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Abstract. Imaging spectroscopy, also known as hyperspectral renestsirg, is
concerned with the measurement, analysis, and interjmretaf spectra acquired
from a given scene (or specific object) at a short, medium oy idistance by an
airborne or satellite sensor. Analysis in a timely mannethef acquired multi-
dimensional images allows to develop applications withhlsgcial impact, such as
urban growing monitoring, crop fields identification, targetection for military
and defense/security deployment, wildland fire detectioth monitoring, biolog-
ical threat detection, biophysical parameter estimatiwrmonitoring of oil spills
and other types of chemical contamination.

In this context, support vector machines (SVIﬂ)lﬂlﬂZ, 3] haeeome one of
the state-of-the-art machine learning tools for hyperspe@mage classification.
However, its high computational cost for large scale apfibms makes the use of
SVM limited to off-line processing scenarios. Certainlythwthe recent explosion
in the amount and complexity of hyperspectral data, pdrpiecessing has soon
become arequirement in many remote sensing missions,iakp®dth the advent
of low-cost systems such as commodity clusters and disétboetworks of com-
puters In order to address this relevant issue, this chappores the development
of two parallel versions of SVMs for remote sensing imagssifecation.

Sequential minimal optimization is a very popular algaritfor training SVMs,
but it still requires a large amount of computation time folvag large size prob-
lems. In this work, we evaluate the performance of a paraiglementation of
the SVM based on the parallelization of the incomplete Gilgldactorization and
present novel parallel implementations that balance thd brross the available
processors through standard Master-Worker decompositBoth methodologies
are theoretically analyzed in terms of scalability, conagional efficiency and time
response. The impact of the multi-class scheme is also zswl\Results on real
multispectral and hyperspectral datasets illustrate énfopmance of the methods.
We finally discuss the possibility of obtaining processieguits quickly enough
for practical use via the Marenostrum supercomputer availat Barcelona Su-
percomputing Center in Spain, and other massively par&iglities at NASAs
Goddard Space Flight Center in Maryland.

Keywords. Parallel processing, image classification, remote sensogport
vector machine.



1. Introduction

Materials in a scene reflect, absorb, and emit electromagreatiation in a different
way depending of their molecular composition and shape.d@esensing exploits this
physical fact and deals with the acquisition of informatatsout a scene (or specific
object) at a short, medium or long distance. The radiatiquiied by an (airborne or
satellite) sensor is measured at different wavelengthdtencesulting spectral signature
(or spectrunyis used to identify a given material. The fieldsgfectroscopys concerned
with the measurement, analysis, and interpretation of spebtra|I|4]. FigurEll shows a
schematic example of the application of imaging spectnegtmperform satellite remote
sensing.

Earlier sensor developements (often caledltispectra) considered a few number
of bands, which readily demonstrated to be a limitation fetedting similar materi-
als. Thus, a new class of imaging spectroscopy sensorshwbiuire hundreds of con-
tiguous narrow bands or channels appeared, and are calietdpectral (imaging) sen-
sors. Hyperspectral sensors sample the reflective portitie @l ectromagnetic spectrum
ranging from the visible region (0.4-Quvh) through the near-infrared (about 2u#n)
in hundreds ofN narrow contiguous bands about 10 nm \ﬂldldyperspectral sensors
represent an evolution in technology from earlier multdpd sensors, which typically
collect spectral information in only a few discrete, nomtiguous bands.

The high spectral resolution characteristic of hypergjpésénsors preserves impor-
tant aspects of the spectrum (e.g., shape of narrow absorpéinds), and makes dif-
ferentiation of different materials on the ground possifilee spatially and spectrally
sampled information can be described as a data cube (c@lbogeferred to as “the hy-
percube”), which includes two spatial coordinates and ffleetal one (or wavelength).
As a consequence, each image pixel is defined in a (potenity high) dimensional
space where each dimension corresponds to a given wavieliatgtval in the spectrum.

The use of hyperspectral images for Earth Observation isisdiolated technology
since the (increasing) high number of spectral bands coedain the acquired image
allows excellent characterization, identification, arassification of the land-covets [4].
However, many classifiers are affected by input sample démentend to overfit data in
the presence of noise, or the computational cost poorlgsaaith the number of sam-
ples. All these problems are related theoretically thrahghwell-knowncurse of dimen-
sionality by which developing a classifier with low number of high-dm®nal sam-
ples runs the risk of overfitting the training data, and thieomgng poor generalization
performancel|5.]6].

In the last few years, the use of support vector machines (S\ﬂl BD[B] for
hyperspectral image classification has been paid attebtieitally because the method
integrates in the same classification procedure: (i@ature extractiorstep, as sam-
ples are mapped to a higher dimensional space where a sittip&ar) classification is
performed, becoming non-linear in the input space; (iegularizationprocedure by
which model’s complexity is efficiently controlled; and)ithe minimization of an upper
bound of the generalization error, thus following the stuual risk minimization princi-
ple. These theoretical properties make the SVM very ataat the context of hyper-

1other types of hyperspectral sensors exploit the emissivpepties of objects by collecting data in the
mid-wave and long-wave infrared (MWIR and LWIR) regions loé spectrum.
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Figure 1. Principle of imaging spectroscopy.

spectral image classification where the classifier commadeals with a low number of
high dimensional training sampléﬂﬂ)ﬂl[b, 3].

However, SVMs have the problem of scaling badly with the nandf training sam-
ples. Also, the problem of finding a good set of free paransasean important one in the
SVM framework. Specifically, the choice of the kernel andagsociated free parameter
is a crucial (and so far unsolved) problem, making the trajrprocess very heuristic
and computationally very demandirﬂ [9]. With the recentlesijon in the amount and
complexity of hyperspectral data, and with the increasirailability of very high reso-
lution images, the number of labeled samples to train th&siflars is becoming a criti-
cal problem. In this scenario, parallel processing has tneca requirement in many re-
mote sensing missions, especially with the advent of loat-spstems such as commod-
ity clusters and distributed networks of comput@ L‘]__l@ In order to address this
relevant issue, this chapter explores the developmentrallpbversions of SVMs for
hyperspectral image classification. In particular, we o0 two different approaches:
a boss-worker approach and a parallelization based on teetdiecomposition of the
kernel matrix via Cholesky decomposition.

The rest of the chapter is outlined as follows. Section 2gtsrelated work in the
context of other parallel and grid-enabled applicationglie considered problem. Sec-
tion 3 revises the fundamentals of kernel methods and SVM. Notiagtitical problem
of computing, storing and operating with huge kernel masjcSectiort revises an ef-
ficient parallel formulation of the algorithm, recently pemted in|.[__1|4]. Sectiob pays
attention to the experimental results obtained in both hsgectral and multispectral im-
ages, and analyzes the scalability and accuracy issueorséconcludes with some
remarks and further work.



