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Abstract. Prediction of landcover typesfrom airborne/spaceborne sen-
sors is an important classi¯cation problem in remote sensing. Due to
recent advances in sensor technology, it is now possible to acquire hy-
perspectral data simultaneously in » 200 bands, each of which measures
the integrated responseof a target over a narrow window of the electro-
magnetic spectrum. This unprecedented spectral resolution can provide
vastly improved mapping of several types of landcover and monitoring
of ecological changes.However, the increaseddimensionalit y also consti-
tutes a challenge in terms of storage and analysis. This paper presents a
Polyline Feature Extraction (PFE) technique that exploits the spectral
correlations betweencertain adjacent bands in hyperspectral data, to re-
duce dimensionalit y without sacri¯cing discrimination power. It usesan
interpretable piecewiselinear representation of the data that is somewhat
robust to environmental changes.Using the Binary Hierarchical Classi¯er
Framework for multi-class problems, PFE's e®ectivenessis demonstrated
on two large hyperspectral datasets obtained over the Texasand Florida
coasts respectively.

Keywords: hyperspectral data analysis, machine learning, classi¯cation, re-
mote sensing,knowledgeextraction

1 In tro duction

The increasing availabilit y of data from hyperspectral sensorshas gener-
ated tremendous interest in the remote sensingcommunit y becausethese in-
struments characterize the responseof targets (spectral signatures)with greater
detail than traditional sensorsand thereby can potentially improve discrimina-
tion betweentargets[1,2]. A common application is to determine the land cover
label of each (vector) pixel by using labeled training data (ground truth), X , to
estimate the parameters of the label-conditional probabilit y density functions,
P(x1; x2; : : : ; xD jL i ), i = 1; : : : ; C, or to directly estimate the aposteriori class
probabilities. Unfortunately, classi¯cation of hyperspectral data is challenging
for several reasons.The dimensionality of the data (D) is high (» 200), as con-
trasted with traditional optical \m ultisp ectral" sensorsthat acquire data in a



few (< 10) broad channelson the order of a hundred nanometersin width. Thus
any data analysis is potentially facedwith the \curse of dimensionality"[3]. The
sensormeasurements obtained from a given land cover type can vary somewhat
over time and space,and thus the class-conditional likelihoods can vary from
image to image. The number of classesC is often in the teens, and obtaining
labeled data is expensive and time consuming becauseit either involves ¯eld
campaigns or manual interpretation of high resolution imagery. However, hy-
perspectral data tend to be correlated both spectrally and spatially, and these
two properties can often be exploited to make the classi¯cation problem more
tractable.

In this paper, we propose a feature extraction algorithm that exploits the
the fact that bands that are spectrally \near" each other tend to be highly
correlated, to obtain an e®ective feature extraction technique for hyperspectral
data. In section2 we brie°y describepreviouswork on feature extraction for such
data. The proposedmethod is described in section 3, and experimental results
are presented in section 4.

2 Feature Extraction from Hyp erspectral Data

Hyperspectral sensorssimultaneously acquire information in hundreds of
spectral bands. A hyperspectral image is essentially a three-dimensional array
I (p;q; d), where (p;q) denotes a pixel location in the image, and d denotes a
spectral band (wavelength). The value stored at I (p;q; d) is the response (re-
°ected or emitted energy) from the pixel (p;q) at a wavelength corresponding to
spectral band d. The input spacefor a hyperspectral data (classi¯cation prob-
lem) is an ordered vector of real numbers of length D , the number of spectral
bands,wherein the responseof bands that are spectrally \near" each other tend
to be highly correlated within certain regionsof the spectrum.

Analysis of hundreds of simultaneous channels of data necessitatesthe use
of either feature selection or extraction algorithms prior to classi¯cation. Fea-
ture selectionalgorithms for hyperspectral classi¯cation are costly, while feature
extraction methods based on Karhunen Loeve (KL) transforms, Fisher's dis-
criminant, or Bhattacharya distance cannot be useddirectly in the input space
becausethe covariance matrices required by all theseapproachesare highly un-
reliable, given the ratio of the amount of training data to the number of input
dimensions.The results are alsodi±cult to analyzein terms of the physical char-
acteristics of the individual classesand are not generalizableto other images.

Several authors have proposed approaches for extracting features from re-
motely sensedhyperspectral data[4,5,4,2]. Lee and Landgrebe[6,7] proposed
methods for feature extraction based on decision boundaries for both Bayesian
and neural network basedclassi¯ers. In thesemethods, a classi¯er is ¯rst learned
for a two-classproblem in the input space.A decisionboundary is computed by
moving along the closestsamplesin the two classes,and a vector normal to the
decision boundary is noted. Eigenvectors of the decision boundary feature ma-
trix formed by collection of thesenormal vectorsyield the direction of projection



for the two-classproblem. The C-classproblem is then solved using a (weighted)
sum of the decisionboundary feature matrices.

