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Best-Bases Feature Extraction Algorithms for
Classification of Hyperspectral Data

Shailesh Kumar, Joydeep Ghosh, and Melba M. Crawfeleimber, IEEE

Abstract—Due to advances in sensor technology, it is now A feature extractor for hyperspectral data should utilize these
possible to acquire hyperspectral data simultaneously in hundreds properties while obtaining “signatures” for discriminating
of bands. Algorithms that both reduce the dimensionality of the among different landcover types or classes. Feature selection
data sets and handle highly correlated bands are required to -
exploit the information in these data sets effectively. We propose methods based on Bhattacharya d'Stavce [1] and feature extrac-
a set of best-bases feature extraction algorithms that are simple, tion methods based on Karhunen-Loéeve (K-L) transforms [2]
fast, and highly effective for classification of hyperspectral data. have been proposed to reduce the number of features used in
These techniques intelligently combine subsets of adjacent bandsclassification. However, while feature selection methods ignore
into a smaller number of features. Both top-down and bottom-up  1ha fact that adjacent bands are generally correlated, feature

algorithms are proposed. The top-down algorithm recursively . . . . .
partitions the bands into two (not necessarily equal) sets of bands extraction methods do not utilize the ordering information

and then replaces each final set of bands by its mean value. The between adjacent bands at all. Moreover, only one set of
bottom-up algorithm builds an agglomerative tree by merging features is typically used for labeling all the classes. While
highly correlated adjacent bands and projecting them onto their ~ selection of a single “global” set of features leads to inefficient
Fisher direction, yielding high discrimination among classes. \jization of information from multispectral data, it is even
Both these algorithms are used in a pairwise classifier framework bl tic in h tral dat IVsi ' it defeat
where the original C-class problem is divided into a set of(g) more pro ema 'f: |n. yperspec r.a. ala analysis as It dereats
two-class problems. the primary motivation for acquiring hyperspectral data: to

The new algorithms 1) find variable length bases localized in characterize the unique class specific responses of individual
wavelength, 2) favor grouping highly correlated adjacent bands |and cover types.

that, when merged either by taking their mean or Fisher linear A new algorithm has been developed that extracts class-spe-
projection, yield maximum discrimination, and 3) seek orthogonal ... L - T .
bases for each of the(S) two-class problems into which aC-class cific features for classification. First, &-class problem is

. C .
problem can be decomposed. Experiments on an AVIRIS data set decomposed 'ntf(g) two-class PrOblemS- For each pair of _
for a 12-class problem show significant improvements in classifi- classes, features are extracted independently, and a Bayesian

cation accuracies while using a much smaller number of features. classifier is learned on this feature space. The results of all the

Moreover, the proposed methodology facilitates the extraction of (<) c|assifiers are then combined to determine the class label of

valuable domain knowledge regarding the importance of certain }2’. . .
bands for discriminating specific groups of classes. a pixel. This paper focuses on the feature extraction component

of the algorithm for two-class problems. These techniques
involve merging adjacent subsets of bands to yield a small
number of highly discriminatory features. Two algorithms for
ISCRIMINATION among different landcover typesfinding such feature spaces are proposed: 1) a fast, greedy
using remotely sensed data is an important applicatigsp-down approach that recursively partitions a set of adjacent
of pattern classification. Advances in sensor technology haignds into two sets and merges each final group of bands into
made possible the simultaneous acquisition of hyperspecifg! mean [3], and 2) a bottom-up agglomerative clustering
data in more than two hundred individual bandS, where eaﬁbproach that merges adjacent h|gh|y correlated bands by
spectral band covers a fixed range of wavelengths. Althoughojecting them onto their Fisher direction that maximizes the
hyperspectral data are becoming more widely available, @bparation between two classes [4].
gorithms that exploit the potential of the narrow bands while The paper is organized as follows. In Section II, the character-
being computationally tractable, are needed. The respofsgs of hyperspectral data are reviewed, and the pairwise clas-
from each pixel in the hyperspectral image can be representggkr framework is presented. The new top-down and bottom-up
by a D-dimensionalordered vectoror “signal® = that is a|gorithms are described in Sections Il and IV, respectively. Ex-
characterized by highly correlated spectrally adjacent banggrimental results highlighting the efficacy of the best-bases al-
gorithms in improving classification accuracy, reducing the fea-
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projection matrix is constrained to partition all the bands into
smaller groups of adjacent bands and project each group into a
single feature.

B. Desired Properties of a Hyperspectral Feature Extractor

The three main properties of the desired feature extraction
algorithm identified in [3] are as follows.

1) Class dependenceDifferent subsets of classes are best
distinguished by different feature sets. Hence, feature ex-
tractors for specific groups of classes should be deter-
mined separately. Most classifiers seek only one set of
features that distinguishes among all the classes simulta-
neously. This not only increases the complexity of the po-
tential decision boundary, but also requires a large number
of features and reduces the interpretability of the resulting
features.

2) Ordering constraint: The characteristics that bands are
ordered and adjacent bands are correlated should be ex-
ploited by the feature extraction algorithm. A Fisher or
K-L transform on all the bands does not treat the input
vector as a signal and hence is not ideal for hyperspectral
data feature extraction. Both the SPCT based feature ex-

Fig.1. Correlation matrix of AVIRIS data set: Adjacent bands typically exhibit
higher correlation (white).

band (wavelength). The value stored t, ¢, d) is the response
(reflectance or emittance) from the pixXel, ¢) at a wavelength
corresponding to spectral baddThe input space for a hyper-

tractor [2] and the projection pursuit based algorithm [6]
utilize the ordering and locality properties of hyperspec-
tral data. In general, any transformation should involve

spectral data (classification problem) is an ordered vector of real ~ adjacent groups of bands.
numbers of lengtt, the number of spectral bands, where bands 3) Discriminating transforms:The transformations should
that are spectrally “near” each other tend to be highly correlated  try to maximize discrimination among classes, and thus
(see Fig. 1). The goal of a feature extraction algorithm for hyper- ~ use class label information. The K-L transform, used in
spectral classification is to obtain mappings of the information ~ SPCT, for example, is suited for preserving the variance
from the original set of bands that characterize the spectral sig-  in the data, but does not necessarily increase the discrim-
natures of the classes that are being discriminated. inatory capacity of the feature space. Use of Fisher dis-
criminant or Bhattacharya distance (as used in decision
boundary feature extractors) is therefore more desirable
for feature extraction.
In order to satisfy Property 1, a pairwise classifier with a class
ir specific feature extractor is used. This pairwise classifier
gﬁchitecture is described in the following section.