2. Related Work

Several efforts have been presented in the recent litere¢garding the parallelization of
algorithms for remotely sensed hyperspectral image aisaly€luding kernel methods)
using high performance computing architectufes Eki,'[lﬂe idea of using COTS
(commercial off the shelf) computer equipment, clustecepbther to work as a compu-
tational “team” has been a very attractive solution (oftefeired to as Beowulf-class
cluster computing) which has already offered access tdlgreareased computational
power, but at a low cost (commensurate with falling comnafeC costs) in a number
of hyperspectral imaging applicatiorE[El 18]. On the ohiand, although most parallel
techniques and systems for hyperspectral image informatiocessing have tradition-
ally been homogeneous in nature (i.e., made up of identiroagssing units), a recent
trend in the design of high performance computing systemddta-intensive problems
in remote sensing is to utilize highly heterogeneous comgu‘esourceslﬂ 0]. This
heterogeneity is seldom planned, arising mainly as a re$tdichnology evolution over
time and computer market sales and trends. In this regatdpries of heterogeneous
COTS resources can realize a very high level of aggregaterpgance in hyperspectral
imaging applications, and the pervasive availability cfsh resources is now allowing
the application of grid computing practices to remote semnand hyperspectral imaging
problems lﬁbﬂl]. It is expected that grid-based high perémce computing systems
will soon represent a tool of choice for the scientific comityudevoted to very high-
dimensional data analysis in remote sensing, as it has hearase with other fields.

Finally, although remote sensing data processing algostigenerally map quite
nicely to parallel systems made up of commodity CPUs, thestesis are generally ex-
pensive and difficult to adapt to onboard remote sensing glateessing scenarios, in
which low-weight and low-power integrated components asegtial to reduce mission
payload and obtain analysis results in real time, i.e., atstime time as the data are
collected by the sensor. In this regard, an exciting new ldpweent in the field of com-
modity computing is the incorporation of programmable knaak devices into onboard
remote sensing applications, including field programmgahte arrays (FPGASELIlB] and
graphic processing units (GPUE[EI b3 4, 25], which aéige the gap towards on-
board and real-time analysis of remote sensing data. Imbiik, however, we have fo-
cused on evaluating the capabilities of CPU-based clustéhe context of remote sens-
ing image classification with SVM. Further work will analyttee GPU-based clusters in
this matter.

3. Kernel Methods and the Support Vector Machine

This section reviews the main ideas under the framework afniag problems with
kernel methods, and analyzes the standard formulationeoB¥M. Also, it points out
the main problems involved from the computational compiexiewpoint.

3.1. Fundamentals on Kernel Methods

When using linear algorithms, a well-established theoy efficient methods are often
available. Kernel methods exploit this fact by embeddirg diata setS defined over



the input or attribute spac& (S C X) into a higher (possibly infinite) dimensional
Hilbert spaceH, orfeature spaceand then they build a linear algorithm therein, resulting
in an algorithm which is nonlinear with respect to the inpatadspace. The mapping
function is denoted ag : X — H. Though linear algorithms will benefit from this
mapping because of the higher dimensionality of the featpeee, the computational
load would dramatically increase because we should congamgle coordinates in that
high dimensional space. This computation is avoided thndhg use of the kernel trick
by which, if an algorithm can be expressed with dot productthe input space, its
(non-linear) kernel version only needs the dot productsrammapped samples. Kernel
methods compute the similarity between training samgles {x;}? , using pair-wise
inner products between mapped samples, and thus the sd-gaitnel matrixiK;; =
K(x;,%x;) = (¢(x:), $(x;)) contains all the necessary information to perform many
classical linear algorithms in the feature space.

3.2. Support Vector Machines

One of the most widely used kernel methods is the supporbvetachine (SVM). The
classification methodology of SVMs attempts to separateptesrbelonging to differ-
ent classes by tracing maximum margin hyperplanes in theekepace where samples
are mapped to (see Fiil 2). Maximizing the distance of sasnple¢he optimal deci-
sion hyperplane is equivalent to minimizing the normwafand thus this becomes the
first term in the minimizing functional. For better maniptida of this functional, the
quadratic norm of the weights is preferred. Thereforepfeihg previous notation, the
SVM method solves the following primal problem:

1 2
. 1 4 1
Vglg;}b{QIIWII +C 2 Ez} 1)
constrained to:

& >0 Vi=1,...,n A3)

wherew is the normal to the optimal decision hyperplane definefhash(x)) + b = 0,
andb represents the bias or closest distance to the origin ofdbedinate system. These
parameters define a linear classifier in the kernel space

9« = f(x2) = sgn((w, ¢(x.)) +b) (4)

The non-linear functiorp maps samples to a higher dimensional space, which in ac-
cordance with Cover’s theorerE[26], guarantees that thestoamed samples are more
likely to be linearly separable. The regularization parean€ controls the generaliza-
tion capabilities of the classifier, agdare positive slack variables allowing to deal with
permitted errors.
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Figure2. SVM: Linear decision hyperplanes in a non-linearly transfed space, whergackvariabless; are
included to deal with errors.

3.2.1. SVM and the Kernel Trick

The above problem is solved by introducing Lagrange migtipl¢; > 0, u; > 0) for
each constraint:

i=1 =1

Now, by making zero the gradient of this primal-dual funotb’,; with respect to the
primal variables, b, &;), we obtain the following conditions:

0Ly
8\; =0—w= Zyiai¢(xi) (6)
OLpa B
0L, .
=0—-0C=q4 i, 1=1,...
851 0 C N ) ) TV (8)

If constraints[B){(B) are included in the Lagrange funeabl,,; (Eq. (8)) in order to
remove the primal variables, the dual problémto be solved is obtained:

1
max > ai— 3 > iy (d(xi), d(x))) o 9)
i i,j
constrained t® < a; < C and)_, oyy; = 0,Vi = 1,...,n. In this way, one gets rid of

the explicit usage of very high dimensional vectavs,and optimized{9) with respect to
variablesy; instead.

It is worth noting that alkp mappings used in the SVM learning occur in the form
of inner products. This allows us to define a kernel functitn

K(xi,x;) = (p(xi), p(x;5)), (10)



and then, without considering the mappiggexplicitly, a non-linear SVM can be de-
fined. Note that the paif, ¢} will only exist if the kernel functionk” fullfils Mercer’s
conditionH.

3.2.2. Solving the QP problem

The problem in[{P) constitutes a quadratic programming (@Bplem with linear con-
straints. Let us recall that QP problems are a special kindathematical optimization
problem in which the goal is to optimize (minimize or maxieja quadratic functional
of several variables subject to linear constraints on thasables. Assuming a variable
x € R", ann x n matrix Q is symmetric, ana is anyn x 1 vector, a QP problem is
formulated as:

1
min {ixTQx + CTX} , (12)
subject to one (or more) constraints of the form:

Ax < b (inequality constraint) (12)
Ex = d (equality constraint) (13)

wherev” indicates the vector transposewf The notationAx < b means that every
entry of the vectoAx is less than or equal to the corresponding entry of the véctor

Comparing[[R) and{11), one can identify the following termgnimizing variable
x = o, matrixQ = y,y;K(x;,%x;), E = Y is a column vector containing the actual
labels,A = I is a column unitary vectoil = 0, andb = C is a column vector
containing the value of the regularization (penalizatipajameter”. This QP problem
can be solved optimally with many available software paekg@/latlab, LaPACK, etc),
but as will be analyzed in detail in the next section, altémeamore efficient ways are
available.

