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Abstract

This paper studies the performance and applicability of\eehidernel Partial Least Squares (KPLS)
algorithm for non-linear feature extraction in the contekremote sensing applications. The so-called
Kernel Orthonomalized PLS algorithm with reduced complexiKOPLS) has two core parts: (i) a
kernel version of OPLS (called KOPLS), and (ii) a sparse apipnation for large scale data sets,
which ultimately leads to the rKOPLS algorithm. The methadtheoretically analyzed in terms of
computational and memory requirements, and tested in commmote sensing applications: multi-
and hyperspectral image classi cation and biophysicabpeater estimation problems. The proposed
method largely outperforms the traditional (linear) PL§aaithm, and demonstrates good capabilities

in terms of expressive power of the extracted non-lineaiufea, accuracy and scalability as compared
to the standard KPLS.
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I. INTRODUCTION

Partial Least Squares (PLS) is a family of methods for lideature extraction. The underlying
idea is to exploit not only the variance of the inputs but dlseir covariance with the target,
which is presumably more important. Basically, PLS usescthariance to guide the selection
of features before performing linear regression or clasgion in the resulting (reduced) feature
space. The expressive power of the extracted features tlsmgnethod has been successfully
exploited in applications where a high number of correlatguits are available. The elds of
chemometrics and spectroscopy based on Vis/NIR spectelde®n particularly active in the use
of PLS methods [1]-[4]. In the case of remote sensing datagssing, PLS methods have also
been used in particular applications, such as mapping ganibgpgen [5], [6], classifying salt
marsh plants [7], analyzing biophysical properties of $ts48], and retrieving leaf fuel moisture
[9]. This choice is rooted on the fact that PLS methods ard-svgted to deal with ill-posed
and multicollinearity problems, such as those encountereein analyzing remote sensing data
acquired with hyperspectral sensors.

Among the many variants of PLS, the one that has become plaric very popular is the
one presented in [10], to which we will refer as PLS2. The atgm relies on the following two
assumptions: First, the latent variables of the input fest@are good predictors of the response
variable and, second, there is a linear relation betweeimtlependent and dependent variables.
Several other variants of PLS exist such as “PLS Mode A’ [Qrthonormalized PLS (OPLS)
[12] and PLS-SB [13]; see [14] for a discussion of the earlgtdny of PLS, [15] for a more
recent and technical description, and [16] for a very weikten contemporary overview. In this
paper, however, we will concentrate on the popular PLS2rdlgn and on the OPLS which
enjoys certain optimality conditions with respect to baBicS, as discussed in [17].

Despite the good performance of these PLS-based methodsinaand critical shortcoming is
encountered; as they are based on linear projections, sof@performance is observed when
the variables of the input and output spaces are non-lyealdted. This is a common situation in
remote sensing data given the non-linear relationship éstwthe acquired spectral information
and the dependent variable, i.e. class of the corresporsjegtrum or derived biophysical
variable. This has originated active research lines on #gweldpment of non-linear versions of

the PLS methods. Essentially, two major approaches to namdinear data relations by means
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of PLS exist. The rst approach considers reformulating tomsidered input-output relation
by a nonlinear model which is learned from data either witlypomial functions, smoothing
splines, arti cial neural networks, or radial basis fumctinetworks [18]-[21]. However, since
the assumption that the score vectors are linear projectodrthe original variables is kept,
the non-linear mapping must Bmearizedby means of Taylor series expansions and also the
weight vectors must be updated iteratively. These are ustédly critical problems encountered
when following this approximation. The second approachdolinear PLS is based on a two-
fold strategy: rst mapping the original data by means of alneear function to a new feature
space, and then solving a linear PLS there, which is noradifi®om the original input space.
This approach is based on the solid theoretical foundatdmkernel methods [22], [23], which
has produced succesful results in many elds of applicaf@#]. Kernel methods have been
extensively used for remote sensing data analsysis, mé&mlyclassi cation [25]-[28], and
regression [29], [30]. In this paper, we extend its use to-immar feature extraction. Non-
linear versions of PLS have been recently theoreticallyettged under the kernels framework
[23], [31], and interesting applications are found in théd ef chemometrics [32], [33].
Recently, a kernel extension of OPLS, the so-called Kerrfell® with reduced complexity
(rKOPLS) algorithm, was proposed for feature extractiof[&nd its use was evaluated in the
context of remote sensing applications in [35]. In this pape further analyze the capabilities
of this method both including a deeper theoretical study @malyzing the performance in more
remote sensing scenarios, both for classi cation and s=go@ problems. In particular, we pay
special attention to all ingredients of the method, namelrsty, accuracy, and representation
power of the extracted features, compared to both lineamamdlinear PLS-based methods.
The rest of the paper is outlined as follows. Section Il byieeviews the idea and standard
formulations of basic (linear) multivariate analysis nuath, while Section Il is devoted to
revise the kernel PLS algorithm. Section IV presents theRPK® method for non-linear feature
extraction, and compares this method with previous appemdn terms of complexity and
scalability. Section V presents the experimental resualtsdassi cation and regression problems.