A. Related Work in Feature Extraction for Hyperspectral Data

Analysis of hundreds of simultaneous channels of data ne-
cessitates the use of either feature selection or extraction algo
rithms prior to classification. Feature selection algorithms f
hyperspectral classification are costly, while feature extracti
methods based on K-L transforms, Fisher’'s discriminant, or
Bhattacharya distance cannot be used directly in the input sp&e
because the covariance matrices required by all these methodBhe conventional approach & > 2 classification problems
are highly unreliable given the ratio of the amount of trainings to first transform an input space (which is the hyperspec-
data to the number of input dimensions. tral signal here) to a feature spa€en which the discrimination

Lee and Landgrebe [1] proposed methodsféatture extrac- among all the” classes in class sgtis high then to use a single
tion based on decision boundarifes both Bayesian and neuralclassifier® that distinguishes all th€' classes simultaneously.
network based classifiers. The data is projected normally to threthis paper, however, we use a Bayesian pairwise classifier
decision boundary found by learning a classifier in the inp@BPC) framework [8], [9] that we developed previously for clas-
space itself. Jia and Richards [2]-[5] proposed a feature extradication problems with a moderately large number of classes.
tion technique based on the segmented principal componentshe BPC framework shown in Fig. 2,@-class problem is
transformation (SPCT) for two-class problems involving hypefirst decomposed into a set ij) two-class problems for all
spectral data. The K—L transform is applied to each group of gohirs(w;,w;),1 < ¢ < j < C. Each of the two-class problems
jacent highly correlated bands, and a subset of principal comp®solved independently, and their results are combined to obtain
nents from each group is selected based on their discriminatibe result for the original’-class problem.
capacity. Recently, Jimenez and Landgrebe [6] proposed a feaA customized feature extraction approach for each pair of
ture reduction algorithm for hyperspectral data based on projetasses is especially advantageous in remote sensing applica-
tion pursuit [7]. Using Bhattacharya distance as the projectidions, where extraction of domain knowledge about specific
index, a linear transformation of the input space is sought. Thiass characteristic, is as important as reducing the feature

The Pairwise Classification Framework
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final decision Using Bayes rule
| combiner ¢ZJ(Y) :Pij(wib’)
A _ P (y|wi) Pij(ws) k=i
1,2 1,0 D (ylwi) Fij(wi) + D (y|w;) Fij(w;)

4)

W where P,;(wy,) are the estimated class priors based on the

< feature training data
extractor N
Prilwn) = k . 5
J(wk) Ni‘i‘Nj’ tJ ( )
X These estimates are used in cases where the class distribution

of the training data can be used to estimate the class priors.
Fig.2. Pairwise classifier architectuf&?) pairwise classifiers with respective However, in the landcover classification problem, the class prior
feature selectors. often cannot be estimated reliably from the class distributions of
the training data and hence, equal priors were assumed.
space and improving classification accuracy [8], [9]. For The outputs of the(§) classifiers can be combined (see
classification of hyperspectral data, this framework is parti€ig. 2) to obtain the final output either by simple voting [10]
ularly advantageous as one can essentially “create” artificll by applying the MAP to estimates of the overall posterior
hyperspectral sensors for discriminating each pair of clasg@gbabilities obtained from the outputs of the pairwise classi-
from the original. fiers [11]. In the voting combination scheme, a coufit;, |x)
Each classifierp;; in the BPC architecture has an assocPf the number of§) classifiers that labelel as classo
ated feature extractor denoted By; : Z — F;; that trans-
forms an inputx € 7 into a feature vectot;;(x) € Fi; spe- ¢ (wilx) =Y I (pir(x) < 0.5)+ Y I($i(x) 2 0.5) (6)
cific to class pairfw;,w;). The output ofp;; is an estimate of i<k i>k
the posterior probability’; (w;[v:;(x)) (@ndP; (w;|9i;(x)= g ceq Herd (bool) is the indicator function, which is 1 when

L= By (wilthi;(x))). Bachg; is implemented as a maximumy ., - argument is true and O otherwise. The inpuis as-

aposterior Bayesian classifier thaﬁ m(?dels the probability desﬂ'gned the class label for which the count is maximum, i.e.,
sity functionsp (¢;;(x)|wr), & = ¢,j ast?

w(x) = argmaxg=1,.. ¢ ¢(w|x).

. 1 In another recently proposed approach to combining pair-
P (¥lwr) = 0 wise classifiers [11], the overall posterior probabilitiegs=
\/ (2m)¢ ‘E;(;”J) P(w;|x) Vi = 1,...,C are estimated for some from the
(g) probabilities as follows. Denotex;; = | ;| + |A;], 75 =
X exp [_1 (y _ M;j,j))T (Eg,j))_l (/)Z‘j-("(/)ij(XA)), andy;; = ﬁi_/(ﬁi + p;). The goal is to find an
2 estimatep; of true posteriorsP (w;|x) such thatv;; is close

N to r;;, Vi # j. Since there ar€’ — 1 independent parameters

% (y _ NSJ))] (1) but (g) equations, it is not possible in general to estinyatso
thaty;; = r;; Vi # j. Hence, only an approximate solution is
sought. The objective for estimating= (p1, p2,...,pc) isto

where ) minimize the weighted K—L distance betwegn andz;;
y Pij (%);
d=|F;| dimensionality of the feature spaée;; s 1 — s
- N log 29 — DV log 2]
pl9) mean of classy, in the feature spac#;;. I(p) =D mi; {7 ij log Vis + (1 —7ij)log - — Vis ™
1<
» 1 This results in the following algorithm.
WD = ST () @ o e e 29 .
N & 1) Initialize p; = |&;|/|X'| and evaluate corresponding .
e 2) Repeat the following updates foe=1,2,...,C,1,2, ...
whered}, is the set of training examples in clasg. The corre- until convergence
sponding covariancEEj’]) is given by
L D TG
61 ) Db ®
5 =T 3 (y;ij(x) e ) ﬁgfz Vi
xEX 5. * 9)
o\ T Di EC o (
x ("(/}“(X) _ NSJ)) ) (3) gfl Dy

1Alternatively, a mixture of Gaussian can be used as required. P + ﬁj ’
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Fig. 3. (a) Example of a wavelet expansion of a 16-dimensional (16-D) signal into a full binary tree and a result of the LDB best-bases selectankgjlark bl
The LDB best-bases algorithm always partitions the signal into two equal parts. (b) Example of a more general bases that cannot be obtained b3 such an LD
approach.