3.2.3. Predicting with SVM

After solving the QP problem with a given kernel functioneasbtains the optimal La-
grange multipliersev;, which reflect the relative relevance of each sample forsdias
cation. The key issue is that we have worked implicitely ia tigher dimensional fea-
ture space, and retrieve a weight vector in the original irgpace. Note that, by solv-
ing the optimization problem, the feature-space modelmpatarsw are expressed as
a linear expansion of the mapped samplés;) through the dual parameters, i.e.
w =y yiip(x;) (Eq. [@)).

By plugging [®) into[}), the decision function for any testtorx. is given by:

7. = f(x«) = sgn (Z Yo K (x5, %) + b) , (14)

i=1

2According to Hilbert-Schmidt theory (x;, x;) can be any symmetric function satisfying Mercer’s con-
ditions. This was firstly stated bﬂ27]. The same idea wasl lise m] for the analysis of the convergence
properties of the method of potential functions, and hapgeat the same time as the method of the optimal
hyperplane was developed by 1[29]. Full details on the Mé&@amditions can be obtained frorh_[30].



whereb is calculated using the primal-dual relationship, and whanly samples with
non-zero Lagrange multipliers; account for the solution. This leads to the very impor-
tant concept o$parsity i.e. the solution is expressed as a function only of the ot

cal training samples in the distribution, namsiypport vectorg¢SV). For deeper analysis
and application of SVMs in remote sensing image classificatéfer to [3iLl 32, 1d] 1].

3.3. Large Scale SVM Implementations

Support Vector Machines (SVMs) suffer from a widely knowmlability problem in
both memory use and computational time. Solving a SVM ingpéielving a quadratic
programming (QP) problem.

Note that, in the case of the SVM, the QP problem is directlyregsed as a func-
tion of the training kernel matrix<, which contains the similarity (distance) among all
training samples. Thus, solving this problem requiressgothe matrix and making op-
erations with it. At present, the most effective interioirganethod (IPM) for solving
the QP problem with linear constraints is the primal-duanl[ﬁ], which essentially
tries to remove inequality constraints using a boundingfion, and then exploit the
iterative Newton’s method to solve the Karush-Kuhn-Tugk&d{T) conditions related
to the Hessian matriQ. This is very computationally demanding as it grows¥s*)
in time andO(n?) in space, where is the number of training samples

Some alternative algorithms have appeared to solve thégmab reasonable time
and amount of memory for several thousands of training sasn@l powerful approach
to scale up SVM training is by using decomposition methbds, [@hich break a large
QP problem into a series of manageable QP subproblems. Tétepmjular decomposi-
tion method is thesequential minimal optimizatiaisMO) @]. In the SMO, the smaller
QP problems are solved analytically, which avoids usingreetconsuming numerical
QP optimization as an inner loop. The amount of memory reguior SMO is linear in
the training set size, which allows SMO to handle very largming sets. Without kernel
caching, SMO scales somewhere between linear and quaidrtigtraining set size for
various test problems, while a standard projected confugradient (PCG) chunking al-
gorithm scales somewhere between linear and cubic in tmértgeset size. SMO’s com-
putation time is dominated by SVM evaluation, hence SMO stefst for linear SVMs
and sparse data sets. Despite these advantages, the SMithaiggiill requires a large
amount of computation time for solving large scale probleansl also the kernel storage
which is of the size of the square of training points.

In recent years, other scale-up strategies have been pptse SimpleSVM algo-
rithm [@] makes use of a greedy working set selection gisete identify the most rele-
vant samples (support vectors) for incremental updatirigekernel submatrix. Irﬁ:l;?],
authors propose an online SVM learning together with ackemple selection. IrﬂkS],
special data structures for fast computations of the kém#eir chunking algorithm
are exploited. Besides, instead of maximizing the dual lerabas is usually done, in
[@] propose to directly minimize the primal problem. Sontlees powerful algorithms
for solving SVM have recently appeared, such as the Core SwitleoBall Vector Ma-
chine (BVM). However, large scale problems involving> 10° samples require more
efficient, parallel versions of SVM to solve the problem iagenable time.

In this work, we focus on parallel implementations of the SVIhe first attempts
on parallelization of SVM were presented E[m 41]. An aitgtive approach was pro-



posed in @2] based on cascade schemes. A different mativatised on randomized
sample selection techniques was introduceliih [43]. Alsg recently, other approaches
have been presented with improved performance, such h@]dor cost effective|E5]
strategies. In|E6], a parallel implementation of the SMGsvpaesented. The parallel
SMO was developed using message passing interface (MPI)sbypéirtitioning the en-
tire training set into smaller subsets and then simultasigaun multiple CPU proces-
sors to deal with each of the partitioned data sets. Expertisrghowed a considerable
speedup. Nevertheless, the algorithm had to work with thgoses, not with the kernel,
which may eventually offer interesting options, such asdéeelopment of new classi-
fiers or the combination of multi-source and multi-temparsdge featuremt_._h, 3].

An interesting alternative to the parallelization of the SMas been presented in
[@]. This parallel SVM algorithm (PSVM) is able to reduceetmemory use and to
parallelize both data loading and computation, and at threegame works directly with
the precomputed kernel matrix. Givertraining instances each withdimensions, the
PSVM first loads the training data in a round-robin fashiomoan machine. Next,
PSVM performs a parallel row-based Incomplete Choleskydfaation (ICF) on the
loaded datamg]. At the end of parallel ICF, each machineestonly a fraction of
the factorized matrix. PSVM then performs parallel IPM tdveahe QP optimization
problem, while the computation and the memory demands apeowed w.r.t. other
decomposition-based algorithm, such as the SVMLigHt [B65VM [B1], SMO [35],
or SimpleSVM EB].

4. Parallel Implementations of SVM

The increasing sophistication of hyperspectral imagegssiog algorithms, along with
the high dimensionality and volume of the data, has maddlpbpaocessing a require-
ment in many remote sensing applications, especially Wwittatlvent of low-cost parallel
systems such as commodity clustérd [52]. In this sectiorrewise the parallel versions
of SVM used in this chapter. Before describing the paralggathms used, we first pro-
vide an overview of the common parameters to evaluate arigrdaparallel processing
algorithm.