Finally, Section VI concludes with some remarks and furtlesearch directions.
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II. MUTIVARIATE ANALYSIS METHODS

The family of Multivariate Analysis (MVA) methods comprseeveral algorithms for feature
extraction that exploit correlations between data repradg®n in input and output spaces, so that
the extracted features in input space can be used to prééiciutput variables, and viceversa.

Before presenting some of the linear MVA methods, we intoedthe used notation. In this
paper, we are interested in learning problems in which wegiren a set of training pairs

fxi;yig}:l, with x; 2 RV, y; 2 RM, or, using matrix notationX = [xq;:::;x;]> andY =

Y the centered versions &f andY , respectively, whileC,, = %X‘ > X represents the covariance
matrix of the input data, an@,, = %X>Y‘ the covariance between the input and output data.
Feature extraction is usually used previous to the appdicaif machine learning algorithms to
discard irrelevant or noisy components, and to reduce timemionality of the data, what helps

also to prevent numerical problems (e.g., wi@@g is rank de cient). Linear feature extraction
can be carried out by projecting the data into the subspdwsacterized by projection matrices
U andV, of sizesN n, andM ng, so that then, extracted features of the original data
are given byXx°= XU and¥?°= YV .

The general spirit of MVA is to ndU andV so that the features of the input and output
projected dataX® and Y'° respectively, are maximally aligned. In the rest of thetisacwe
will brie y review two MVA algorithms: Partial Least Squase(PLS) and Orthonormalized PLS

(OPLS), on which we will focus in this paper.

A. Partial Least Squares

Apart from Principal Component Analysis (PCA) [36] whichlpmpays attention to the input
space variance, Partial Least Squares (PLS), developeeigath Wold in 1966 [10], is probably
the simplest of MVA methods, what justi es its very exteresiuse in many different elds.
The underlying assumption of a PLS model is that the systenmtefest is driven by a few
latent variables (also called factors or components), hielinear combinations of observed
explanatory variables (i.e., spectral channels or bafids.central idea of PLS is to nd a few
eigenvectors of spectral matrices that will produce scafaes that both summarize the variance
of spectral re ectance well and highly correlate with respe variables (i.e. material class or

corresponding biophysical parameter).
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The goal of PLS is to nd the directions of maximum covariaregween the projected input

and output data:
PLS: maximize: TTU”C,, Vg

subject to: U”U = V7V = |

(1)

where the maximization is carried out with respect to pricgecmatricesd andV, andl is the
identity matrix of sizen,.

Using Lagrange multipliers, it can be shown (see, e.qg.,)[#8t the solution to[{1) is given
by the singular value decomposition Gf,. Practical implementation are usually based on an
iterative two step scheme in which the projection vectorsand v; associated to the largest
singular value are rst extracted, and matricEsandY are then modi ed to remove whatever
information that can be explained through the previouslyaeted projections, a process which
is known asde ation. In the literature, many variants of PLS exist [11], [13]6]1which are

essentially based on modi cations of any of the two previsteps.

B. Orthonormalized Partial Least Squares

In this paper, we pay attention to the Orthonormalized Blatteast Squares (OPLS) [12],
which tackles the following maximization problem:
OPLS: maximize: TrU~C, C3 Ug
subject to: U”Cy U = |

(2)

Note that, unlike other MVA methods, OPLS only extracts gctipns from the input data.
A nice property of OPLS is that it is optimal (in the mean sguarror sense) for performing

linear multiregression of on the projected input data for a given number of featureg [17
OPLS (2): minimize: kY  XUW k2 (3)

where the optimal regression matrix is given Wy = X%, where X% = (X%X9 1x0 is
the Moore-Penrose pseudoinverseXft To demonstrate the equivalency betweEn (2) and the

minimization problem[B), we will rst rewrite[[3) using thfact thatkAk2 = Trf AA g

ky  XXWKE = TEXXWXRY) g+ Trivyy g 2TfXX™Y>g (4)

Note now that:

1) Tf Y'Y~ g is constant and does not affect the minimization
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2) T XXV (XOROY)> g = Trf (R Y XX Y>g= T XX Y>g

so that solving[{B) is equivalent to maximizing:
Trf XK Y g= Trf (U”XXU) 'UXYY XU g

Since the trace value does not change when scaling the imppgcpon matrixU, we can use
this exibility to constrainU”>X>XU = 1, and the problem simpli es to[]2), concluding the
proof.

Other MVA methods can also be shown to have associatedeltfézast squares problems. For
instance, Canonical Correlation Analysis (CCA) can be shtovminimizek¥V — XUW k2.
Note, however, that in general we will be more interestedpgpraximating the original label
matrix, Y, rather than a certain projection of it. For this reason, ORlan be regarded as a
specially attractive algorithm for supervised featureraotion.

