, 2012:
http://speclab.cr.usgs.gov/spectral.lib06/ds231/datatable.html
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Figure 9: Nine mineral endmembers used to unmix the AVIRIS Cuprite data.
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CHAPTER 4:METHODS

In this chapter, a new constraint optimization problem is formulated as well as the

development of a properly designed GA to solve this optimization problem is described.

4.1 Formulation of a New Constraint Optimization Problem

A new constraint optimizatioproblem is developed based on the concept of the
spectral angleand weakly constrained condition. The purpose is to take the benefits of
both the SAQRabahet al.2011) and NNSLORosarieTorreset al, 2007 algorithm.

The proposed constraint optimizatiproblem can then be written as follows:

a . |,
Minimize: |cos' o (ERIM__i :, 27)
fEal, |m], i
p
Subjectto:0¢w 4 @, andgd w 4¢1.0, (28)

i=1
wherethe SAM Kruseet al, 1993) function in Eq. 2iheasureshe spectral angled)
betweenmijandEia (Eqg. 14).An exampleof the spectral anglea() minimization is

shown in Figure 10The weakly constrained condition in Eq. 28 is constructed using
a =wai from Eq. 18 while theaj vector is calculated using Eq. 17. In this study, the
goal of the proposed GA is to calculate the optimal results af tector (i.e.,

q=g4 % .. ) byminimizing Eq. 27 to satisfy Eq. 28.
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Eia

&
Figure 10: An example of spectral angl#, between a target spectrumi, and a
reference spectrungia , in a threedimensional space with endmemiggrej, and €j .
Figurellillustrates dour-phase process of unmixing. The hyperspectral data
cubeand the endmembspectran phase 1 are the inputsphase 2, where tHg@AC
calculatesaj. In phase 3the proposed GAalculates) by takingthe inputsof Egs. 27

and28from phase 2Finally, abundance vectsarecalculatedn phase 4.

Hyperspectral SAC GA
Dataset >

Optimized

ai | =>| q | —> fOIZtISZ’:

Endmember Bk
Spectra

Phase 4
Phase 1 Phase 2 Phase3

Figure 11: Four phases of the GRasedunmixingwith the computation process af
(real abundances) using the elembgtelemenproduct of the arraysy (coefficients)
and aj (normalized abundances).
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4.2 The GA Platform Selection

There are many public domain GA packages such as a C++ GQdoxool
developed by the Illinois Genetic Algorithms Laborafaithe University of lllinois, a
GA developed in C by the Kanpur Genetic Algorithms Laboratatyhe Indian Institute
of Technologythe JGAPR developed in JAVA, and RMD_Gand IDLGA® developé
in IDL. Howevernone of thenhasa rich GA library like the MatlaMathworks, 2011)
to solvelinear or nonlinear constrained optimization proldeirherefore, the integrated
GA functionalities within the flexible parameter adjustment options (e.g., population size,
crossover probability, number of generations, etc.) in Matitechosen as an ideal
development platform. Farzaet al. (2008)alsosuccessfully utilized the GA
functionalities in the Matlab for abundance calculation. More specifiddiylab
provides a set of standard library functions for the GA with preparation of the problem to
be solved, visualization of the optimization processl, @eporting and saving of results
(Farzamet al, 2008; Bioucaias, 2009; Mathworks, 2011)n addition, its integrated

mathematical functions assist soly the optimization problems

‘ASingle and Multiobjective Genetic Algorithm Toolb
(INGAL) , University of lllinois, UrbanaChampaignlJSA. Accessed Jan 02011
http://illigal.org/2007/06/05/singlandmultiobjectivegeneticalgorithmtoolboxin-c.

°A Si rmhbjdcteve GA code in C (for Windows and Linix) Kanpur Genetic Algorithn

(KANGAL), Indian Institute of Technologyanpur, India Accessed Jan 07, 2011:
http://www.iitk.ac.in/kangal/codes.shtml

® JGAP:Java Genetic Algorithms Paaife Accessed Jan 07, 2011: http://jgap.sourceforge.net.