The inputx for which p;, ¢ = 1,...,C are estimated, is as- signal into a library of orthonormal bases is also fixed. As a

signed class(x) = argmax;=1,_c ;. While voting is simple result, bases other than the ones shown in Fig. 3(a) cannot

and fast, the MAP approach produced slightly better results in  be obtained. Fig. 3(b) shows an example of one such tree

the experiments reported in Section V. and a choice of bases that cannot be obtained from the
LDB algorithm.

D. Local Discriminant Bases (IDB) * Requires full expansion: The original best-bases al-

gorithm of Coifman and Wickerhauser [12] requires
that the signal be first decomposed completely into
the finest bases possible before the second stage of
finding the best-bases can be initiated. For a signal of
lengthn(n = 2%), the complete expansion has the time
complexity of O(nlog, n). The complete expansion is
necessary because the best-bases selection algorithm is
bottom-up. As shown in the experiments, for classifi-
cation problems, the actual number of features that is
eventually selected is far less thanThat is, the tree is
normally pruned near the root node and hence, a top-down
approach would be more efficient.

No class dependencerhe LDB algorithm tries to find a

set of best-bases for all th& classes by trying to maxi-
mize the overall discriminant function obtained by adding
all the pairwise functions for all class pairs. As remarked
in [13], for a large number of classes, it is not guaranteed

Hyperspectral data are ordered in D-dimensional “signal”
vectors. Coifman and Wickerhauser [12] developed a best-bases
algorithm that first expands a signal into wavelet packet bases
and then performs a bottom-up search for the bases that pro-
duce maximum compression. Saito and Coifman [13] extended
this best-bases algorithm for classification and introduced the
notion of local discriminant bases (LDB) for classification of
signals and images.

The LDB algorithm first expands a given signal into a library
of orthonormal bases, i.e., a redundant set of wavelet packet
bases having a binary tree structure, where the nodes of the
tree represent the subspaces with different time-frequency lo-
calization characteristics. Complete bases, called the best-bases,
which minimize a certain information cost function such as en-
tropy (for compression) or that maximize certain discrimination
information function such as cross-entropy (for classification, as
in LDB) [13], is sought in this binary tree using a divide-and- o2 . . !
conquer algorithm. In this paper, Bhattacharya distance is used that such a dl_scrl_ml_natlpn function welds the optimal set
to evaluate each basis. The shaded regions of the tree in Fig. 3(a) of bases for d|scr_|m|na_t|ng_ all classes simultaneously.
illustrate an example of such a bases. The 16-length signal id" the following sections, it will be shown that both the pro-
partitioned into two eight-length segments, each of which is fuposed glgonthms, in conjunction with the pairwise architecture
ther partitioned into two four-length segments and so on. TRESection II-C, are able to avoid all three problems.

LDB algorithm starts at the bottom and considers the relative

goodness of the two-dimensional (2-D) space comprised of firdtl- T OP-DOWN GENERALIZED LOCAL DISCRIMINANT BASES

two elements of the signal and the one-dimensional (1-D) spaceseneralizing the LDB, the new top-down procedure builds
formed by merging these two elements. In this case, it finds thak tree recursively partitioning the bands into two possibly

the 2-D finer resolution space has better discrimination and fgnequal length subsets or groups of bands. The fast, greedy al-
tains the (the first two shaded blocks at finest resolution). Negorithm, hereafter referred to as TD-GLDB, is different from
the LDB considers the third and fourth elements and deCidﬁﬁ; LDB a|gorithm in three ways. First, there is no predefined
that merging them is better, and hence the first shaded block@ither wavelet to fix the subspaces. A subspace of any number
the second resolution. The process continues, resulting in #f@djacent bands is allowed so that partitions like the one shown
kind of bases shown in Fig. 3(a). The signal is partitioned onjif Fig. 3(b) are possible. Second, although the algorithm gen-

into two equal parts at each resolution. _ erates a binary tree, it does so in a top-down fashion, so the
LDB cannot be applied d|rec.tly for feature extraction for hyworst-case time complexity is onl@(DL), where L is the
perspectral data, for the following reasons. depth of the tree. Finally, a customized set of features is obtained

* Fixed length subspacesOnce a mother wavelet is fixed, for each pair of classes. The proposed TD-GLDB algorithm has
the binary tree formed by the recursive expansion of thie following three stages:
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2)
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Recursive partitioning of adjacent bands into just an empirical observation and may not be true for all
nonoverlapping groups (subspaces)All the D bands datasets.

in the hyperspectral data set are recursively partitioned

into a number of groups of adjacent bands as shown fla Recursive Decomposition Algorithm

Fig. 3(b). Each group is denoted by an intery&lu] Once the merge function and the discrimination function
comprised of all the bands between and including bandsare selected, the following top-down recursive algorithm par-

£throughu (1 < £ <w < D). titions the original D-dimensional space into smaller subspaces.
Merging bands within each group: Bands within Decomposé/, w)

each group are linearly combined to give single 1) For eacl < k < u compute (£, k) and.7(k + 1, )
“group-bands”. A user definednerge functionde- and find the best partition of the subspdée]

noted byM (x|¢,«) is used to merge bands in the group

[£,+]. Herein, for simplicity, the mean of all the bands k= arg max max{7(¢, k), J(k+1,u)}. (13)
within a group is used as the merge function tsh<u

. u 2) If T(4,k) > T(¢,w)andk — £ > 1
veu(x) = Ml u) = —— S (11 » Decomposé?, k). )
w-t+ i 3 1F T(k+1,u) > J(£,u) andu — k > 1, then

In general, any linear combination such as a Fisher dis- * Qgcomposék +1u). ) ) ]
criminant projection could be used as the merge function. The condition in Steps 2 and 3 in this Decompose routine
Selection of group-bands:A number of group-bands is &Nsure that a subspace that does not show any improvement in

obtained as a result of Steps 1 and 2. The subset that F”;a_discrimination capacity from its parent node is not partitioned
vides the best discrimination between classesdgis 2Ny further. This heuristic pruning mechanism is based on the

selected using a forward feature selection algorithm [15/owing a§sumption. o

in which features are added from the available set until ASSumption I:1f the discrimination7 (a, ) < J(4, B) for

the increase in discrimination is not significant. somel < A < a < b < B < D,then for any subspace
[e,d] of [a,b]ie, 1 < A< a<e<d<b<B<D,

A. Class Discrimination Functions J(c,d) < J(A, B).

Let J(4,u) = J (£, u|M, Xy, X3) denote a measure of dis-
crimination between classesand/s along the group-bang .,
obtained by merging bandghroughu using a merge function .
M. Choices forJ are members of two broad categories.