4.1. Parameters for Parallel Algorithm Design

There are multiple, sometimes conflicting, design goalset@dnsidered when devel-
oping a parallel algorithm. One could maximize static mn&icharacteristics such as
speedup- sequential execution runtime divided by parallel exexutime, orefficiency-
speedup divided by the number of processors employed. Angtial could be maximiz-
ing scalability— the ability to maintain constant efficiency when both thelylem size
and the number of processors are increased i.e., in an dtterimgrease the longevity
of a solution in the face of continuously improving compigatpower. Yet another di-
mension could be to maximizaoductivity— the usefulness of a solution as a function
of time divided by its costs — or in particuldevelopment time productivityhich is de-
fined as speedup divided by relative effort — the effort ndedelevelop a serial version

3Note that this strategy is feasible for homogenous paraithines only, but not for heterogeneous envi-
ronments.



divided by the effort needed to develop a parallel soluﬁ].[Note that, in this context,
the use of skeletons has played an important fole [54].

The two proposed implementations, though conceptualfemdint, seek the same
optimality criterion: to maximize speedup while also caesing productivity. The first
parallel SVM considered in this work is based on the efficgaitition of the IPM prob-
lem m]. So far, we only used this method for binary probleitss is certainly a limi-
tation in remote sensing scenarios where there are typisalleral land cover classes of
interest in the scene. Also, in this strategy, no attensqguaid to the spatial variability of
the spectral signature, since the algorithm works at a péxel. These are shortcomings
to be addressed in the future. The second approach remkedgesgroblems by adopting
a master-worker strategy and a smart image treatment.

4.2. Parallel SVM via Cholesky Factorization

The PSVM method originally introduced iD14] is aimed at wethg memory use
through performing a row-based, approximate matrix fazédion. The key step of
PSVM is parallel ICF (PICF). Traditional column-based I&B [56] can reduce compu-
tational cost, but the initial memory requirement is notodfint for very large datasets.
Alternatively, the PSVM performs parallel row-based ICHtasnitial step, which loads
training instances onto parallel machines and performeifaation simultaneously on
these machines. Once PICF has loadérdhining data distributedly om machines, and
reduced the size of the kernel matrix through factorizatiBM can be solved on parallel
machines simultaneously.

4.2.1. Implementation of the Algorithm

Notationally, ICF approximates the Hessian ma@xof sizen x n) by a smaller matrix

H (of sizep x n), i.e.,Q = HH'. ICF, together with the exploitation of the Sherman-
Morrison-Woodbury formuf can greatly reduce the computational complexity in solv-
ing ann x n linear system. The work OEES] provides a theoretical agsiglpf how ICF
influences the optimization problem [d (9).

The PSVM in Eh] iterates until the approximation @fby H,H, (measured by
trace(Q — HyH,))) is satisfactory, or the predefined maximum iterations &y; the
desired rank of the ICF matrix) is reached. As suggested |E|[49], a parallelized ICF
algorithm can be obtained by constraining the parallelizbdlesky Factorization algo-
rithm, iterating at mosp times. However, in the proposed aIgoritHn_1|[49], matfixis
distributed by columns in a round-robin way snmachines (hence it is called ‘column-
based parallelized ICF’). Such column-based approachtisapfor the single-machine
setting, but cannot gain full benefit from parallelizatiacthuse of the (i) large memory
requirement, as each machine must be able to store a locabftie training data, and
(ii) limited parallelizable computation, since the sumioabf local inner product result
and the vector update must be performed on one single madtieeefore, rather than
performing column-wise, a row-based approach starts iglizing variables and load-
ing training data onta» machines in a round-robin fashion. The algorithm then parfo

4The Sherman-Morrison-Woodbury formula from linear algelstates tha(C + AB)~! = C~! —
C !A(I+BC~1A)~!'BC~!, whereC is an invertiblen x n matrix, A € R"*™ andB € R™*",



the ICF main loop until the termination criteria are satsfie.g., the rank of matri¥l
reache).

Atthe end of the algorithn®l is stored distributedly om machines, ready for paral-
lel IPM [L4]. PICF enjoys three advantages: (i) parallel meyruse O(np/m)), (ii) par-
allel computation Q(p*n/m)), and (iii) low communication overhead(p?log(m))).
Particularly on the communication overhead, its fractibthe entire computation time
shrinks as the problem size grows. We will verify this in thxperimental section. This
pattern permits a larger problem to be solved on more mashmeake advantage of
parallel memory use and computation. More details can beddau m].

4.2.2. Efficiency of the Algorithm

The method loads only essential data to each machine torpeparallel computation.
Let n denote the number of training instancesthe reduced matrix dimension after
factorization f is significantly smaller than), andm the number of machines. PSVM
reduces the memory requirement fr@in?) to O(np/m), and improves computation
time toO(np?/m).

4.3. Parallel SVM via Master-Worker Architecture

The design of a parallel SVM for processing hyperspectralges is driven by the de-
sire to maximize speedup while also considering produgtiwith the ultimate goal of
reusing most of the code for the sequential algorithms irptmallel implementations.
For addressing speedup, or more specifically, to balancéo#iteacross the available
processors, we used a standard master-slave decompésitimework. In this approach,
a particular processor of the cluster is designated amtster whose job is to decom-
pose the problem and build a list of tasks that will be assigogheworkers The master
processor then waits to receive back the completed tasks dach worker processor,
gathers the partial results from them and provides the fasilt. Under the above frame-
work, the best situation arises when a problem can be decsedpato a non-trivial
number of independent sub-problems. In the jargon of pai@mputation, this is called
anembarrassingly parallgbroblem EV].

4.3.1. Implementation of the Algorithm

Although theoretically there are many alternatives, incpca, two common domain
decomposition strategies are most often used in hypersp@cbcessing due to their
straightforward partitioning of the problem space:

1. Spatial-domain decompositicubdivides the image into multiple blocks made
up of entire pixel vectors, and assigns one or more blocksath @rocessing
element

2. Spectral-domain decompositisabdivides the whole multi-band data into blocks
made up of contiguous spectral bands (sub-volumes), aighassne or more
sub-volumes to each processing element.

It should be noted that spectral-domain decompositionriecies break the spectral
identity of the data because each pixel vector is split arabagveral processing ele-
ments. As a result, spatial-domain data decompositionneigdly preferred in paral-

lelization of hyperspectral image processing algorithi®.[There are several reasons



that justify the above decision. First, spatial-domainaieposition preserves the infor-
mation carried out by the entire spectral signature of eagiefspectral image pixel.
Second, it provides a natural approach for low level imagmmsing@S], as many op-
erations require the same function to be applied to a smatifsslements around each
data element present in the image data structure. A finalritapbconsideration is that
in spectral-domain decomposition, the calculations madesfch hyperspectral pixel
may require input originating from neighboring processaigments, and thus require
intensive inter-processor communication.