In Figure[d we illustrate the projection vectors derivednirsghe PCA, PLS and OPLS
algorithms for a binary classi cation problem (in this cageis a column off 1g labels). It
can be seen that PCA just follows the variance of the inpu.d&¢garding PLS, it indeed takes
into account the label information, but directions of thpuhspace with a large variance still get
very much emphasized. Finally, OPLS projections are obthiwith the objective of predicting

the output labels. Consequently, a much more discrimiagimojection vector is extracted.

[Il. KERNEL METHODS FORPARTIAL LEAST SQUARES

All previous methods assume that there existBnaar relation between the original data
matrices, X and Y, and the extracted projection% and Y'°, respectively. However, in many
situations this linearity assumption is not satis ed, arah+linear feature extraction is needed
to obtain acceptable performance. In this contkgtnel methodsre a promising approach, as
they constitute an excellent framework to formulate noedir versions from linear algorithms
[22]-[24].

Kernel versions of different MVA methods have been proposedcent years. After providing
a brief overview of the principles of kernel methods, in théxtion we describe the Kernel PLS
implementation of [23], to which we will refer hereafter aPKS2. This algorithm has probably
become the most succesful kernel MVA method in the machiasieg community, and its use

is preferred over, e.g. Kernel CCA, since the latter is mamne to over tting.
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Fig. 1. First projection vector obtained with the PCA, PLSI @PLS methods for a binary classi cation problem. Histogsa
of the projected data for the three methods are also showvallglaio the corresponding projection vectors.

A. Background on kernels methods

Kernel methods offer a very general framework for machimerieng applications (classi ca-
tion, clustering, regression, density estimation, andaligation) with many types of data (such
as time series, images, strings, or objects). The main iflde@roel methods is to project the
data into a higher (possibly in nite) dimensional ReproohgcKernel Hilbert Space (RKHSHA,
usually known adeature spaceand then performing a linear algorithm kh to detect relations
in the embedded data. The result is a nonlinear algorithm tiee point of view of the input data
space. Hence, kernel methods provide non-linear expeessigabilities, while simultaneously
keeping many of the advantages of linear algorithms (forclwta well-established theory and
ef cient methods are available).

The non-linear mapping into feature space is denoted here N ! H . Linear algorithms
will bene t from this mapping because of the (usually) veayde dimensionality of the Hilbert
spaceH. However, the computational burden would dramaticallyease if one needed to deal
with high dimensionality vectors. Fortunately, many linésarning algorithms can be rewritten
in terms of the dot products among the training patterns;dhirefore, their non-linear (kernel)
version do not require to know explicitely the coordinatéshe non-linearly mapped samples,

(x;), but only the dot products among thek(x;;x;) = h (x;); (Xj)i.
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Application of the so-callekernel trick considerably simpli es the formulation of kernel
algorithms, and enables us to work even in in nite dimenalospaces. Basically, the problem
of selecting the mapping function is converted into that lkdasing an appropriate kernel. The
most useful kernels are those ones whose associated magpiigMercer's Theorem [37],
[38]. Some popular kernels are the line&(X;;x;) = h;;x;i), the polynomial K(x;;X;) =
(hi;x;i +1)9,d2 Z*), and the Gaussiark(x;;X;) =exp( k x; x;k?=2 2), 2 R").

B. Kernel Partial Least Squares

Some recent developments based on kernel methods have beenta obtain non-linear
PLS-based algorithms from linear ones while still solvimge&ar equations only [23], [31].
Notationally, consider we are given a set of pairs(x;);yig-,, with (x) : RN I' H
a function that maps the input data into sorfeature spaceof very large or even in nite

dimension. Data matrices for performing PLSHnare now given by =] (X4);:::; (X)]”

As in the linear case, the aim of KPLS is to nd directions ofximum covariance between
the input data irH andY , and can thus be expressed as:
KPLS:  maximize: TFU” ~ YV g
subject to: U”U = V7V = |

(5)

where ~ is a centered version of, andU is a projection matrix of sizeim(H) n,.
Now, making use of the Representer's Theorem [23], whictestthat all projection vectors

(the columns ofJ) can be expressed as a linear combination of the trainiray degt can introduce

vector containing the coef cients for theh projection vector, and the maximization problem
can be reformulated as follows:
KPLS (2): maximize: TFAK«YV ¢
subject to: AK,A=V~7V = |

(6)

where we have de ned the symmetric centered kernel matrix= containing the inner
products between any two points in feature space.

The solution to the above problem can be obtained from thguan Value Decomposition
(SVD) of K4 Y, and can be ef ciently computed using the following twogsteerative procedure

resulting in the KPLS2 algorithm (see [23, Sec. 6.7.] for endetails):
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1. Find the largest singular value Bf, Y, and the associated vector directiofis;; v;g.
2. De ate the kernel matrix using:
Kx i i>Kx Kx i i>Kx

> KX I >

i KXKX i i KXKX i

K, | (7)

C. Remarks

The main problem following this approach is that the comportel load for building the
kernel matrix increases with the square of the number ofitigisamples, as it do the memory
requirements, which is particularly critical in the corttedf applications that involve large
datasets. Furthermore, the solution matixwill in general be dense, so that when we want
to extract features for new data, it will become necessargotopute the kernels between the
new data and all the training patterns. Some solutions haea Iproposed to avoid obtaining
dense solutions in KPLS, by either approximating the magpphrough the Nystrom method
[39], or modifying the cost function to impose sparsity [40] the next section, we describe a
recently proposed method for implementing OPLS in featpees [34]. Apart from the inherent
advantages of using OPLS rather than standard PLS, KerneE@Bn easily be extended to
impose sparsity, providing the algorithm with good scdigbproperties, and making feasible

its application to large datasets, such as those typicaltpentered in remote sensing.