1)

2)

Although we do not prove this theoretically, it was found to
be true in all our experiments for both discrimination functions
described in Section IlI-A. Using assumption I, steps 2 and 3
in the Decompose routine essentially imply that if a child node
- o ST does not have a higher discrimination than the parent node, the
Classification performance on training/validation  chjjq node need not be expanded further. This pruning mech-

data: Using a training or validation set, the classificationnism leads to an efficient top-down search for a set of bands
accuracy of the two-class problem can be measured in (g, high discrimination.

ye,w 1-D space assuming a maximum likelihood (ML)

classifier in the 1-D space. This could also be used as|g g orrom-Up GENERALIZED LOCAL DISCRIMINANT BASES
measure of discriminating capacity for group-bajpd. ]

Differences in class probability density functions A bottom-up algorithm (referred to as GLDB-BU [4]) that
(pdfs): If the pdfsp, (ve.) andps (y¢.) are estimated generalizes the LDB algorithm was also developed. Here, the
from the data sets’, and X, then the discrimination search for the best-bases is conducted for each pair of classes
between classes and 3 can be evaluated in terms ofSeparately, as opposed to the LDB where only one set of bases
some difference measure between the two pdfs (e.g., ig&xtracted for distinguishing all classes simultaneously. It also
Kullback-Leibler divergence [15], Bhattacharya distancellows the flexibility of merging any set of adjacent bands as
[16], etc.) In this paper, we use a discriminant measufPPosed to merging bands obtained by recursively partitioning

based on the log-odds of (pairwise) class posterigi€ set of bands into two equal groups in each level of the tree,
probabilities [8], [9] as in LDB. Finally, the criteria used to measure the goodness

X of a group of bands uses both the correlation between those

T, u) = Z log Pos (alye (%)) bands and the discrimination between the two classes when

AN, 8 Pos (Blyca(x) these bands are projected in the Fisher direction. The Fisher pro-

" ’ jections of alocalized set of highly correlated bands yield the set

+ 1 Z log M (12) of bases for a given pair of classes.
No (=, Paslalyeu(x)

xEX

A. Criteria for Evaluating a Basis

whereﬁ’a@ (or]ye,o(x)) is the (estimated) pairwise class In Section 1I-B, three properties of a hyperspectral feature ex-
posterior probability ok projected on the basig ., for tractor were identified. The pairwise classifier incorporates the
classw andﬁ’a@ (Blyen(x)) = 1—1':’@,3 (or]ye,o(x)). This  first of those properties, i.e., class dependence, by extracting
log-odds ratio gave better performance than Bhattacharfgatures independently for each class pair. The second and third
distance and K—L divergence in our experiments. This [goperties are incorporated by adequately defining the criteria
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for evaluating a basis. One such criteria is proposed in this sg@&lding the projection vector
tion.

The second property requires that the high correlation values Wi = Wzi (“Zu — Mfu) . (21)
between spectrally adjacent hyperspectral bands be utilized.
Thus, the criteria should reward combining highly correlated The product7(¢,u) = C(£,u)D(¢,w) of the correlation
bands rather than combining less correlated bands. There measure and the discrimination measure is used as the measure
a number of ways of defining the correlation among a groulf goodness of the “group-band?,«]. The corresponding
of bands in terms of the correlation between all pairs of banbasis is given by the Fisher projection vectar,,. A bottom-up
given by aD x D correlation matrixq (e.g., Fig. 1) search algorithm, described next, is used for finding the best

Qs 4] set of bases for each class pair using this criteria.
53

qij = (14)
T Qi B. Bottom-Up Search for the Best-bases
whereQ is the covariance matrix In the bottom-up search algorithm, 1Bt*(k) = [, v}
1 denote the set of actual bands that belong toitie“group-
Q= ——— Z (x —p)(x — )t (15) band” andN,, denote the number of such group-bands at level
|Xa] + |Xs]

XE‘YQU‘YQ m.
1) Initialize m = 0 (finest level), B(b) = [b,b], Vb =

andy is the mean over the two classes
1,...,D.N,, = D.

_ 1 2) Find the best pair of bands to merge
r= |Xa|+|X@|x€;JY * (16) e fori=1,...,N,, — L
cer —  Form a group-band by merging group-bans (<)
The criteria used to quantify the correlation among the bands andB™(i + 1)
for any group of band¥,«] (1 < ¢ < » < D) is defined
by the correlation measui@/, v) as theminimumof all the [0 wi] — [ ufyy] - (22)

correlations between every pair of bands in the rdigel
— Evaluate the group-band[¢;,u;]: 7 (4;, ;) =

Cll,u) = é<1‘ni/1'1<’ % j- a7 C(l;,ui YD, u;).
Sresy « Find the position of the best pair of bands at this
The group of bandlf, «] is highly correlated if’(¢, «) is large. level
The third property in Section 1I-B requires that the basis be
discriminating. Thus, the criteria should reward a highly dis- I=arg mé}\?fmdj (€isus) - (23)

criminating basis more than a less discriminating basis. Dis-
crimination between the two classes can be quantified as the3) If 7(¢;,u;) > max{J (¢}, uy"), T (¢, v )} then
Fisher discriminant in the 1-D Fisher projection obtained from continue; otherwise stop.

the subspacg/, u]. Let n’, and WB, . be the subvectors con-  4) Update bands at the next level

taining dimensiong throughw of the mean vectorg® and .’ eIf I > 1 then B™H(i) «— B™(®), ie.,

corresponding to the classesandg. Let£¢, andy;, be the [erth ] — [ wr], Vi=1,..., ] — 1.

submatrices containing rows and colunththroughw of the o BNy — B™I) U B™I + 1), ie,

class covariance matricé* and¥? of these classes, then the (7t upt] — o, up ]

within class covarianc®, , for the two-class problem is given e If I < N, —1thenB™ (i) — B™(i + 1),

by e, [/t wl ] — [em ] Vo= 1+
1 1,...,N, — 1.

Wiy = 5—~——— [P(0)S¢, + P(B)S], (18) 5) Move to the next levelin — m + 1, Ny, — Nyp_1 — 1.
Pla) + P(B) [ } Return to Step 2.

where P(w) is the prior probability of class). The between  The process of merging adjacent bands continues until a level

class covarianc, ,, is given by (i.e.,M), at which merging any two adjacent group-bands yields
T aworse (in terms aff) group-band than either of the two group-
B, = (MZU, _ I“L?u) (MZU, _ I“L?u) , (19) bands being merged (Step 3). Each of g, group-bands
7 7 {BAD(i)}. " obtained as a result of this process is associated
We define the discrimination measuf(¢,«) for grouping . ’ N

these bands as the Fisher discriminant of the subspace indut% f the corresponding Fisher pr(_)jectiorn Vec{wf?l:u;‘l i1
by bandg throughw. Since we are considering only a two-clasiat forms the bases of projection being sought. All the se-
problem, the Fisher discriminant projects this subspace ilgted bases are mutually orthogonal as the group-bands do not

a 1-D space through a Fisher projection vecter, that overlap. Instead of using all th¥y, bases, a forward feature
maximizes ’ selection algorithm is applied to the resulting set of bases to se-

T lect a subset such that adding any more bases will not lead to a
D) = Wi BeuWe,u (20) significantincrease (i.e., user-specified 1%) in the classification
’ Wi, W W, accuracy of the training set. L&Y, s denote the finaD x K
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Fig. 5. Classified map of the KSC site using GLDB-BU algorithm.