" Rob Dimeo's IDL Program#\ccessed Jan 07, 2011:
http://www.ncnr.nist.gov/staff/dimeo/idl_programs.html

8 The IDL Genetic Agorithm page Accessed Jan 07, 201Hittp://www.xs4all.nl/~ajwwag
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4.3 Proposed GA
The concepts from the SGA; 8OMGA, and NGA were takento account to
develop the proposed algorithithe GA approactdoes notichieveglobal minimum
unless itgparameterse.g.,population sizenumber ofgenerations, crossovprobability;
and mutation probabilitgre set properly&rinivaset al, 1994;Chang, 200y The
adjustment of these parameters determines whether the algorithm will find@ptiezal
solution efficiently (Zhangt al, 2007). The GAwvas designedh the Matlab
(Mathworks, 2011platformas follows, which is illustrated in Figufe.
1) Encode each chromosome adoaible data type (real value)
2) Set the values dhefollowing parametersI{soulos, 2009)
a) Population size
b) Crossover rate,
c) Elite count (i.e., the number of top ranking chromosomesatihadnces to the
next generatiomwithout crossover and mutation),
d) Number ofgenerations, and
e) Number of stall generation (i.e., the number of generation after which there is no
change in the fitness value).

f) Usethefollowing steps to sehe values oéach parameter:
g) Selecta random pixelm, from thescene

h) Starttheiteration loop br a parametelS, with its upper and lower limiisingthe
GA (e.g., population size from 1 to 100, crossover rate from 0.01 to 1.0, number
of generation and stall generation from 1 to 100, and elite count from |1 to 5)

i) Record the SAM fitness score for each valu§, of
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3)

4)

5)

6)

7)

8)

9)

j) End iteration loopand
k) Use the value dbthat achieves the best fithess score to unmix the entire scene.
Use the population size frothe previous steand ceate a random initial population
satisfyingEq. 28.
Start the iteration loopy minimizing thefitness function irEg. 27 subject to Eg28.
Compute the fhess value of each chromosome usingZZq.
If one of the followingerminationcriteriais satisfiedend iteration loop and provide
the fittest chromosome as an optimegdult otherwise, go tdéhe next step
a) the maximum generationsespfied by the user (i.e., 108) reached
b) the fithess valuef a chromosomes less than or equal to the fitness limit (i®,,
or
c) the weighted average changfethe fithess value of a chromosome over 80 stall
generations is less than the function tolerance . 1e
Rank the fithness values of each chromosome and select parent chromosomes for
reproduction using stochastic uniform selection based on their fri@rdsag.
Produce crossover children applying a scattered crossoverf &% tothe selected
parentdMathworks, 2011)
Produce mutation children applying adaptive feasible mutaatsfyingEq. 28 for

the remaining selected pare(it$athworks, 2011)

10) Replace the parent population by the children population and cortenaton loop

to step6 towardsnext generation.
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Figure 122 The GA scheme with population size S, number of crossover parerzs Q x
number of crossover children Q, and number of mutation parents or chidrén
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4.4 Description of the GA Parameters
The parametersf the proposed GAnd their working mechanisare described in the

following sectionsand illustrated in Figur&3.

Chromosome length = 4 - -
e.g. Population Size =5 - Minimize SAM fitness function
' —> - Imposeweakly constraint
w8 [5]#] weakly constral
A Lower > [02[01]07]08 \1,
bound=0 T End and deliver the
A Upper _ Compute fittest chromosome as
bound=1 01| 0403 |08 fitness value of an optimal result if one
02 105 | 08 | 04 chromosomes: of the termination
Crossoverate = 50% S Ehl el B conditions is met:
0.07 1. Number of
A generation>100,
Replace old 0.02 ——3 2. Fitness value of a
. population by chr omosome
Next Generation . new population 3. Fitness value of a
(chlldrer_1 pop_ulatlon). 019 chromosome over 80
Population size = 5 ' stall generation < 16.
0207|0703 0.11
Otherwise, continue.
021010905
02 B 07 I Crossoveparents
09| 0508 |03 = 5x50%(rounds
to 3) x2 (a pair of
05 040205, parents)= .
Mutation:
A A Mutationparents
BEEEE el |
* * €&— Totalparens
=6+2=8. WV
0.3 05 03
09 |07]08]03 ranking:
Scattered Crossover:
02010705
< —
|0201 07|05 020107 05| [0a]0a]03]os] S
| 09 ‘ 07 ‘ 08 | 03 ‘ ‘ 02 | 05 ‘ 09 | 04 ‘ ‘ 02 ‘ 0.4 ‘ 07 ‘ 05 ‘ e |l ] 2 | B
* * * 01|04 (03|06
| 02 ‘ 0.7 ‘ 0.7 | 03 ‘ ‘ 02 | 0.1 ‘ 09 ‘ 05 ‘ ‘ 0.2 ‘ 04 ‘ 0.7 ‘ 06 ‘ 0205|0904