V. SPARSEKERNEL ORTHONORMALIZED PLS

The Kernel Orthonomalized PLS (rKOPLS) [34] method comsist two core parts: (i) a
kernel version of OPLS (called KOPLS), and (ii) a sparse appnation for large scale data
sets, which leads to the rKOPLS method.

To derive the kernel implementation of OPLS we will rst pegj the input data into a feature

space, where the KOPLS method can be stated as follows:
KOPLS: maximize: TU> ~ YY> U g ®)
subject to: U~ U =

As it occurs with its linear counterpart, and in contrasttiveo kernel MVA methods, the features
derived from KOPLS are optimal (in the mean square erroresefios non-linear multiregression

of the label matrix in the feature space.
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Now, we can proceed similarly to what we did for the KPLS aidon. Application of the

Representer's Theorem [23] allows us to express the opt@&LS projection matrix at) =

KOPLS (2): maximize: TrA K, Y Y~ K, Ag
subject to: AZK KA = |

(9)

It is easy to see that the KOPLS method we have just describ#drs from the same
drawbacks of the KPLS2 algorithm, as explained in SeclidfClll All these limitations can
be alleviated at once by considering a sparse approximdtiorthe projection matrix [34],

U = 2B, where g is a subset of the training data containing oftysamples(R < |)
andB =[ ,; ; ,] contains the parameters of the compact model. Note thate¢p khe
algorithm as simple as possible, we decided not to centepétierns in the basis r. Our
simulation results suggest that centering does not result in improved performance. Introducing

this approximation into[{8), the rKOPLS algorithm can benfatated as follows:

rKOPLS : maximize: TTB"KrY Y KZBg
subject to: B> KrKZB =1

(10)

where we have denekg = R *>, which is a reduced kernel matrix of sife 1. Using
Lagrange multipliers to solve the constrained maximizapooblem above shows that the solu-
tion of (I0) (i.e., the columns dB) is given by the generalized eigenvectors associated to the

n, largest generalized eigenvalues of the problem
KrYY K: = KgK3: (11)

Rather than searching for all the columns Bfat once, it is more convenient to extract
projections sequentially, so that, at each iteration, thdig solution is optimal with respect
to the current number of projections. Therefore, we will tise following two-step iterative
procedure:

1. Find the largest generalized eigenvaludaf (11) and itesponding eigenvectof: i; ;g.

Normalize ; to satisfy the norm constraint iB_{{10):
i

TKrKR

. fal
I ]
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TABLE |
CHARACTERIZATION OF THE PROPOSEIKOPLSAND RKOPLSALGORITHMS, COMPARED TO THEKPLS2METHOD. WE

DENOTE THE RANK OF A MATRIX WITH ().

KOPLS rKOPLS KPLS2
]nodes I R |
Kernel size| | | R | [
Storage | O(I?) O(R?) o(1?)
Max. np minfr( );r(Y)g minfR;r( );r(Y)g r( )

2. De ate matrixKgY Y~ K7 according to:

KrYY Ki KrYY KR KrKz i TKrKR

The motivation for this de ation scheme can be found in [2B], the discussion of
generalized eigenvalue problems. Intuitively, it can bensihat it is equivalent to removing
from Y whatever can be predicted from the newly extracted praestkK 7 ;:
v v K,
It can be shown that this de ation scheme decreases the rank ofK R Y Y~ K 5. Since
its original rank is no more than the rank of, that is the maximum number of projections
that can be extracted with rKOPLS.
The sparse constraint fad provides several desirable properties. First, the resulieature
extractor requires at mo® kernel evaluations per pattern. Regarding the training piexity,
it can be seen that the number of kernel evaluations drops ta(i.e., the size oK r), and the
size of the involved matrices is juR R. Table[] shows a comparison of KOPLS, rKOPLS and
KPLS2 in terms of structural complexity, storage requiratagand size of the kernel matrix. It
should be mentioned here that the sparse approximatiotegyraan not be applied to KPLS2
to obtain an algorithm of reduced complexity, since its dma scheme [eq.[]7)] would still
involve the whole kernel matrix.
A nal comment regarding the selection of the data points t@nstitute the approximation
basis g: following [41], we consider random selection among théniray patterns, a method
that is known to provide satisfactory results as longras not too small [42]. More sophisticated

strategies, such as clustering methods, could also be rexpli the cost of extra computation.
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With respect to the number of elements in the basis, pararResdould in principle be selected
using cross-validation. However, there are some praciacabrs that may eventually impose an
upper limit onR. For example, rKOPLS requires the inversion of Rn R matrix KrKR).
Furthermore, increasin@® results in more complex architectures, and sometimes it bmn
preferable to sacri ce performance for the sake of compomal simplicity. In this paper, we
have keptR 1000

V. EXPERIMENTAL RESULTS

In this section, we analyze the performance of the rKOPLS®ré#lgn in remote sensing data
feature extraction, and compare the results provided bydatal linear and non-linear PLS-
based algorithms. Several datasets are used in order tesas®thod's capabilities and analyze
its particular characteristics, both in pattern recognit{image classi cation) and function ap-

proximation (model inversion) problems.