The posterior probability’, ¢ («|x) is computed using (4). The
results of all the pairwise classifiers are combined using either
of the methods noted in Section II-C.

V. EXPERIMENTS AND RESULTS

A. Site Description

Fig. 4. Hyperspectral data: The AVIRIS Hyperspectral data obtained 1he wetlands located on the west shore of the Kennedy Space
by NASA over Kennedy Space Center, FL. The bands corresponding @enter (KSC), FL, and the Indian River contain critical habitat
wavelengths of 1999 nm, 953 nm, and 527 nm were used for RGB channelsf‘BF several species of water fowl and aguatic life. Mapping the
displaying purpose. peci q - Mapping tr
land cover and its response to wetland management practices
using remotely sensed data from a variety of sensors is the focus
matrix containing the orthogonal bases after the feature sele¢a multiyear project. In 1996, hyperspectral data were acquired

tion process for distinguishing class péir, 3). using NASA's airborne visible infrared imaging spectrometer
(AVIRIS) over the KSC complex. The test site for this study con-
C. A Bayesian Classifier for GLDB-BU sists of a series of impounded marshes with vegetation commu-

nities ranging from low, halophyte marshes to high, graminoid
avannah to forested wetlands. Discrimination between indi-

the K-dimensional meari§’~, . andiW'L, . in the projected idual species o_f marsh vegetation and of_woodland vege_ta_uon
/ / types is quite difficult because spectral signatures are similar.

K i i T 3 - . NN -
space, and 3) th’ x K covariance matriced’, ;" Wa,; and The capability for improved discrimination of the various veg-

WI,3PW,z.Interms of the pairwise classifier architecture, for, .. . - -
W e o ' ion was investi ing the hyper ral AVIRI
any novel inputx, the feature extractor transforms it ingoas station types was investigated using the hyperspectra S

data. Fig. 4 shows three bands corresponding to wavelengths
1999 nm, 953 nm, and 527 nm of the AVIRIS data mapped to
Y =tas(x) = Wz gX. (24) the RGB channels, respectively. Fig. 5 shows an example of the
resulting classified map obtained by applying the GLDB-BU al-
The pdf in the feature space for class {«, 3} is given by gorithm to the AVIRIS data.
The proposed GLDB-TD and GLDB-BU feature extraction
1 algorithms were applied to a 183 band subset of the 224 bands
(excluding water absorption bands) used in the classification.
The seven upland and five wetland cover types identified for
classification are listed in Table I: Classes 3-7, i.e., cabbage
palm hammock (3), cabbage palm/oak hammock (4), slash pine
(5), broad leaffoak hammock (6), and Hardwood swamp (7),
are all trees. Class 4 is a mixture of class 3 and oak hammock.
x Wk (x — u"/)] (25) Class 6 is a mixture of broad leaf trees (maples and laurels) and

The classifier for class-paik, 3) utilizes: 1) the bases vec-
tors W, g found by the algorithm presented in Section IV-B, 2

WIS Wag

P (Wasxly) = \/(%)K

1 _
X exp [—5 (x— /ﬂ)T Wag (WE’@EA’WQQ) !

oak hammock. Class 7 also contains several species of broadleaf
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TABLE | TABLE I
TWELVE CLASSES IN THEAVIRIS HYPERSPECTRALDATASET PAIRWISE CLASSIFIER ACCURACIES ONTEST SET FORSPCT (WPPER
TRIANGULAR) AND LDB (LOWER TRIANGULAR) FEATURE EXTRACTION
ALGORITHMS
Num | Class Name
Upland Classes 1 2 3 4 5 6 7 8 9 10 | 11 | 12
1 Scrub 1 - 93.1 | 942 | 91.4 | 92.4 | 86.9 | 94.6 | 93.1 | 92.6 | 91.5 | 924 | 96.8
2 94.2 - 95.7 [ 91.1 | 90.3 | 93.8 | 89.8 | 94.7 | 95.2 | 92.2 | 94.1 | 95.2
2 Willow Swamp 3 1951|959 | - |925|928 952|974 9560962959 973 953
3 Cabbage palm hammock 4 (930|926 1936 | - |[863 881|697 940|952 | 97.8 | 95.3 | 96.6
4 Cabbage palm/oak hammock 5 94.2 | 91.8 | 91.3 | 87.1 - 94.5 | 80.9 | 97.1 | 945 | 974 | 93.9 | 95.8
6 87.1 | 94.5 | 96.9 | 87.9 | 95.1 - 87.1 | 93.1 [ 91.6 | 93.7 | 96.7 | 97.1
5 | Slash pine 7 | 964|903 | 961|724 783|882 | - |936|97.9]983 | 952|973
6 Broad leaf/oak hammock 8 947|921 | 959|951 | 967 | 946 | 943 | - | 928|891 96.4 | 91.2
7 Hardwood swamp 9 94.3 | 959 | 95.1 | 96.7 | 95.2 | 90.9 | 96.3 | 91.2 - 94.6 | 95.1 | 96.7
10 | 93.6 | 90.1 | 96.4 | 96.1 | 96.1 | 95.2 | 97.3 | 904 | 94.6 - 91.3 | 87.2
Wetland Classes 11| 93.4 [ 923 | 951 | 94.8 | 96.5 | 948 | 96.7 | 95.7 | 951 | 93.1 | - | 929
8 Craminoid marsh 12 | 957 | 96.4 | 97.2 | 94.1 | 95.2 1 96.2 | 96.9 | 93.1 | 96.7 | 89.6 | 93.8
9 Spartina marsh
10 | Cattail marsh TABLE 1l
11 | Salt marsh AVERAGE NUMBER OF FEATURESUSED FORSPCT (UWPPERTRIANGULAR) AND
LDB (L OWER TRIANGULAR) FEATURE EXTRACTION ALGORITHMS
12 | Mud flats
1 2 3 4 5 6 7 8 9 10 11 12
1 - 94 | 121 | 88 73 1127 72 108 | 81 | 114 | 124 | 12.3
trees. These classes have similar spectral sighaturesandare 2 61| - | 120|149 | 160 | 111 100 | 98 | 89 | 95 | 63 | 105
difficult to discriminate in multispectral and even hyperspectri3 | 74| 50 | - | 97 | 120100 | 121 | 9.5 | 114 | 10.7 | 79 | 112
data using traditional methods. 4 159]99 |57 | - [155]106| 9.7 | 11.8 | 143 | 111 | 11.9 | 87
There werex 350 examples for each class. These wererals | 62| 101 | 69 |102] - | 75 | 95 | 113 | 61 123 | 9.9 | 838
domly partitioned into 50% training and 50% test sets forea(6 | 75| 62 | 61 | 7.3 | 43 | - 1101 133 | 141 | 121} 7.8 | 104
of the ten experiments. The proposed algorithms were compa 7 | 60| 76 | 82 | 61 | 61 | 62 | - | 7.6 | 82 | 114 | 105 | 638
to the SPCT and the LDB approach in terms of classificationa8 | 64| 52 | 49 | 75 | 88 | 95 | 47 | - | 178 | 106 | 9.7 | 9.1
curacy and reduction in the feature space. Since thereisno<? | 56| 70 | 73 | 102 | 54 | 113 | 63 | 143 | - |1562 | 82 | 79
tematic way of estimating the parameters of the training prio 10 | 7.7 | 51 | 65 | 76 | 91 | 102} 87 | 73 | 103 | - | 79 | 125
for each class, equal priors are assumed instead of using (5) (11 |82 | 42 | 53 | 7.2 | 52 | 57 | 74 | 58 | 52 | §2 | - | 117
number of training examples only reflects training samplesth12 | 75 | 7.6 | 71 | 59 | 71 | 7.2 | 57 | 62 | 61 | 93 | 83 | -