4.3.2. Multiclass Implementation

We give in this section a parallel version of superviseddifeesition using SVMs for
multiple-class problemﬂllZ]. A standard approach in kemmethods is to decompose
the multiple class problem into multiple two-class prob¢ein order to develop our par-
allel version, we us@airwise classificatiorto create@ separate pairs of classi-
fiers. Then, we use a a voting strategy which is based on hyillipairs of classifiers,
each of which with the pair of classes consisting of clasnd the combined class of
1,2,...,i—1,i+1,...S[Bd]

A rough argument can be given for choosajrwise classificationnstead ofone
versus the restor computational efficiency. Assume that the time compilesf using
the SVM algorithm for two classes scales &51?), wherel is the total number of pair
training vectors. The scaling above is based on the contglekguadratic optimization
for finding the support vectors in the training vectors. If assume that each training
class is of the same size, i.¢/2, then the time complexity for the two approaches is
given by Tabld1L, which shows thpairwise classifications more efficient. The down-
side of the above approach is that the number of pairwise S\gvbws asS? for pair-
wise classificationFor.S = 16, the number of pairs is 120. However, we can decompose
the problem intd@ independent pairs of computations. Thus, we can efficiersiy
a parallel cluster machine having only processor-to-msaecommunication between
K compute nodes, without shared memory.

A simple approach, which in hindsight is naive, would be to m groups ofK
pairs in lockstep, distributed across the processors. Meryvéypically the number of
training vectors for each pair is not the same, resultinghin fact that the processor
handling the largest number training vectors will alwaysttbe last to finish, leaving
other processors idle. To address this issue, our pardgjefitnm uses a master-slave
approach (i.e., one processor is used as the master andtlaea@ised as workers). The
master first builds a list of tasks, given by the set oééﬁ;—l) pairs of classes, and then
assigns a particular processor to each of the first 1 tasks. When a worker processor
completes its calculations, the master sends that workenéht task on the list. Using
this simple approach, the worker processors are always busy

4.3.3. Efficiency of the Algorithm

In this subsection, we provide a summary of the computagxesuted by the workers
for each pair of classes during the parallel computation:

1. Training. From the given training vectors for each of the two clasfied, the
support vectors for that pair (also called ‘the model’).



Table 1. Time complexity on a single processor for performing SVNrtireg for a classifier o5 classes, each
class containing/2 exemplars.

Pairwise classification One-versus-the-rest
0(S%1?) 0(S312)
5(5—1)/20012)  SxO((S - 1)L+ 1)?)

2. Prediction From the obtained model, construct the pair classifier gpdyat to
the full hyperspectral data cube.

3. ClassificationUsing a voting strategy at each pixel, find the class witHargest
number of votes from thé@ pairs of classifiers and compare the results on
the test set pixels of the hyperspectral cube.

5. Experimental Results

This section presents the results obtained by two parali®l Spproaches, in both mul-
tispectral and hyperspectral image classification. Adogytb our previous workeL_[_iZ],
the gain of the boss-worker approach is more noticeable wioeking with high dimen-
sional (e.g. hyperspectral) samples, and when exploitiegspatial information, as it
works in an image region-basis. In the second case, the PS& @holesky decomposi-
tion is general enough to work with any kind of data, but it isrmmappropriate for mod-
erate pixel dimensionality, as the bottleneck is the kecneiputation with Cholesky de-
composition. In addition, including textural or spatiagldmmation must be done through
specific kernel trickdﬂ?], which not always lead to smaftaster) implementations.

5.1. Multispectral Image Classification

In this section we present the results obtained with thellghiaplementation of SVM
via Cholesky factorization in a complex multispectral irmadgssification scenario.

5.1.1. The Mare Nostrum facility

MareNostrum comprises 2560 JS21 compute nodes (blade)2ap@15 servers. Ev-
ery blade has two processors at 2.3 GHz running Linux opeyaystem with 8 GB
of memory RAM and 36 GB local disk storage. All the serversviie a total of 280
TB of disk storage accessible from every blade through GIeH&b@al Parallel File Sys-
tem). The networks that interconnect the MareNostrum dneMigrinet Network High
bandwidth network used by parallel applications commuiooa; and (2)Gigabit Net-
work: Ethernet network used by the blades to mount remotely thetrfile system from
the servers and the network over which GPFS works. More findgion is available at
http:// ww. bsc. es/|

5.1.2. Data collection

In this experiment, we try to detect cloud presence in npgiitral images. Experiments
were carried out using two MERIS Level 1b (L1b) images takeer Barrax (Spain),
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Figure3. Cost a function of the number of training and test sample$,(10°, 105) and detailed in ‘synchro-
nization’, ‘communmication’ and ‘computation’ for a nunr#f processors betweehand500 used.

which are part of the data acquired in the framework of thel S2R003 and 2004 ESA
campaigns (ESA-SPARC Project). These images were acquirédly 14th of two con-
secutive years (2003-07-14 and 2004-07-14). For our exyagris, we used as input 13
spectral bands (MERIS band$ and 15 were removed since they are affected by at-
mospheric absorptions) and 6 physically-inspired feates¢racted from MERIS bands
in a previous workl[60]: cloud brightness and whiteness atsible (VIS) and near-
infrared (NIR) spectral ranges, along with atmosphericgetyand water vapour absorp-
tion features. Cloud presence is considered as the tamgs.cCloud screening is spe-
cially well suited to semi-supervised approaches sincedccfeatures change to a great
extent depending on the cloud type, thickness, transpgreeight, and background (be-
ing extremely difficult to obtain a representative traingay); and cloud screening must
be carried out before atmospheric correction (being thatidpta affected by the atmo-
spheric conditions). In the selected image, the presense@f can be easily confused
with clouds, which increases the difficulty of the problem.

5.1.3. Scalability, speed up and overheads

Scalability experiments were run with three large datasketsined from randomly sub-
sampling the MERIS imag€ (0%, 10°,10°} samples). Note that, for the case= 105, a
single machine cannot store the factorized matiin local memory, so we show results
for the casesn > 10. The running time consists of three parts: computation iig9,
communication (‘Comm’), and synchronization (‘Sync’)gBire[3 show the scores for
different number of machines and the three data sizes. TH&RBovides excellent per-
formance and achieves a steady state in computation cost fo20. For more thari 00
machines, the performance is deteriorated. In this casejafy important forn > 200,
smaller problemper machine have to be solved, which results in an overall irsered
support vectors and thus both training and test procesisimgjihcreases.

Figure[? shows the speedup curves for different data sizesg avith the linear
speedup line. This parallel version of the SVM cannot achlaear speedup beyond a
limit which depends on the number of machines and the sizeeofititast. This result



was already reported i|ﬂ14]. The fact that the problem ig gpimany machines also
increases the time needed for communication and synclatimizoverheads. Commu-
nication time is incurred when message passing takes p&woebn machines. Synchro-
nization overhead is incurred when the master machine Waitask completion on the
slowest machine. Note that, in homogeneous schemes, tteer®tobviously ‘slower’
machines but harder tasks to be performed, as in our caseohmgutation speedup be-
comes sublinear when adding machines beyond a thresholan@®s0 machines). This
is due to the fact that the algorithm computes the inversenadimix whose size depends
on the number of machines, but fortunately, the larger the dataset is, the smalldriss t
(unparallelizable) time fraction. Therefore, more maekiflargerm) can be employed
for larger datasets (larger) to gain speedup. Finally, we should note that the highest
impact on speed up is the communication overhead, rathetiieesynchronization.
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Figure 4. Speedup for different data sizes.