A. Feature extraction for classi cation

This subsection is devoted to the analysis of the rKOPLSrdhgo in remote sensing clas-
si cation problems. The suitability of MVA methods in gem&r and the rKOPLS method in
particular, to classi cation setups is guaranteed if anrappate labeling scheme (e.g. 1-Gf-
encoding) is used to encode class membership into the lab&ixmin this setup, features
revealing useful to predic can also be expected to provide useful information to solve
the classi cation problem. See, e.g., [43] for a discussidmout application of square loss to
classi cation problems.

In particular, we focus in two typical cases of high dimensioimage classi cation in
remote sensing: (1) pixel-based hyperspectral imageidasen, and (2) multispectral image
classi cation in which contextual information is stacked the spectral information. In both
cases the input space may become redundant, either bedaaiskensely sampled spectrum or
because of the collinearity introduced by the (locallyistadry) spatial features, respectively.

1) Experiment 1: Pixel-based hyperspectral image clagdian: In our rst experiment, we
used the standard AVIRIS image taken over NW Indiana’'s imélme test site in June 1992. Dis-

criminating among the major crops can be very dif cult (inrfpeular, given the moderate spatial
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resolution of 20 meters), which has made the scene a chailgmgnchmark to validate clas-

si cation accuracy of hyperspectral imaging algorithméeTcalibrated data is available online
(along with detailed ground-truth information) from hifidynamo.ecn.purdue.edu/~biehl/MultiSpec.
In all our experiments we used the whole scene, consistingefull 145 145 pixels, which
containsl6 classes, ranging in size fro@0 2468pixels, and thus constituting a very dif cult
situation. We remove#0noisy bands covering the region of water absorption, andynaorked

with 200 spectral bands.

For the kernel methods, a Gaussian ket(@l;; x;) = exp(k x; x;k3=2 ?) was used, and
a 10-fold cross-validation procedure on the training set wdkeed to estimate . Once the
projections were obtained, the discriminative power of tb&tures was tested using a simple
linear model followed by a “winner-takes-all” activationrfction: § = w:t:a:[W ~ x] for the
linearly extracted features and= w:t:a:[W > ~(x)] for the kernel methods, wheM/ is the
optimal regression matrix given bw = X% and W = ~% for the linear and kernel
methods, respectively.

Figure[2 shows the obtained results (overall accuracy apgdatatistic) as a function of the
number of extracted features,, when using both linear (PLS and OPLS) and non-linear (KPLS2
and rKOPLS) methods. Several conclusions can be obtaimetl, the OA[%] and kappa statistic
curves exhibit very similar behaviors, which suggest that dbtained models are not unbiased
in terms of accuracy. Second, it can be observed how OPLSedatms PLS in the whole
domain of extracted features, which con rms its (linearioplity in the MSE sense. Third,
non-linear (kernel) methods can produce improved resuitparticular, KPLS2 improves the
accuracy of a linear PLS approximation fiog > 30, while the proposed rKOPLS outperforms
its linear OPLS counterpart (and obviously PLS) for any namtif extracted features.

For the sake of a fair comparison between KPLS2 and rKOPLSstwaied the in uence of
the number of noded @ndR, respectively) on the accuracy of the classi ers. Note thatbest
validation results were obtained f& = 1000, but we did not increase the parameter beyond this
value for the reasons stated at the end of Sedfidn IV. In[Bigve2show rKOPLS and KPLS2

andnp, <| for KPLS2, andn, rank(Y) =15 for rKOPLS. Note that imposing sparsity in
the solution, as it is done in rKOPLS, is a very different ayjgmh from a simple subsampling,

since matrixK g still retains information about all training points. Whesoking at both OA[%]

February 8, 2008 DRAFT


http://dynamo.ecn.purdue.edu/~biehl/MultiSpec.