we were able to collect, but does not reflect the true prior of the

classes).
functions, classification accuracy on the training set (upper tri-

angular), and log-odds ratio of posterior probabilities (lower tri-
angular) are shown in Table IV. The corresponding number of
Table Il contains the test set accuracies of the SPCT (uppeatures averaged over ten experiments are listed in Table V for
triangular) and LDB (lower triangular) algorithms over all thehe GLDB-TD algorithm. There is an average improvement of
66 pairwise classifiers, while Table Ill contains the numbelmost 5% in classification accuracies in all class pairs when
of corresponding features used by each of these classifiersiising GLDB-TD feature extractor as compared to the SPCT or
SPCT and LDB. Although most pairs of classes were reasdrDB feature extractors. Moreover, the classification accuracy
ably well discriminated by the features extracted by SPGdver the difficult class pairs (4,5), (4,6), and (5,7) also improved
and LDB, the class pairs [cabbage palm/oak hammock (&) similar amounts. However, as a mixture class, class pair (4,7)
hardwood swamp (7)], [cabbage palm/oak hammock (4), brosidll remains difficult to discriminate even by the GLDB-TD
leaf/oak hammock(6)], [slash pine(5), hardwood swamp(7g8lgorithm. Only 2—4 features were utilized by most of the 66
and [cabbage palm/oak hammock(4), slash pine(5)] were matirwise classifiers when using the GLDB-TD feature extractor
discriminated easily. Their classification accuracies over tltempared to 7-12 features used by SPCT and 5-11 features
test set were significantly less than the mean accuracy of 93fed by LDB-based classifiers.
(see Table VII) over all the 66 pairwise classifiers. Further, the Table VI contains the average classification accuracies over
number of features selected for class pair (4,5) by SPCT (i.the test sets (upper triangular matrix) and the number of features
15) and LDB (i.e., ten) is also largeer than the average numiethe reduced space (lower triangular matrix) for the GLDB-BU
of features utilized (ten for SPCT and seven for LDB). algorithm applied to the same data set. For most class pairs,
The classification accuracies over test sets for the GLDB-Tibe classification accuracy was almost 100% and the minimum
algorithm for all the 66 pairwise classifiers for both objectivef 92.5% was for class pair (4,5), one of the problematic class

B. Experimental Results
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TABLE IV
CLASSIFIER ACCURACIES FOR THEGLDB-TD FEATURE EXTRACTION
ALGORITHM. THE UPPERTRIANGULAR MATRIX CONTAINS ACCURACIES
FOR 71 = CLASSIFICATION ACCURACY ON TRAINING SET AND THE
LOWER TRIANGULAR MATRIX CONTAINS ACCURACIES FOR 75
LoG-ODDs RELEVANCE (12)

1 2 3 4 5 6 7 8 9 10 11 12
1 98.3 | 100 | 97.1 | 98.7 | 91.3 | 100 | 97.2 ; 99.5 | 97.9 | 98.8 | 99.5
2 | 977 99.4 | 96.0 | 95.3 | 95.6 | 93.1 | 99.1 | 99.5 | 98.6 | 99.9 | 99.6
3 100 | 97.9 96.4 | 96.9 | 98.9 | 100 | 99.4 | 99.3 | 99.1 | 99.6 | 99.6
4 | 954 | 96.3 | 95.5 90.8 | 91.4 | 73.3 | 99.0 | 99.4 [ 99.1 | 99.7 | 99.2
5 | 984|948 | 95.7 | 89.9 97.3 | 86.2 | 99.2 | 99.6 | 99.5 | 99.8 | 99.7
6 | 89.9]955 |97.6 | 90.3 | 95.6 90.9 | 98.9 | 98.9 | 99.6 | 99.1 | 99.7
7 1999|968 | 972 | 82.2 | 83.8 | 91.1 99.9 | 100 | 100 | 99.9 | 100
8 | 97.2 1979 | 98.7 | 98.7 | 99.1 | 99.3 | 99.9 96.8 | 93.8 | 99.9 | 95.5
9 199.3199.0 {987 (989|995 988|999 | 959 99.4 | 99.4 | 99.9
10 | 98.2 1 99.0 | 99.0 | 99.1 | 99.5 | 99.7 | 100 | 92.4 | 95.6 98.7 | 90.9
11 1 99.6 | 99.5 | 99.3 | 99.6 | 100 | 98.6 | 100 | 99.9 | 98.8 | 98.9 98.5
12 )1 989 [ 99.5 | 99.3 | 99.3 | 99.7 | 99.9 | 100 | 94.4 | 98.6 | 91.8 | 98.4

TABLE V

AVERAGE NUMBER OF FEATURES USED BY THE GLDB-TD FEATURE
EXTRACTION ALGORITHM. THE UPPERTRIANGULAR MATRIX IS FOR 71 =
CLASSIFICATION ACCURACY ON TRAINING SET AND THE LOWER TRIANGULAR
MATRIX IS FOR. 7z = LOG-ODDS RELEVANCE