Jia and Richards proposeda Segmented Principal Components Transforma-
tion (SPCT) that expliots the observation that the original input features - the
bands of the hyperspectral data - that are spectrally closeto one another, tend
to be highly correlated[8,5]. Edgedetection algorithms are usedto transform the
original D individual bands into subsetsof adjacent bandsthat are highly corre-
lated, basedon the estimated population correlation matrix. From each subset,
the most signi¯cant principal components are selectedto yield a feature vector
that is signi¯cantly smaller in dimensionthan D. Although this approach exploits
the highly correlated adjacent bands in hyperspectral data, it doesnot guaran-
tee good discrimination capability becausethe Principal Component Transform
preserves variance in the data rather than maximizing discrimination between
classes.Additionally , the segmentation approach of SPCT is basedon the corre-
lation matrix over all of classes,and thus losesthe often-signi¯cant variabilit y in
the classconditional correlation matrices. Subsequently , Kumar et al. proposed
band combining techniques inspired by Best Basis functions[1]. Adjacent bands
were selectedfor merging (alt. splitting) in a bottom-up (alt. top-down) fashion
using the product of a correlation measureand a Fisher baseddiscrimination
measure[4].Although these two methods utilize the ordering of the bands and
yield excellent discrimination, they are computationally intensive. They also fo-
cus essentially on discrimination rather than interpretabilit y or stabilit y under
changing (atmospheric, time of day. etc.) conditions. The polyline approxima-
tion feature extractor described in the next section can be viewed as another
development of the concept of \Best-Bases", with a di®erent emphasis.

3 The Polyline Feature Extraction (PFE) Technique

The key idea behind PFE is to treat the wavelength ordered bands of hy-
perspectral data asa \time series",with spectral ordering substituting for time.
Dependenciesamongneighboring spectral bandsthus tranlate into temporal cor-
relations, and there is a vast literature on piecewiselinear representations of time
seriesthat onecan now draw on. After examining a large quantit y of hyperspec-
tral data from a variety of landcovers (seeFigure 1, for example), , we felt that
a piecewiselinear description is suitable as it captures the essential discriminat-
ing spectral features in 15-20attributes that are reasonablyinterpretable. This
judgement is validated by the empirical results given later.

There are two main steps in PFE: (i) Determine suitable break-points, i.e.,
locations where the behavior of the signatures changes signi¯cantly , and (ii)
¯nd a good representation of the data in each segment demarcatedby adjacent
break-points.

3.1 Break-P oin t Detection

For the ¯rst step, we investigatedthree alternativ es.The description of these
three alternativ esbelow is taken directly from [18], which also contains further
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Fig. 1. Signatures of the classesin the HYMAP data set.

details about them.
(i) Sliding Window Approach: The Sliding Window approach involvesanchoring
the left point of a potential segment as the ¯rst data point of a time series,
then attempting to approximate the data to the right with increasingly longer
segments. At somepoint i , the error (t ypically measuredasL 1 or least squares)
for the potential segment is greater than the user-speci¯ed threshold, so the
subsequencefrom the anchor to i ¡ 1 is transformed into a segment. The anchor
is moved to location i , and the processrepeats to determine the next segment.
This approach is attractiv e becauseof its great simplicit y, intuitiv eness,and the
fact that it is an online algorithm. Such characteristics have madethis technique
extremely popular for stock market analysis,aswell asin the medical communit y
(where it is known as FAN or SAPA), sincepatient monitoring is inherently an
online task [9,10]. Several variations and optimizations of the basic algorithm



have beenproposedover the years [9]. However, the Sliding Window algorithm
can give pathologically poor results under some circumstances. Shatkay and
Zdonik [11] noticed the problem and gave elegant examplesand explanations.
They consideredthree variants of the basicalgorithm, each designedto be robust
to a certain case,but they also underline the di±cult y of producing a single
variant of the algorithm which is robust to arbitrary data sources.

(ii) Top-Down Approach: Here,every possiblepartitioning of the full data se-
quenceis considered,and the split occurs at the best location. Both subsections
are then tested to determine whether their approximation error is below some
user-speci¯ed threshold. If not, the algorithm recursively continues to split the
subsequencesuntil each of the segments have approximation errors below the
threshold. Variations on the Top-Down algorithm (including the 2-dimensional
case)were independently intro duced in several ¯elds in the early 1970s.Most
researchers in the machine learning/data mining communit y are intro duced to
the algorithm in the classic textb ook by Duda and Hart, which calls it Iter-
ative End-Points Fits [12]. In the data mining communit y, the algorithm has
been used by [13] to support a framework for mining sequencedatabasesat
multiple abstraction levels. Shatkay and Zdonik [11] used it (after considering
alternativ es such as Sliding Windows) to support approximate queries in time
seriesdatabases.Lavrenko et al. [14] used the Top-Down algorithm to support
the concurrent mining of text and time series.They attempted to discover the
in°uence of news stories on ¯nancial markets. Their algorithm contains some
interesting modi¯cations including a novel stopping criteria basedon the t-test.