5.2. Hyperspectral Image Classification

In this section we present the results obtained with theenagbrker parallel implemen-
tation of SVM in a standard hyperspectral image classificescenario.

5.2.1. The Medusa Cluster

The Medusa cluster at NASA's Goddard Space Flight Centes ia 64-node, 128-
processor, 1.2 GHz AMD Athlon cluster with 1 GB of memory peda and 2.3 TB of to-
tal disk storage. Each node is connected to the others withhrt Myrinet. Along with
the 128-processor compute core, Medusa has more than awogesiations throughout
a building at GSFC attached to the core with 2 Ghz optical fMyeinet. The experi-
ments reported in this work were run from one of those Miastemodes, i.e. a Linux PC
with a single 1.2 GHz AMD Athlon processor and 1.5GB memoriyich is connected
to the Medusa cluster via fiber Gigabit Ethernet. Typicah user logs into one of such
nodes and performs all calculations from there. The opegaystem is Fedora Core.



Table 2. Processing time in seconds on the Medusa cluster for trifinding the support vectors), loading
the support vectors for prediction, prediction (applyihg support vectors from every pair to hyperspectral
data to get a pair prediction vote), classification (totatime votes), total time, and speedup for various numbers
of processors using the whole AVIRIS Indian Pines scene.

#CPUs 2 4 6 8 10 12 14 16 18 20 30 40 50
Time for training 104 57 50 35 35 34 34 35 35 35 43 53 56
Time load predict 20 21 25 15 15 16 16 17 19 20 29 37 45

Time predict 156 65 48 40 36 36 34 33 32 31 31 32 32
Time classify 1 1 <1 «1 1 <1 <1 <« 1 1 <1 1 1
Time total 281 144 123 90 87 86 84 8 87 87 103 123 134
Speedup 10 20 23 31 32 33 33 33 32 32 27 23 21

5.2.2. Data collection

The Indian Pines scene was gathered by the AVIRIS instruimel®92. It consists of
145x 145 pixels and 16 ground-truth classes, ranging from 20 &B82#xels in size.
It was acquired over a mixed agricultural/forested regioiNW Indiana. The data set
represents a very challenging land-cover classificati@mado, in which the primary
crops of the area (mainly corn and soybeans) were very eatheir growth cycle, with
only about 5% canopy cover. Discriminating among the majops under this circum-
stances can be very difficult (in particular, given the matkeispatial resolution of 20
meters). This fact has made the scene a challenging benkhmsaalidate classifica-
tion accuracy of hyperspectral imaging algorithms. Theadatavailable online from
http://dynamo.ecn.purdue.eBighl/MultiSpec. We removed 20 noisy bands covering
the region of water absorption, and worked witl) spectral bands.

5.2.3. Accuracy

Table[2 reports parallel performance results of the progphpseallel SVM approach on
the Medusa cluster. As shown by the table, the time for dateement between pro-
cessors can be substantial. Specifically, the most significaes reported in the table
correspond to the following operations:

1. Moving all the training vectors from the master to everykeo at the beginning
of the training phase, which results in a constant time ofiaddl9 seconds (see
row Time for trainingin Table2).

2. Moving all the support vectors and the hyperspectral dub@a the master to
each worker at the beginning of the prediction phase, whates in time from
20-45 seconds (see robme load predictn Table[2).

The times for moving the support vectors found in the trajirphase (known as ‘the
model’) from the workers back to the master, is less than ecersd, and the time for
moving the resulting pair classification from the workerghe master is on the order
of one or two seconds. The final classification phase of gaidpéne votes from each of
the pair results takes on the order of a second for all 12@ pegults and is performed
sequentially on a single processor.

As shown in Tabl€l2, the speedup (performance gain with dsgarusing one pro-
cessor) is not linear, but grows and then levels out at arddnarocessors with a value
of 3.3, and then declines for more than 16 processors. THadeg due to the limited
communication bandwidth among the processors, i.e., asuhwber of processors in-



creases there will be more data collision and thereby deldyes saturation at 3.3 is due
to there being a wide distribution of processing times irttaming phase which depends
on the number of training vectors for each pair classificaténd a wide distribution of
processing times for the prediction phase depending onuhwar of support vectors.

5.2.4. Remarks

The slowest pairs come to dominate the time to completioraaitiihg more processors
does not offer further speedup. If the number of processolesss than the number of
pairs to be computed, then careful arranging of which pairgogvhich processors can
offer speedup, albeit at the cost of having to plan in advamoghich processors partic-
ular pairs are to be computed. We believe that significantavgments in the proposed
parallel implementation can also be obtained by requiriatg dnovement of only the
data needed by the workers, rather than making all the daiéabie to all the work-
ers. Also, by combining the training and prediction phasé&s & single process for each
worker, we could eliminate extra data movement.

6. Conclusions and futurework

In this chapter we evaluated the performance of two paraéiesions of the popular
SVM in the context of remote sensing image classificatiore fiitst parallel SVM con-
sidered in this work is based on the efficient solution of Akl Iproblem. The second
approach adopts a master-worker strategy and a smart imesgenent. In both cases,
the same optimality criterion is pursued: to maximize sp@edhile also considering
productivity. Our experimental results, conducted usimgel-known hyperspectral data
set with accurate ground-truth, provide insightful rensaakout parallelization of SVM-
based problems in two types of massively parallel platforims MareNostrum super-
computer (one of the most powerful cluster computers in geyand the Medusa clus-
ter at NASA's Goddard Space Flight Center in Maryland. Fetance, our study reveals
that simple master-worker models can be effective for pelrimhplementation of SVM
problems, not only due to trembarrasingly parallehature of such algorithms, but also
because they can reduce sequential computations at thermaste and involve only
minimal communication between the parallel tasks, nanalyhe beginning and end-
ing of such tasks. However, further work is required in orgeimprove the scalability
of the proposed methods to a very large number of procesa®idemonstrated by the
experimental results reported in this paper. This, alorth @ibetter characterization of
the spatial variability of spectral signatures in the dat#, be the focus of our future
research developments in this field.

Acknowledgements

The authors would like to acknowledge the personnel at tlec&ona Supercomput-
ing Center’ for supporting this research activity through project ‘High Performance
Computing for Earth Observation-Based Hyperspectral ingagpplications’.

This paper has been partially supported by the Spanish tjrfisr Education and
Science under projects CICYT AYA2008-05965-C04-03 and GONIDER CSD2007-



00018. The authors wish also to thank L. Gomez-chova forppoeessing the cloud
images and make them available for this work.

References

[1] G. Camps-Valls and L. Bruzzone. Kernel-based method$&yperspectral image
classification|EEE Transactions on Geoscience and Remote Senéd(6):1351—
1362, June 2005.