Overall Accuracy (%)

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. XXO. Y, MONTH Z 2007 14

100 ‘ : 1
o0l S , | iy
R=750 1=1000 0 8 =
80r
L
a3 |
70 206
]
g
601 S04+
2
S0 ——KOPLS ——rKOPLS
—— KPLS2 (subsampling) 0.2 ——KPLS2 (subsampling)
401 1 linear OPLS 1 oo linear OPLS
——linear PLS ——linear PLS
30 . L 0 i i
10° 10! 10° 10° 10! 10°
Number of features (log) Number of features (log)

Fig. 2. Overall accuracy (left) and kappa statistic (riggs)a function of the number of extracted features for diffefimear
and non-linear PLS-based schemes. For the KPLS2 and th@gaopKOPLS we plot the results for different number of
subsampling node®R;| = f100; 250; 500; 750; 1000g.

and the statistic, results show that KPLS2 performance is only caralple to rKOPLS if using
betweenl00 250 features as compared to the oril§ features used for rKOPLS. Note that
for the same number of extracted featuras £ 15) the proposed method obtains an average
gain of about OA = +20% and the kappa statistic goes from a mean valu@: a6 to 0:8. It is
also noteworthy that the method shows an excellent behag@ function of the subsampling
factors R andl), since only a small gain is obtained fBr> 75Q In the limit of n,, we should
stress that the behavior of KPLS2 and rKOPLS should be venjlasi However, we can obtain
much better results with the rKOPLS method with a lower cotaponal and memory burden.

Finally, Fig.[3 shows how the (non-linear) features extdcby rKOPLS can be used to
develop very ef cient linear classi ers, either with a siteppseudo-inverse, as we illustrated
before, or by solving a linear SVM. It can be observed thatdfiered (linear) solution rapidly
approximates the state-of-the-art (non-linear) SVM dlasss R is increased. The RBF SVM
solution needed 295support vectors to reach these results.

2) Experiment 2: Contextual-based multispectral imagesilaation: For our second experi-
ment, we considered a Landsat MSS image consisting ofL8P pixels with a spatial resolution
of 80m 80m (all data acquired from a rectangular area approxim&ém wide). Six classes

are identi ed in the image, namely red soil, cotton crop,ygs®il, damp grey soil, soil with
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Fig. 3. Overall accuracy as a function of paramd®efor different classi cation schemes after rKOPLS featurgraction.

vegetation stubble and very damp grey soil. In order to imptbe performance of the classi ers,
contextual information was included stacking neighbagijoxels in 3 3 windows. Therefore,

36-dimensional input samples were generated, with a highe#gegf redundancy and collinearity.
A total of 4435samples were used for training and 2000 for testing. Thegased image is

available from http://www.ics.uci.edu/~mlearn/MLReposy.htm|.

We illustrate the discriminative performance of the feasucalculated by linear OPLS, rKO-
PLS and KPLS2. We use here the same design used in the preaipasment. Nevertheless,
we avoid the study of the impact &, and keepR = 500 or R = 1000, for which validation
results did not differ signi cantly. Figur&l4[left] compes linear OPLS vs rKOPLSR( = 500),
clearly showing that the non-linear method provides a beteresentation of the discriminative
information which is hidden in the data. rKOPLS performanegh only 5 features, i91:00%
which is very close to the 91.85% offered by the SVM with RBIriet. However, the RBF SVM
neededl711support vectors to achieve this score. In Elg. 4[right], wspare the accuracy when
using rKOPLS R=1000) and KPLS2 features. Since KPLS2 requires the whaleekenatrix,
resulting in a much more complex training phase, we constser KPLS2 with subsampling to
get a fair comparison. Results show that KPLS2 performas@nly comparable to rKOPLS if
using aroundl0O0 features 91; 1% and 91; 8% for the schemes with and without subsampling,

respectively) as compared to tbdeatures used for rKOPLS (note the log scale in xhaxis).
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In other words, rKOPLS features contain more discrimireaiinformation and allow developing

compact classi ers for high dimensional remote sensingiegions.
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Fig. 4. Overall accuracy as a function of the number of exécdeatures for different PLS-based schemes.

B. Feature extraction for regression

In order to assess the performance of the algorithm for fancapproximation tasks, we
focus on two challenging problems: the estimation of oaeahilorophyll concentration from
multispectral measurements, and the Leaf Area Index (LAtn&ation from hyperspectral im-
ages. In both cases, satellite-derived data iangltu measurements are subjected to high levels
of uncertainty. In these dif cult scenarios, a proper (retjufeature extraction is necessary,
particularly when their relationship is believed to be dimear or the data is scarce thus leading
to badly conditioned problems.

1) Experiment 3: Oceanic chlorophyll concentration preuin: In this experiment, we con-
centrate on the performance of the method in the speci c lprabof modeling the non-linear
relationship between chlorophyll concentration and nersectance. For this purpose, we used
the SeaBAM dataset [44], available at http://seabassigssa.gov/seabam/seabam.ntml, which
gathers 919n-situ pigment measurements around the United States and Eurbpeddtaset
contains coincidenin situ chlorophyll concentration and remote sensing re ectan@asure-
ments Ris( ), [sr !]) at some wavelengths#{2 443 490 510 and 555 nm) that are present
in the SeaWiFS ocean color satellite sensor. The chlorbmoyicentration values range from
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0.019 t03279 mg/m?. We transformed the concentration data logarithmicaily; = log(CC),
according to [45]. Hereafter, units of all accuracy and brssasurements are referred Yec
[log(mg=n?)] instead of CC [mg=m?]. The available data was split into two se#60 samples
for training, and the remaining59 samples for testing.