Figure 13. An example atheworking mechanisms of the proposed GA.
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4.4.1 Encoding

The value® f arq arranged sequentially as genes in a chromosome. The size of
each chromosome, is thesame as theumber of endmembers. In order to evaluate the
efficiency and r ob u ®ttaln(2089%comophredtfourdypes éf, Bekir
encoding: binary, vaky quaternary, and octal. The authors concluded that a real value
encoding is more suitable than other encoding approaches when the database size of
genes decreagemaler number of gengsEncoding plays an important role to keep the
GA efficient and robustMathworks, 2011). As abundances are real values, value
encodings used in this study (Farzaet al, 2008). The length of a chromosoméhis
same as the length ¥ in Eqg. (15). For example, in Figuis, a chromosome of size 5

with double data type or real values is represent¢d.a®.7 0.8 0.3].

4.4.2 FitnessValueComputation

The GA minimizes a fitness function to solve tmmstraineaptimization
problem. he fitness function performs the quality assessment of a chromobliziegy
et al, 2006) The fitter chromosomes with higher probabilinased on their fithesslue
evaluationare selected into the recombination pool for the reproduftiathworks,
2011). In this study, the GA finds the optimal values\bby minimizingthe SAM
fitness function in EQR7 imposing Eq28. For example, a chromosonj@,2 0.1 0.7
0.5], as illustrated ifrigure 13, satisfying the bounph Eq.28 achieves the minimum

fithess valueof 0.02.
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4.4.3 Population Size

A population size, S, represents the number of chromosomes in each generation.
A large population size is more likely to obtain global minimum by searching the solution
space more thorough{§lathworks, 2011). However, it might make the algorithm run
veryslow. A very small population size might be stuck into a local minimum. Therefore,
the population size iadjustedn this studyto keep the balance between time aptmal
result The adjustment of S is discussed in secfi@n For example, populatiolies of 5

is shown inFigurel3.

4.4.4 Initialization of the population
The population is initiated usiran equally distributed randomitial population
satisfying the condition in EQ8 (Mathworks, 2011). For example, an initial population

of 5 x 4 isgeneraed withrandom valuesatisfying Eq28.

4.45 Chromosome Ranking

The fitnessvalueof each chromosome is calculated usingZEglt ranks the raw
fitnessvalues R, of each chromosome as 1 u &R,
(Mathworks, 2011). For example, in Figurg the fitness values of 5 chromosomes from
top to bottom were 0.07, 0.02, 0.25, 0.19, and 0.11 respectively. After applying the
fitness scaling rank function to these fitness values, the rathle 5fchromosomefom

top to bottom became 2, 1, 5, 4, ande3pectively.
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4.4.6 ParentSelection

The chromosomes from current generation, i.e., parents, are selected to contribute
to the populatioof thenext generation according to their ranking of the fitness value
usinga stochastic uniform selectighlathworks, 2011)The uniform selection selects
parents for crossover and mutation proportional to the top ranking chromosomes, where
the top ranking chromosomes are copied multiple tiGesssover combines a pair of
parens from the population based on the amount of crossover fraction. Mutation makes
the random changes in a single parent, and these types of children are called mutation
children. For examplan Figurel3, to produce 5x50% = 3 (rounded) crossover children
with 50% crossover rate, the GA requires crossover parents, CP = 5x50%x2 = 6
(rounded), since 2 parents are required to produce each crossover chittutatien
parents, MP =8 = 2, are required to producerfitation childrenThe total number of
parens required to be selected are CP+MP = 6+2but&he total number of
chromosomes =.9n this case8 parents are selectatbng a selection line proportional
to therankingof each chromosom@lathworks, 2011)For that reasqrthe
chromosomes with rank was copied twice and rank 2 was copied doceake theotal

number of parents =@igure 13)