[2] J. Mufioz Mari, L. Bruzzone, and G. Camps-Valls. A supp@ttor domain de-
scription approach to supervised classification of remetesing images.|IEEE
Transactions on Geoscience and Remote Sené5(§):2683-2692, 2007.

[3] G. Camps-Valls and L. Bruzzone, editokernel methods for Remote Sensing Data
Analysis Wiley & Sons, UK, Dec 2009.

[4] J. A. Richards and Xiuping JigRemote Sensing Digital Image Analysis. An Intro-
duction Springer-Verlag, Berlin, Heidenberg, 3rd edition, 1999.

[5] G. F. Hughes. On the mean accuracy of statistical patesrognizerslEEE Trans-
actions on Information Theoyy4(1):55-63, 1968.

[6] K. Fukunaga and R. R. Hayes. Effects of sample size instfias design. IEEE
Transactions on Pattern Analysis and Machine Intelligerid€8):873—-885, 1989.

[7] V. N. Vapnik. Statistical Learning TheoryJohn Wiley & Sons, New York, 1998.

[8] B. Schdolkopf and A. Smola.Learning with Kernels — Support Vector Machines,
Regularization, Optimization and BeyandIT Press Series, 2002.

[9] G. Camps-Valls, J. L. Rojo-Alvarez, and M. Martinez-Ram editors. Kernel
Methods in Bioengineering, Signal and Image Processidga Group Publishing,
Hershey, PA (USA), Nov. 2007. ISBN: 1-559904-042-5.

[10] G. Camps-Valls, L. GGmez-Chova, J. Calpe, E. Soria, JMartin, L. Alonso,
and J. Moreno. Robust support vector method for hyperspeatata classification
and knowledge discoveryEEE Transactions on Geoscience and Remote Sensing
42(7):1530-1542, July 2004.

[11] J. Brazile, M. E. Schaepman, D. Schlapfer, J. W. KaideNieke, and K. I. Itten.
Cluster versus grid for large-volume hyperspectralimagemcessing. In H.-L. A.
Huang and H. J. Bloom, editor&tmospheric and Environmental Remote Sens-
ing Data Processing and Utilization: an End-to-End SystersPective. Edited by
Huang, Hung-Lung A.; Bloom, Hal J. Proceedings of the SPtifivie 5548, pp.
48-58 (2004).volume 5548 ofPresented at the Society of Photo-Optical Instru-
mentation Engineers (SPIE) Conferenpages 48-58, October 2004.

[12] J. A. Gualtieri. A parallel processing algorithm fommete sensing classification.
Technical report, Summaries of the Airborne Earth Scienocek#hop, Pasadena,
USA, 2004. Available: http://aviris.jpl.nasa.gov/htauiris/documents.html.

[13] Antonio Plaza, David Valencia, Javier Plaza, and Pa@artinez. Commodity
cluster-based parallel processing of hyperspectral inyageParallel Distrib. Com-
put, 66(3):345-358, 2006.

[14] Edward Chang, Kaihua Zhu, Hao Wang, Hongjie Bai, Jiandtiihuan Qiu, and
Hang Cui. Parallelizing support vector machines on distad computers. In J.C.
Platt, D. Koller, Y. Singer, and S. Roweis, editofglvances in Neural Information
Processing Systems Jflages 257-264. MIT Press, Cambridge, MA, 2008.



[15] A. Plaza and C.-I Chanddigh Performance Computing in Remote Sensibgap-
man & Hall/CRC Press, Boca Raton, FL, 2007.

[16] A. Plaza and C.-I Chang. Special issue on high perfoca@omputing for hyper-
spectral imagingInternational Journal of High Performance Computing Apph
tions 22, 2008.

[17] Cheng T. Chu, Sang K. Kim, Yi A. Lin, Yuanyuan Yu, Gary ReaBlski, Andrew Y.
Ng, and Kunle Olukotun. Map-reduce for machine learning aiticore. In Bern-
hard Schélkopf, John C. Platt, and Thomas Hoffman, edidIiRS pages 281-288.
MIT Press, 2006.

[18] A. Plaza and C.-I Chang. Clusters versus FPGA for parplocessing of hyper-
spectral imagerylnternational Journal of High Performance Computing Apph
tions 22:366—385, 2008.

[19] A. Plaza, D. Valencia, and J. Plaza. An experimentalganson of parallel algo-
rithms for hyperspectral analysis using homogeneous atedtdgeneous networks
of workstations Parallel Computing34:92—-114, 2008.

[20] A. Plaza. Parallel techniques for information extractfrom hyperspectral imagery
using heterogeneous networks of workstatialmairnal of Parallel and Distributed
Computing68:93—-111, 2008.

[21] J. Brazile, R. Richter, D. Schlapfer, M. E. Schaepmaard K. I. Itten. Cluster
versus grid for operational generation of ATCOR MODTRANséd look up tables.
Parallel Computing34:32-46, 2008.

[22] J. Setoain, M. Prieto, C. Tenllado, and F. Tirado. GPtyf@rallel on-board hyper-
spectral image processintnternational Journal of High Performance Computing
Applications 22:424-437, 2008.

[23] B. Catanzaro, N. Sundaram, and K. Keutzer. Fast supeatbr machine training
and classification on graphics processorsAGM International Conference Pro-
ceeding Series; Vol. 307 archive Proceedings of the 25#rattional conference
on Machine learning2008.

[24] Bryan Catanzaro, Narayanan Sundaram, and Kurt KeutEaist support vector
machine training and classification on graphics processteshnical Report 11,
EECS Department, University of California, Berkeley, Redny 2008.

[25] T-N Do, V-H Nguyen, and F. Poulet. A fast parallel SVM atghm for massive
classification tasks. IModelling, Computation and Optimization in Information
Systems and Management Sciences. Second Internationir@eee MCO 2008
Metz, France, Sep 2008.

[26] T. M. Cover. Geometrical and statistical propertiesydtems of linear inequalities
with application in pattern recognitiodEEE Transactions on Electronic Comput-
ers 14:326-334, June 1965.

[27] R. Courant and D. HilbertMethods of Mathematical Physiciterscience Publi-
cations. John Wiley, New York, USA, 1953.

[28] A. Aizerman, E. M. Braverman, and L. |. Rozoner. Thematfoundations of the
potential function method in pattern recognition learniAgtomation and Remote
Control, 25:821-837, 1964.

[29] V. Vapnik and A. Chervonenkis. A note on one class of pptmons. Automation
and Remote ContrpP5, 1964.

[30] V. Vapnik. The Nature of Statistical Learning Theorgpringer, New York, USA,
2nd edition, 2000.



[31] J. A. Gualtieri and R. F. Cromp. Support vector machiioefiyperspectral remote
sensing classification. IRroceedings of the SPIE, 27th AIPR Workshpages
221-232, February 1998.