3
2.2
3.0 |39
30| - |27
55 | 21| - 2.6
42 (32 (53| - 15|25
36 (20713 (14} - |21]34
45 (5541|5220 - |18]26
53 |27 (4051147 |26 - |41
23126493636 ]|20]52]| -
53 |26 [31]33]37]|20]5.7
20 |30120 2027|2238
3920|2631 |24|20]6.1

5
1.2
5.0
3.0
4.5

6
3.6
2.1
2.0

7
1.9
3.0
4.1
2.7

8
2.2
2.8
2.5
2.8
3.3

9
1.2
2.9
2.4
3.3
3.1
3.1

10
2.7
2.5
2.7
3.1
3.3
3.3
2.5
2.5
3.4
23| -
3.1
2.7

11
2.9
2.3
1.9
2.9
2.9
2.2
2.3
2.2
2.6
2.6
28 | -

5.0

12
3.1
2.2
2.2
2.3
2.2
2.4
1.3
2.9
2.8
3.4
2.3
20| -

1.5

20 | -
1.4
2.2
1.3
2.3
1.9
43
1.2
3.1
2.0
3.3

C ||| =W N =

oy
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=
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pairs. Further, note that class pair (4,7) had a classification ac-

curacy of 100% as compared to 82% by GLDB-TD an@3%

by LDB and SPCT. Class pair (4,6) was also classified easily
by the GLDB-BU to yield almost 100% classification accuracy

compared te< 88% by SPCT and LDB and 91% by GLDB-TD.

Further, only one feature was required by GLDB-BU to discrim- 2)
inate class pair (4,7) compared to more than four by GLDB-TD,

15 by SPCT, and six by LDB. The number of features required
by most of the classifiers based on GLDB-BU feature extrac-
tion was 1-2, with class pair (4,5) requiring more and still not
being as well-discriminated as other pairs. Fig. 7(a) shows the
bases and distribution of points in the three dimensional (3-
feature space for class pair (4,5). Similarly, Fig. 7(b) shows the
bases selected by GLDB-BU for class pair (4,7) and the corre-

sponding distribution of points in the projected 1-D space.

Improvement in classification accuracy with a simultaneous
reduction in the number of features in the feature space can be
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attributed mainly to the generalization of the LDB algorithm.
While only highly correlated bands were allowed to merge, their
usefulness was measured in terms of how well they can discrim-
inate the two classes. Since SPCT uses the K—L transform to
reduce the dimensionality, it does not necessarily transform the
input into a highly discriminatory feature space. LDB is lim-
ited by the types of subspaces it can select, and hence its sub-
spaces are inferior to those of the proposed algorithms. Com-
pared to GLDB-TD, the proposed GLDB-BU performs better
both in terms of classification accuracy and the number of re-
quired features. This can be attributed to the following differ-
ences between the two algorithms (i) GLDB-BU is bottom-up
and hence searches through the space of possible bases more ex-
haustively than the top-down GLDB-TD; (ii) The merge func-
tion for GLDB-TD is just the mean while in GLDB-BU, the
merge function is the Fisher direction of projection, which is
expected to perform better in terms of discrimination between
the two classes.

Table VII summarizes the results of Tables I-VI. The original
problem was a 12-class problem that was decomposed into 66
two-class problems, then the 66 pairwise classifiers were com-
bined using the method proposed by Tibshirani [11] (described
in Section 1I-C). Overall test accuracies for all the four algo-
rithms are contained in Table VII. The high values of classifica-
tion accuracies from GLDB-TD and GLDB-BU for each pair of
classes also resulted in higher accuracies in the ow@ralhss
problem.

C. Computational Complexity

There are three components of the total time complexity
of the feature extraction algorithms that sought a set of linear
transformations or bases. The four algorithms: SPCT, LDB,
TD-GLDB, and BU-GLDB are evaluated in terms of these
three components.

1) Time to evaluate a basisThe goodness of a single basis

is measured by some criteria such as the Bhattacharya dis-
tance in LDB, the amount of variance preserved or eigen
values in SPCT, log-odds ratio of posterior probabilities
in TD-GLDB, and Fisher discriminant in BU-GLDB al-
gorithms. For am-dimensional subset of bands frofn
throughu (n = v — ¢ + 1), computation of Bhattacharya
distance (LDB), PCA projection (SPCT) and Fisher pro-
jection (GLDB-BU) takeO(n?) time. In GLDB-TD, only

the mean of then bands is computed, which requires
O(n) time.

Time to search for a bases setThe feature extraction
algorithms seek multiple localized set of bases. The
LDB algorithm uses the wavelet packet best-bases search
approach that take8(D log D) for a signal of lengttD.

The SPCT algorithm utilizes edge detection algorithms
on the correlation matrices to first isolate groups of
localized highly correlated bands. This process takes
O(D) time. The TD-GLDB algorithm does a top-down
search and prunes the search based on Assumption 1.
This takesO(DL) time, whereL is the depth of the tree.
The GLDB-BU algorithm require® (D log D) time as

it is also bottom-up like the LDB algorithm.

D)
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Fig. 6. (@) Tree obtained by the GLDB-TD algorithm for class pair cabbage palm hammock (3) and hardwood swamp (7). The three numbers at each node denote
(¢, u,T), the range of the bandé, u], and goodness measure of each 1-D feature (the classification accuracy on training set). (b) Distribution of all data points
in class 3 and 7 in the 2-D space formed by the group-bands [35,35] and [14,15].