4.4.7 Scattered Crossover

Each pair of parent chromosome participates in crossover by exchanging each
ot herbé6s genes to pr oduc «tgenbaratibnds ilustratedliinr o mo s o
Figurel3. The scattered crossover is used in the GA, where a child chromosome is

producedhrougha random binary vector thekchangegenes of each parent
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chromosomgwhere 1 representse gene from one parent and O represethisgene
from another parenftor examplein Figure13, a pair of parent chromosomésZ 0.1
0.70.5] and [0.90.7 0.8 0.3 exchangegeneshetween therbased ora randomnbinary

vector [1 0 1 Opndproduces a child chromosonm@2 0.7 0.7 0J]3

4.4.8 Adaptive Mutation
Random changes to the genes of the parent chromosomes, mutation, are applied to
produce children satisfyinigg. 28, where the direction of mutation depends on the
previous successful dailed generatiorfMathworks, 2011)The mutation operation
alters genes and promotes diversity among populations. For example, a parent

chromosomg¢0.5 0.1 0.2 0.8] ifrigure13 produces anutation child0.5 0.1 0. 2

0.3.

4.49 Termination Conditions
Childrenpopulationfrom crossover and mutatioaplaceghe parentpopulation
from the previous generatioand goes through the fitness evaluaagrshown irFigure
13. The algorithm terminates when one of the following criteria are(lathworks,
2011)
a) The algorithm stops when it reaches the number of genesaigdined by the
user
b) The algorithm stops when it reaches the time limit defined by the user
c) The algorithm stops when the best fitness value in the current populd#gss is

than or equal to the fitness limit defined by the user
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d) The algorithm stops when the weighted average change in the fithess value over
stall generation is less than the function tolerance

e) The algorithm stops if there is no improvement in the fith@sstion during an
interval of time, also callethe stall time limit and

f) The algorithm stops if there is no feasible solution found within the nonlinear
constraint tolerance.

An example of these termination criteria is shown in Figure 13.
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CHAPTER 5:VALIDATION

Theaccuracy assessment procedure of the unmixing results for the synthetic and
real datasets is discussed in this chapter. A series of experinestsnducted for the
synthetic datasets by applying the proposedif@sed method and two advanced
approachs, the SAC and the NNSLO. The SAC approach was implemented in the
Matlab platform using Egs. 17, 18, and 19 (Radtahl, 2011) while the NNSLO
algorithm was executed from an open source Mdiked toolbox called the
Hyperspectral Image Analysis Toobo (HIAT; RosarieTorreset al, 2007), which is, for
example, used by NASAOGs Jet Propul sion Lab
Agency, and the US Army. Thresult of each unmixing method wesmpared against
the true results ithe caseof thesynthetic data and a classification maphiacase of real

data to assess the accuracy of estimated abundances.

5.1 Validation Procesfor Synthetic Data

The accuracy assessment between the true abundaegdsiown abundances
used to create the syntretata)and the estimated abundances were performed using a
statistical measure, the Index of Agreement (IA), which calculates the correspondence
between the true and estimated valWdriiott, 1982;Champagne, 2001).

The IA was calculated using the faNong formula:

t ] 2 £
A=1- iliajl(wi 2 )/h » a(Lh‘ dm‘) t (29)

e
é
éh
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wheret is the total number of pixelsy, and a,, arerespectivelythe true and estimated

abundancefor thei™ endmember of the™ pixel, u,, is the difference betweew, and
the mean of the true abundance over all pixelshfei” endmember of the™ pixel, and
d, is the difference betwees, and mean of the estimated abundance over all fioels

thei™ endmember of the™ pixel. The IA is measured on a scale between 0 (0%
agreement) and 1 (100% agreement).
In addition, the CORrelation (COR) and Root Mean Square Error (RMSE) were

also used to measure the accuracydta., 2008). They were calculated as follows:

con b, Al 3 [ 1T BE e

and

t
RMSE= \/ a %("i‘h -aih)z / . (31

h=1i 4
In order to investigate the impact of illumination fluctuation, noise, and spectral
signature variability on each unmixing method, 12 synthetic data cubes were generated
with a combination of SNR (90, 60, 30, and15 dB), spectral signatuedvigy (0%,
5%, and 10%) and random uniform illumination fluctuation (between 0 and 1.28) as

discussed in chapter 3. The entisdidationprocess is illustrated in Figure 14.
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Figure 14: The process of synthetic data gext®n, abundance estimation, comparison,
and validation.
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5.2 Validation Procesfor Real Data

The groundeferenceabundancewerenot available to verify thseestimated
onesof the Cuprite dataset. For that reagtie Cuprite mineratlassification map
produced by the USGS Tricorder 3.3 (Clatlal, 19%) shown in Figurd5wasused as
areference to evaluathe unmixing result derivedlassification maprhe unmixing
results ofeachunmixingmethod were convertedb a classification mapEach
classification map was produced based on the dominant abundaawniixel, where
the dominant abundaneesassigned ta class(Shresthat al, 2005; Heldenst al,
2009) No threshold (e.g., abundanc&02) was used in this casseach unmixing
methodmight havea differentvalue for the dominargbundance