[32] J. A. Gualtieri, S. R. Chettri, R. F. Cromp, and L. F. Jsbn. Support vector ma-
chine classifiers as applied to AVIRIS data. Rroceedings of The 1999 Airborne
Geoscience Workshppebruary 1999.

[33] Sanjay Mehrotra. On the implementation of a primalddoterior point method.
SIAM Journal on Optimizatiar2(4):575-601, 1992.

[34] E. Osuna, R. Freund, and F. Girosi. An improved trairétgprithm for support
vector machines. In J. Principe, L. Gile, N. Morgan, and Hs®fi, editorsNeural
Networks for Signal Processing VII — Proceedings of the 1BHHE Workshop
pages 276—285, New York, 1997. IEEE.

[35] J. Platt. Fast training of support vector machines gisiaquential minimal opti-
mization. In B. Schdlkopf, C. J. C. Burges, and A. J. Smolatoes, Advances
in Kernel Methods — Support Vector Learnjimages 185—-208, Cambridge, MA,
1999. MIT Press.

[36] S.V.M. Vishwanathan and M. Narasimha Murty. SSVM: agienSVM algorithm.
In Proceedings of the 2002 International Joint Conference ewrisl Networks,
2002. IJCNN ’'02.pages 2393-2398, 2002.

[37] Antoine Bordes, Seyda Ertekin, Jason Weston, and LéuitoB. Fast kernel clas-
sifiers with online and active learningJournal of Machine Learning Reseaich
6:1579-1619, September 2005.

[38] Séren Sonnenburg, Gunnar Ratsch, Christin Schafef, Barnhard Scholkopf.
Large scale multiple kernel learningJournal of Machine Learning Reseatch
7:1531-1565, July 2006.

[39] Olivier Chapelle. Training a support vector machingtia primal.Neural Compu-
tation, 19(5):1155-1178, 2007.

[40] L. Qian and T. Hung. Parallel SVM for large data-set mii In Fourth Interna-
tional Conference on Data Miningages 661-670, COPPE, Federal University of
Rio de Janeiro, Brazil, 2003. WIT Press.

[41] Jian-Pei Zhang, Zhong-Wei Li, and Jing Yang. A paraB®IM training algorithm
on large-scale classification problemsMachine Learning and Cybernetics, 2005.
Proceedings of 2005 International Conference walume 3, pages 1637-1641,
2005.

[42] Hans P. Graf, Eric Cosatto, Léon Bottou, Igor Dourdanpand Viadimir Vapnik.
Parallel support vector machines: The cascade SVNNIRS 2004.

[43] Yumao Lu and Vwani Roychowdhury. Parallel randomizeport vector machine.
In Advances in knowledge discovery and data minimmjume 3918, pages 205—
214, Singapore, 2006. Springer Berlin.

[44] Tatjana Eitrich, Wolfgang Frings, and Bruno Lang. Hy®&dM — a new hybrid
parallel software for support vector machine learning orPSMusters. IfEuro-Par
2006 Parallel Processingpages 350—-359. Springer Berlin, 2006.

[45] Tatjana Eitrich and Bruno Lang. Parallel cost-sewsitupport vector machine
software for classification. INeural Information Processing Systems Workshop
volume 34, pages 141-144, Cambridge, MA, 2006. MIT Press.



[46] L.J. Cao, S.S. Keerthi, Chong-Jin Ong, J.Q. Zhang, UiyBthamby, Xiu Ju Fu,
and H.P. Lee. Parallel sequential minimal optimizationtfa training of support
vector machinesNeural Networks, IEEE Transactions,dt7:1039-1049, 2006.

[47] G. Camps-Valls, L. Gémez-Chova, J. Mufioz-Mari, J. \Rlancés, and J. Calpe-
Maravilla. Composite kernels for hyperspectral imagesifasition. IEEE Geo-
science and Remote Sensing Lett8¢4):93-97, Jan 2006.

[48] G. Camps-Valls, L. Gébmez-Chova, M. Mufioz Mari, J.andrfifeez-Ramoén, and
J. L. Rojo-Alvarez. Kernel-based framework for multi-teongl and multi-source
remote sensing data classification and change detectiBRE Transactions on
Geoscience and Remote Sens#fy6):1822—1835, Jun 2008.

[49] Gene H. Golub and Charles F. Van LoaNatrix Computations (Johns Hopkins
Studies in Mathematical Science§jhe Johns Hopkins University Press, October
1996.

[50] T. Joachims. Making large-scale support vector machine learning preaii
(http://svmlight.joachims.org/), pages 169-184. MIT$3eCambridge, MA, 1998.

[51] Chih C. Chang and Chih J. LinLIBSVM: a library for support vector machines,
(http://www.csie.ntu.edu.tw/~cjlin/libsvm/), 2001.

[52] Ron Brightwell, Lee Ann Fisk, David S. Greenberg, Trasihidudson, Mike Lev-
enhagen, Arthur B. Maccabe, and Rolf Riesen. Massivelyllehcamputing using
commodity component$arallel Computing26(2-3):243—-266, 2000.

[53] Andrew Funk, Victor Basili, Lorin Hochstein, and Jergridepner. Application
of a development time productivity metric to parallel scite development. In
SE-HPCS '05: Proceedings of the second international wargson Software en-
gineering for high performance computing system applaregipages 8-12, New
York, NY, USA, 2005. ACM.

[54] E. Alba, F. Almeida, M. Blesa, C. Cotta, M. Diaz, |. DorfaGabarro, J. GonZAjlez,
C. Leon, L. Moreno, J. Petit, J. Roda, A. Rojas, and F. Xhaffficient parallel
LAN/WAN algorithms for optimization. the MALLBA project.Parallel Comput-
ing, 32(5-6):415-440, Jun 2006.

[55] Shai Fine, Katya Scheinberg, Nello Cristianini, Johha®e-taylor, and Bob
Williamson. Efficient svm training using low-rank kernepresentationsJournal
of Machine Learning Researc®:243-264, 2001.

[56] F. Bach and M. Jordan. Predictive low-rank decomposifor kernel methods. In
Proceedings of the Twenty-second International ConferemcMachine Learning
(ICML), 2005, 2005.

[57] B. Wilkinson and A. MichaelParallel Programming: Techniques and Applications
Using Networked Workstations and Parallel Computddpper Saddle River, NJ:
Prentice Hall, second edition, 2005.

[58] Frank Seinstra, Dennis Koelma, and Jan-Mark Geus&brosoftware architecture
for user transparent parallel image processing on MIMD oatens.Lecture Notes
in Computer Scien¢®150:653, 2001.

[59] C. W. Hsu and C. J. Lin. A comparison of methods for mldtss support vector
machinesinternational Journal of Neural Network43:415-425, March 2002.

[60] L. Gbmez-Chova, G. Camps-Valls, J. Calpe, L. Guanted & Moreno. Cloud
screening algorithm for ENVISAT/MERIS multispectral imey IEEE Transac-
tions on Geoscience and Remote Sensib@l2), Dec 2007.