As in the previous applications, we used the Gaussian kéonalll methods. For rKOPLS,
we variedR linearly in the rangg5; 100]and logarithmically in the rangd10 2; 10%], and
computed the leave-one-out root mean square error (LOOEBNMSthe training set to validate
the model. The best LOO-RMSE observed vies31 See Fig[h for the LOO-RMSE surface.
It is worth noting that the method obtains approximatel\blgaesults for any xed value of

, Which suggests that a very sparse solution is good enougdedoribe the distribution. This
con rms the results in [46], where just a few number of supp@ctors was necessary to build
accurate regression models for this problem. It can alsambead that the most critical parameter

is the kernel width, showing a cleatateaufor values 10 L.

RMSE

100

Fig. 5. Evolution of the estimated leave-one-out RMSE asretfan of R and the kernel width, .

Table[ shows the results in the test set obtained by diffieregression kernel methods:
support vector regression (SVR) [46] with different costdtions, KPLS2 with different number
of extracted featuresnf = f1;5;10,20g), and the proposed rKOPLS{ = 1) [35]. For
comparison purposes, we include results obtained with tadderel-1, Morel-3, and CalCOFI
2-band (cubic and linear), as they performed best among & & empirical estimation models
of the Cl-a concentration in [44]. We show the following me&s for the prediction errors: mean

error (ME) as a measure of bias; the root mean square erroilSEMnd the mean absolute
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TABLE I
RESULTS FOR THE OCEANIC CHLOROPHYLL CONCENTRATION PREDICON PROBLEM. MEAN ERROR(ME), ROOT
MEAN-SQUARED ERROR(RMSE),MEAN ABSOLUTE ERROR(MAE), AND CORRELATION COEFFICIENT(r) OF MODELS IN

THE TEST SET

Model ME RMSE MAE r
Morel-12Y -0.023 0.178 0.139 0.956
Morel-3 -0.025 0.182 0.143 0.954

CalCOFI 2-band cubic -0.051 0.177 0.142 0.960
CalCOFI 2-band linear 0.079 0.325 0.256 0.956

"-SVR -0.070 0.139 0.105 0.971
L,-loss SVR -0.034 0.140 0.107 0.971
OPLS -0.034 0.257 0.188 0.903
KPLS2,np, =1 0.042 0.366 0.278 0.790
KPLS2,np, =5 -0.013 0.189 0.140 0.947
KPLS2,n, =10 -0.013 0.149 0.115 0.968
KPLS2,n, =20 -0.009 0.138 0.106 0.972
rKOPLS,np, =1 -0.015 0.154 0.111 0.967

Y The results provided in this table for Morel and CalCOFI niedgightly differ from the ones given in [44] since they atewn for the test set. In addition, models in [44] used allilatzte

data to t the models and hence no validation procedure wheved.

error (MAE) as a measure of accuracy, and the correlatiohaiert (r) between the desired
output and the output offered by the models as a measure of the test set.

Several conclusions can be obtained. First, OPLS performaslyp as the linear assumption
does not hold in this problem. Second, the obtained resuslitsguKPLS2 and the proposed
rKOPLS show a clear improvement in both accuracy and biaspeoed to linear OPLS. Ad-
ditionally, they show similar results to those from SVR, lwd clear improvement in terms of
bias (ME) but slightly worse in terms of t (RMSE, MAE). It slutd be noted here that these
similar results are obtained with a lower computational stotage burden, specially signi cant
in the case of the proposed rKOPLS method, as training Rith 50 does not virtually degrade
the test results (cf. Fi§l 5). Comparing the two kernel-daBES feature extraction methods, we
can see that the feature from rKOPLS provides a similar pedoce to the 10 rst features
from KPLS2, which illustrates the good expressive powerkKfdPLS projections in supervised

problems.
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2) Experiment 4: Leaf Area Index estimatiofhe last experiment deals with the estimation of
the Leaf Area Index (LAI) from hyperspectral satellite inegga problem which is characterized
by a high uncertainty present in the data. We used data frerE8A Spectra Barrax Campaigns
(SPARC), http://gpds.uv.es/sparc/. The campaign wasechout in Barrax (N3€8', W2°6"), an
agriculture test area situated within La Mancha region engbuth of Spain, from 12 to 14 July
2003 and from 14 to 16 July 2004. The area was analyzed focwdggnal research for many
years thanks to its at topography (differences in elevatrange up to 2 m only) and to the
presence of large and uniform vegetation elds (e.g., &fatorn, sugar beet, onions, garlic,
potatoes) with a wide range of LAI, from 0.5 up to 6.