The USGS Cuprite mineral map was registered with the AVIRIS Cuprite image
(Figure 9) in theESRF ArcMap software platform. It was registered by selecting 12
GroundControl Points (GCP)using the FirsOrder Polynomial as shown in Figure 16,
where the total RMSE was 1.72 or < 2 piXe¢sause of lack giroperGCP(e.g., road
intersection)n the classification maprhe Nearest Neighbour resampling method was
used to resize the USGS Citprclassification map to the extent (400 pixels x 350 pixels)
of the AVIRIS Cuprite image. The Region of Interest (ROI) polygons were created for
eight endmembers out of nine used for the unmixing that are present in the USGS Cuprite
classification map. fese arduscovitemedlowAl, MuscovitemedhtAl,

Montmorillonite-Na, Kaolinite KGa2 pxl, Kaolinite KGal wxI, Chlorite+Muscovite,

®ESRIi ArcGIS for Desktofi Advanced Desktop GIS Mapping / GIS Editing Softwakecessedct 07,
2012: http://www.esri.com/software/arcgis/arcdm-desktop
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Chalcedony, and Alunite GDS880 ROI was selected for thi¢ematite02+Quartz98
endmember as no ground reference dageeavailable for it.This endmember was
selected to test the influence of an unknown endmember in unmixing results.

The USGS Cuprite mineral map from the Red Green Blue (RGB) colour BitMaP
(BMP) file format was converted to a gray scale image using a Mathakion, where
each gray scale value corresponds to each class. In the ENVI software, the gray scale
values of eight endmember classes were converted to eight ROIs (Figure 17). The Alunite
ROI was created by combining all Alunite classes in the USGS ahimep, because
only oneAlunite endmembewasused for unmixing the scenehere the multiple

Alunite endmembergere presenn the USGS classification map (Figure 15).
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Figure 15. TheUSGS Tricorder 3.30asification map of Cuprite minetaken from
Clark et al.(1996.
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Link | X Source | Y Source | X Map | Y Map | Residual
1 517.139846 -630,150967 373.698491 111605403 174690
2 313.889865 -506.,494778 172.956635 228.312509 141703
3 288.922351 -644,043428 143.349058 95,552259 0.75672
4 457.180753 -673.081320 314,906813 70,893581 135304
5 210,214843 -413,557986 74.751749 317.819932 2,95149
6 455,407935 -405,473221 311878736 331946621 2,16628
7 459,723244 -411,553304 316.952565 326.071661 1.39133
8 335.021622 -635.526640 194, 582600 103.952551 116048
g 343958271 -668.,473223 203.495181 73.083976 165853
10 182, 776889 689681337 41,232378 43,703159 165019
11 206.998360 -705.735310 64, 545288 33.481672 2,09355
12 237,954413 -623.756917 97.483859 112,526589 116167
Pl m b
v Auto Adjust Transformation: | 1st Order Polynomial (A v|  Total RMS Error: | 1.71710

Figure 16. Ground control points selected and associated individual registration errors
(Residual) and total error (RMSE) to match thep@te mineral map to AVIRIS data
(screenshot captured from the ESRI Aag\oftwarg.

Figure 17: Eight ROI polygonsM MuscovitemedhiAl, [] MuscovitemedlowAl,
[ MontmorilloniteNa, & Kaolinite pxl, L] Kaolinite wx|, M Chlorite+Muscovite,
L] Chalcedony, andl Alunitederived from the USGS Cuprite classification rshpwn
in Figure 15.
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The accuracy of the classification map derived from the estimated abundances
was calculated using an ermatrix (Congalton, 1991; Mallinist al, 2012; Imet al,
2012), where the ROI polygons were used as the ground reference. The error matrix
includes overall accuracy, user accuracy (commission error), producer accuracy
(omission error), and Kappa coefficient. User accuracy is the percentage of endmember
pixelsin the class that matches with the ROI polygon. Producer accuracy is the
percentage of endmember pixels in the ROI polygon that matches with the class. The
commission error occurs when endmember pixels assigned to a particular class actually
belong to otkr classes, while the omission error represents the percentage of endmember
pixels that are absent in the class but present in the ROI polygon. In adt#ikappa
coefficient provides better comparison of multiple classification maps with error nsatrice
to check if the accuracy is better than other results (Cohen, 1960; Congalton, 1991).
Furthermore, overall accuracy calculates the percentage of all pixels in the class that are
classified correctlyit is calculated by dividing the total number of cothg and
incorrectly classified endmember pixels in all classes by the total number of correctly
classified endmember pixels in all classes.