Bases: (4,5) Points: (4,5) TABLE VI
5 M CLASSIFIER ACCURACIES ONTEST SET (UPPERTRIANGULAR) AND THE
0 : NUMBER OF FEATURES USED (LOWER TRIANGULAR) FOR THE
-5 g Fr : GLDB-BU ALGORITHM
50 100 150 - A
5
0 1 2 3 4 5 6 7 8 9 10 1 12
-5 1 | - | 10001000 | 99.3 | 100.0 | 93.1 | 160.0 | 99.3 | 100.0 | 100.0 | 99.9 | 100.0
50 100 150 2 | L1| - 11000 | 99.8 | 100.0 | 100.0 | 98.9 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0
5 3 13| 11 - | 961 | 954 | 99.8 | 1000 | 988 | 99.5 | 100.0 | 100.0 | 100.0
2 4 10| 10 | 28 | - | 925 | 99.8 | 100.0 | 98.8 | 100.0 | 99.7 | 99.7 | 99.7
50 100 150 5 |L1| 12 | 12 | 31| - |100.0 1000 | 99.0 | 100.0 | 100.0 | 100.0 | 100.0
o 6 19| 11 | 11 |20 | 10 - 1991 | 994 | 99.6 | 100.0 | 100.0 | 100.0
Bases: (4,7) Points: (4,7) 7 11| 10 | o | 11| 12 | 14 - | 100.0 | 100.0 | 100.0 | 99.5 | 100.0
%0 8 |13] 10 | 10 |12 11 | 11 | Lo - | 989 | 99.2 | 1000 | 987
9 11 1.2 1.2 11 14 1.2 1.0 1.6 - 100.0 | 99.8 | 100.0
20 10010 11 | 11 |11 12 | 10 | 10 | 12 | 10 - | 1000 | 99.2
0 1 | 1.0 1.3 1.1 1.0 1.0 1.0 11 1.0 1.2 11 - 99.6
12 | 1.0 11 1.0 1.0 11 1.0 1.2 1.0 1.0 1.1 1.2 -
-20
-40
-0 TABLE VIl
= o0 ™ o 10 1m0 20 250 SUMMARY OF TABLES Il THROUGH VI: (1) TESTACCURACIES (1ll) NUMBER OF

FEATURES AVERAGED OVER ALL THE 66 PAIRWISE CLASSIFIERS([] =
STD. DEVIATION OVER 66 PAIRWISE CLASSIFIERS, AND (I11) OVERALL
) ACCURACY AFTER COMBINING THE 66 QLASSIFIERS({} = STD. DEVIATION
ACROSSTEN EXPERIMENTS)

point index

Fig. 7. (a) Bases weights selected by GLDB-BU algorithm for

_discr_iminating_ class_es (4,5) and the corresponding distripution of points GLDB-BU | GLDB-TD SPCT LDB

in this three-dimensional (3-D) feature space. (b) Bases weights selected b

GLDB-BU algorithm for discriminating classes (4,7) and the corresponding Test Accuracy 99.4 [1.31] | 97.52 [4.20] | 93.26 [4.40] | 93.53 [4.14]

distribution of points in this two-dimensional (2-D) space. Num. Features 1.2 [0.42] 2.67 [0.73] | 10.57 [2.42] | 7.11 [1.88]
Overall accuracy | 95.3 (2.42) 86.3 (3.56) | 78.7 (3.47) | 79.3 (4.12)

3) Number of Bases setsin conventional classifiers, a
single feature space is sought for dimensionality reduc-
tion. The pairwise classifier framework, however, seeks ~ but as the number of classes grows, the interpretability
one feature space for each pair of classes. This increases and discrimination capability of such a feature space
the time complexity of using a pairwise classifier by decreases.
O(C?) times for aC-class problems. The SPCT and Thus, in terms of evaluating a basis and searching for a set
LDB algorithms have been used with conventional classif bases, the GLDB algorithms are comparable with SPCT and
fiers that extract only one feature space for@ltlasses. LDB algorithms. However, when used in conjunction with the
This approach does lead to faster feature extractipairwise classifier framework, any feature extraction algorithm



1378 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 39, NO. 7, JULY 2001

will have to be uset{g) times, increasing the overall time of GLDB-BU required only one basis shown in Fig. 7(b). The dis-
learning. tribution of all the data points for these two classes in the 1-D
space shows why GLDB-BU obtains 100% classification accu-
racy for this class pair.

The bands selected by GLDB-TD and GLDB-BU overlapped

The feature extraction algorithms used in conjunction witlor most class pairs. However, since these algorithms merge the
the pairwise classifier architecture not only increased classifig2ands differently, in general, different bases are obtained.
tion accuracies and reduced input dimensionality, but also pro-
vided useful domain knowledge. In this section, some examples
of the kinds of domain knowledge obtained from the best-bases
algorithms are highlighted. Two new best-bases algorithms adapted to the properties

Focused feature extraction based on the original bands@bf hyperspectral data were presented and evaluated using
data for each individual pair of classes results in feature spa@sAVIRIS data set. These algorithms extend the local dis-
that are suitable for distinguishing specific pairs of classes. THigminant bases algorithm developed for signal and image
knowledge can be very important in determining what sensors@assification. The GLDB-TD algorithm uses a top-down
bands should be used and may be related to the associated p#§gedy search and is fast but less exhaustive. The GLDB-BU
iological characteristics those bands represent in the two ladlgorithm performs a more exhaustive, yet efficient bottom-up
cover classes. F|g 6(a) shows an examp|e of the top_down t%l’Ch for the best bases to discriminate any two classes and
formed by the GLDB-TD algorithm for discriminating classesttilizes the correlation between bands as well as discrimination
cabbage palm hammock (3) and hardwood swamp (7), and bBgiween classes to measure the goodness of a basis. Empirical
upland tree classes. The leaf nodes of the tree representrgfalits for a 12-class problem show improvements of 5 to
group of bands that were merged to their means for greatest di§% in classification accuracies using a smaller number of
crimination between class pair (3,7). Each node in the tree rdpatures relative to LDB and the recently proposed SPCT
resents a subspace of the original 183-dimensional input spa&lgorithms for each of the 66 class pairs. As expected, the
The first two numbers at each node in Fig. 6(a) represent téDB-BU had slightly better performance than GLDB-TD in
[¢, 4] values of that node. The third number shows he, ») terms of the classification accuracy and the number of features
value of that node measured as classification accuracy over $géected but required more computation. The overall accuracy
training data (rounded to nearest integer) (the root node alwafter merging the 66 pairwise classifiers to solve the original
represents the 1-D space obtained by merging all the bands;class problem was also significantly higher for GLDB-BU
183]). For the class pair (3,7), the root node has a discriminatitiian the other approaches. The two extensions of the LDB al-
value of only 79%, while the subspace [14,15] has a discrimin@orithm suited for hyperspectral data were able to significantly
tion of 97% and the subspace [35,35] has a discrimination valiggluce the input space from 183 dimensions to less than four
of 100%. The pruning heuristic does not allow further deconflimensions in most cases. Domain knowledge pertaining to the
position of the leaf node, for example [142, 183], because tigportance of different bands for distinguishing specific class
value of the discriminant function at this node, i.e., 68% is le$&irs and overall importance of each band was also provided.
than its parent node [22, 183] i.e., 82%. The class pair (3,7) whie best-bases algorithms thus provide a means to “create”
easily distinguished by a pair of very narrow sets of bands, i.€wer spectral resolution sensors, each with only a few bands,
band 35 and the mean of bands [14,15]. Similar trees were @ecific to a particular classification problem.
tained for all($) class pairs.

Fig. 6(b) shows the distribution of all the labeled sample REEERENCES
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