During the campaign, covering LAl ground measurements wmiléected, and seventeen
hyperspectral and multiangular CHRIS/PROBA images (tennduSPARC-2003 and seven
within the SPARC-2004 campaign) were acquired. Field nestiictive measurements LAl
were made by means of the digital analyzer LI-COR LAI-2000@][4~or reducing the effect
of multiple scattering, the instrument was only operatedrrdusk and dawn (6:30-9:30 am;
6:30-8:30 pm) under diffuse radiation conditions using seasor for both above and below
canopy measurements. In order to prevent interferenceedaog the operator's presence and
the illumination condition, the sensor eld of view was litad with a 180 view-cap. Both
measurements were azimuthally oriented opposite to theagimuth angle. Finally, a total of
139 samples of LAl measurements were taken, comprising uhedt of measurements in each
Elementary Sampling Unit (ESU). The nal database consiét439 LAl measurements and
their associated 62 CHRIS re ectance levels.

In Figure[®, we compare the different algorithms throughdéaee-one-out RMSE as a function
of the free parameter. It should be noted that, as observed before, the propoe®LKk yields
higher accuracy than KPLS2, specially relevant by notiraj ttur method only uses one extracted
feature. In addition, the proposed method shows lower LOWMBR for almost all values of the
kernel free parameter, which alleviates the problem of exhaustive search of the frarameters.

Table[Il shows the obtained quantitative results with akhikble data obtained by different
regression kernel-based methods: support vector regre€SVR) with different cost functions,
KPLS2 with different number of extracted features, (= f1;3;5;7,10g), and the proposed
rKOPLS (, = 1). For comparison purposes, we also include the resultsinstawith the
standard Weighted Difference Vegetation Index (WDVI) [48] order to estimate the LAI, we
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2.5F ¥

RMSE

Fig. 6. Leave-one-out RMSE as a function of the kernel patame for the basic PLS (dotted line), KPLS2 witi, =
f1;3;5;7;10g (dashed lines) and the proposed rKOPLS (solid line).

used the formula:

WDVI
WDVI;
where is a parameter to be adjusted, WDVI assumes that the ratieebetthe near infrared

LAl = 1Iog 1 12)

(NIR) and red re ectances of bare soil is constant, WDVI gr R, WDV I, represents
the asymptotic limiting value for WDVI, and is the slope of the soil line. The used bands
are yr = 663 nm (band24) and g = 831 nm (band46). In our case, we show results
for two different sets of parameters; those recommended® ( = 0:4, = 1:1), and the
parameters that minimized the bias-variance of the reldwmathis particular subset of the
database (=0:18 =0:28).

We can observe that all methods outperform the WDVI-based-senpirical model, which
results in extremely biased models. Linear PLS performglpagain due to the strong non-
linearity, and the high dimensionality of the samples, whioosts the curse of dimensionality
and collinearity problems. We can also notice that the oethiresults using KPLS2 and the
proposed rKOPLS show a clear improvement in both accuradybas compared to linear PLS.
Better results are, nevertheless, obtained with the SV imoaccuracy and bias. Comparing
the two kernel-based PLS feature extraction methods, wesearthat the feature from rKOPLS

provides a similar performance to the 10 rst features frofL2, which once again illustrates
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TABLE 1l
RESULTS FOR THELEAF AREA INDEX (LAI) ESTIMATION PROBLEM. MEAN ERROR(ME), ROOT MEAN-SQUARED ERROR

(RMSE),MEAN ABSOLUTE ERROR(MAE), AND CORRELATION COEFFICIENT(r) OF MODELS IN THE TEST SET

Model ME RMSE MAE r

WDVI ( =0:4, =1:1)[49] -0.112 1.124 0.964 0.844
WDVI ( =0:18 =0:28) -0.134 0.896 0.733 0.859

"-SVR -0.003 0.721 0.501 0.884
Lo-loss SVR -0.004 0.711 0.502 0.882
PLS 0.051 0.886 0.708 0.851
KPLS2,np, =1 0.056 0.940 0.742 0.832
KPLS2,np, =5 0.026 0.803 0.598 0.879
KPLS2,n, =10 0.005 0.749 0.544 0.896
rKOPLS,np =1 -0.003 0.758 0.525 0.893

the richness of rKOPLS projections.

In order to assess statistical differences among methodgesformed a one-way ANOVA
study on the residuals. Signi cant statistical differemcgere observed among kernel methods
and linear methodsH = 0:01, p = 0:995, but they disappeared when removing the PLS
algorithm from the studyg(< 0:001), thus suggesting that KPLS2 and rKOPLS provide similar
predictions both numerically and statistically, but thiedasigni cantly extracts only one feature.

VI. CONCLUSIONS

This work studied the applicability of the rKOPLS method fi@ature extraction and di-
mensionality reduction in remote sensing applicationghdor classi cation and regression
problems. For rKOPLS, sparsity is imposed so that the dlgorican ef ciently deal with
high dimensional input samples, such as those encounteréglperspectral image processing
problems, and scales well with the number of training samflae sparse approximation used by
rKOPLS is specially convenient in this context, given thtteswise a huge kernel matrix should
be stored and processed. We have observed that the methmelfouns the standard KPLS2
for a given number of extracted features and with regard tih momputational burden and

memory requirements. Also, rKOPLS produces similar resiatSVM classi er and regression
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machines but with much lower computational cost and mememahds. In conclusion, the
proposed method can be useful for non-linear feature exdram the context of remote sensing

applications.
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