In addition, the estimated abundance maps were visually compared against the

USGS Cuprite mineral map shown in Figu5.
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CHAPTER 6:RESULTS AND DISCUSSION

In this chapterthe comparison and interpretation of the GA, SAC, and NNSLO

estimated abundance maps of synthetic and real datasets are discussed.

6.1 Unmixing Results of Synthetic Datasets

As discussed in Chapter 3, the thetic datasets were created using a linear
mixture with fully constraint condition, whetketrue abundances are known. To
estimate the abundances of each synthetic data, the proposed GA was adjusted with
population size = 48 (Figure 8 crossover rate 0.5 (Figure 1B), elite count = 0,

number of generations = 100, and stall generation = 80.
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Figure 18: A population size = 48 (top) and crossover rate = 0.5 (bottom) shown in red
rectangle achieved the minimudimess value of a random pixel from synthetic data cube.
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The validation results shown Table IrepresenRMSE, COR, and IA of the
GA, SAC, and NNSLO estimated abundances of a synthetic data in particular SNR,
signature variability, and illumination fttuation.

Tablel: Validation results of the GA, SAC, and NNSLO ®iR, spectral signature
variability, and random unifornilumination fluctuation between 0 and 1.28.

SNR | Sig. var. GA SAC NNSLO GA SAC NNSLO| GA SAC NNSLO
(dB) (%) RMSE RMSE RMSE COR COR COR IA 1A IA
90 10 3.7973 4.2858 13.5486 | 0.9908 | 0.9846 | 0.8674 | 0.9684 | 0.9598 | 0.5979
90 5 3.8249 4.2858 13.7361 | 0.9907 | 0.9846 | 0.8680 | 0.9680 | 0.9598 | 0.5867
90 0 3.9053 4.2858 14.0566 | 0.9902 | 0.9846 | 0.8669 | 0.9666 | 0.9598 | 0.5672
60 10 3.0972 4.9360 13.5607 | 0.9935| 0.9794 | 0.8671 | 0.9790 | 0.9466 | 0.5972
60 5 3.0641 4.9360 13.7480 | 0.9937 | 0.9794 | 0.8678 | 0.9794 | 0.9466 | 0.5860
60 0 3.0453 4.9360 14.0682 | 0.9938 | 0.9794 | 0.8666 | 0.9797 | 0.9466 | 0.5665
30 10 7.5386 12.9870 | 13.9950 | 0.9527 | 0.8527 | 0.8549 | 0.8755| 0.6306 | 0.5710
30 5 7.5282 12.9870 | 14.1738 | 0.9529 | 0.8527 | 0.8558 | 0.8759 | 0.6306 | 0.5599
30 0 7.5245 12.9870 | 14.4816 | 0.9529 | 0.8527 | 0.8549 | 0.8760 | 0.6306 | 0.5406
15 10 14.4758 | 21.0239 | 15.9081 | 0.8076 | 0.5225 | 0.7809 | 0.5410 ( 0.0318 | 0.4457
15 5 14.5290 | 21.0239 | 16.0477 | 0.8061 | 0.5225 | 0.7814 | 0.5376 | 0.0318 | 0.4359
15 0 145161 | 21.0239 | 16.2864 | 0.8065 | 0.5225 | 0.7795 | 0.5384 | 0.0318 | 0.4190

The validation results from Table 1 are interpreted in Figurénl@se oboth
GA and SAC, ke COR RMSE, and IA resultarere similarfor various leves of
signature variabilitysuch a€%, 5%, and 10%; however, RMSE and IA resfitisn the
NNSLO weredifferent. For all noise levels, the GA has higg@RandIA and lowe
RMSEwith respect to the true abundantegnthe SAC and the NNSLO' he COR
RMSE, and IA differences between the GA and the SAC increased for noisebkelosls

anSNRof 60 dB. However, the difference of these evaluation measures between the GA
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and the NNSLO decreased significantly for noise lelsrelsw anSNR of 30 dB.The GA
achieved overall the best result forSNR of 60 dB, instead of SNR90 dB In case of

SNR = 90 @, illumination fluctuation and signature variabilidgminated the linear
mixturemodel inEq. 22 It is clear from the results that the SAC is very sensitive to noise
and the NNSLO is affected by the illumination fluctuation and signature variability.
High-noise levels affect all three unmixing approaches of which the GA achieved the best
results. Although both GA and SA&eless sensitive to illumination fluctuation and
signature variabilityn case of low to moderate nojsbe GA improvethe accuracy
significantlycompared to the SA® case of high nois@ herefore, tican be concluded

from Table 1 thathe GA has the lowest average RMSE of 7.2372 compared to the SAC
average RMSBf 10.8082 and NNSLO average RM8E14.4676, the highest average

COR d 0.9360 compared to the SAC average GidR.8348 and NNSLO average COR

of 0.8426, and the highest average IA of 0.8405 compared to SAC averafje.6422

and NNSLO average 1af 0.5395.In this controlled experimentonsideringnost of the
possible realvorld scenarios witamplitude errors and noistne GA-based unmixing
approachindicates asignificant improvementf abundance estimati@atcuracy

compared to the SAC and NNSlapproachebased oran improvement of the average

IA by 19.83% and 30.10%, respectively, an improvement of the average COR by 10.12%
and 9.34%, respectively, and an improvement of the average RMSE by 3.57 and 7.23,

respectively
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Figure 19: Comparison of validation results of the GA, SAC, and NNSLO based on the
true abundances for various SNR levels as shown in (a) Correlation versus SNR, (b)
RMSE versus SNR, and (c) Index of Agreement versus SNR. The signahileyaf
0%, 5%, and 10% were used for each SNR level, respectively.
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The signature variablitgf 0%, 5%, and 10% hawamostnoinfluencein the
validation result®f unmixing approaches excepe NNSLO. Thereforea comparison
of estimated mineralbandances of four cases outtwklvein Table 1 with 5% signature
variability are shown in Figures 20, 21, 22, and |3 scatterplot results in these
Figures show that the estimated abundances of GA has a better linear relationship
(positive correlation) with true abundanaesnost of the casesompared to the SAC and
the NNSLO.The outliers in the GA scatterplot (e.§igure 20b) represents
underestimated abundances that could not be modeled by the SAM fitness function with a
weakly constraint condition as the algorithm terminates after a certain number of
generation. Thegccurred due to the very high illuminatidndtuation and signature
variability; in addition, the outliers in high to very high noisgy(,Figures 22b and 23b)
occurred due to high noise. The SAC estimated abundaces for moderate no(&NBvel
of 60dB inFigure 21c) overestimated and underaated abundances between 0 and 1
because of imposing fully constrained condition. In addition, the SACsteem
underestimate abundances for the high noise I8NR(of 30 dB irFigure 22c) and
shows no correlation with the true abundances for very logdenevel ENR of 15
Figure 23c). The NNSLO scatterplots underestimated abundances because of its
sensitivity to illumination fluctuation and signature variabilpplied with all noise
levels (SNR of 90, 60, 30, and 15 dB in Figure 20d, 21d, 22d, @Sgectively) In the
case of higher noidevels SNR=30 and 15 dB, the GA estimated abundances (Kigure
22b and 23b) still shosdalinear relationship with true abundances compared to the

SAC (Figurs 22c and 23c) and the NNSLO (Figa2d and 23d), wére the NNSLO
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estimated abundances show better agreement with the true abundances compared to those

retrieved using the SAC.
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Figure 20: (a) Mineral abundance maps generated using the &¥C,and NNSLO
unmixing methods for nine mineral endmembers antSNR Ievel of 90 dB(low noise),
signature variability of 5%&and random uniform illumination fluctuation between 0 and

1.28 are compared against the true result. Three scatter plots of true versus estimated
abundances of all endmembers of each unmixing method are shown in (b), (c), and (d
An example of outliers (circled in red) is shown in (b).
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Figure 21: (a) Mineral abundance maps generated using the &¥C,and NNSLO
unmixing methods for nine mineral endmembers witBdR of 60 dB(moderate noise),
signature variability of 5%and random uniform illumination fluctuation betve0 and
1.28 are compared against the true result. Three scatter plots of true versus estimated
abundances of all endmembers of each unmixing method are shown in (b), (c), and (d).
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