(iii) The Bottom-Up Approach: This is a natural complement to the Top-
Down approach, and starts with each point belonging to its own segment. Next,
the cost of merging each pair of adjacent segments is calculated, and the algo-
rithm begins to iterativ ely merge the lowest cost pair until a stopping criteria
is met. In data mining, the algorithm has been used extensively by [15{17] to
support a variety of time seriesdata mining tasks.

Polyline Algorithm. Given that the class signatures are computed, the
desired polyline algorithm is o®-line. As a consequence,any of the three ap-
proachesdescribed above can be applied. Preliminary experiments showed that
the sliding window approach yielded relatively poor quality, so this option was
not investigated further. Moreover becausea small number of segments are de-
sired, a top-down approach is advantageousas comparedto bottom-up which is
more computationally expensive aswe start with over 100segments. The chosen
algorithm is:

1. Initialize the set of break points: B = f 1; Dg
2. For each class! 2 ­ :

{ Find the piecewiselinear approximation of the signature for the current
set of break points

{ Find the error E b
! inducedby the approximation for each individual band

b 2 [1; D ]
3. Find the best break point at this level:

b0 = arg max
b2 1::: D

max
! 2 ­

E b
! (1)



4. Update the set of control points: B = B [ b0

5. Return to step 2 if more break points are needed.

In this work, the error E b
! is de¯ned as the distance between the signature

of class! and the best ¯t line (within the segment containing b) normalized by
the standard deviation of class! at the band b.

3.2 Segment Represen tation

Linear representation of a segment is usually done via linear interpolation,
which is simple and automatically aligns the end-points of consecutive segments,
or by linear regression,typically using a least squares¯t, or robust statistics
technques such as trimmed-means [19] if outliers are a problem. For PFE, we
endedup representing each segment S[a : b] by two features:
(i) Midp oint of the segment:

M a;b (x) =
1

b¡ a + 1

bX

i = a

x i (2)

(ii) Slope of the segment:
Sa;b(x) = xb ¡ xa (3)

This representation appears to be a reasonablecompromisebetween linear in-
terpolation and linear regressionin the sensethat it is more sophisticated than
linear interpolation and lesscomputationally demanding than linear regression.
Equally important, we noticed that the slope, which carries shape information,
is often the most important discriminator betweenclassesand shows relatively
lessvariation within the sameclass, i.e., di®erent pixels belonging to the same
land-cover may have somewhatdisplacedspectra but there is not much change
in the slope values.

3.3 Classi¯er Design

The 2N featuresfrom N segments obtained by a PFE can be further reduced
via feature selectionor extraction methods. Moreover, thesefeaturescan be used
by a wide variety of classi¯ers. Note that the suitabilit y of a feature reduction
technique is in generaldependent on the classi¯er to be used in the next stage,
though for speedup,often thesetwo stagesare decoupled.

Sinceinterpretabilit y is a key consideration,we preferred feature selection.A
greedy forward selection approach was found to perform well for hyperspectral
data. Then we need to design a classi¯er that can e®ectively deal with » 10
classes,and » 10features.Our previouswork showedthat the Binary Hierarchical
Classi¯er (BHC) is very suitable for hyperspectral data, outperforming a large
number of alternativ es including maximum-likelihood classi¯ers, multi-la yered
perceptrons,local discriminant bases,and (generalized)support vector machines
[4,20]. Thus this becamea natural choice to be adapted for PFE. We brie°y
describe the BHC below, for details, see[4].



The top down BINAR Y HIERAR CHICAL CLASSIFIER (TD-BHC) frame-
work wasintro ducedin [4] asa way of recursively decomposinga C-classproblem
into C ¡ 1 two-(meta)classproblems. It results in a multi-classi¯er system with
C ¡ 1 classi¯ers arranged as a binary tree. The root classi¯er tries to optimally
partition the original set of classesinto two disjoint meta-classeswhile simulta-
neously determining the Fisher discriminant that separatesthese two subsets.
This procedure is recursed,i.e., the meta-class­ n at node n is partitioned into
two meta-classes,(­ 2n ; ­ 2n +1 ), until the original C classesare obtained at the
leaves[4].Fig. 2 shows an example of a C-classBHC. Note that the partition-
ing of a parent set of classesinto two sets of metaclassesis not arbitrary , but
is obtained through a deterministic annealing processthat encouragessimilar
classesto remain in the samepartition. The tree structure also allows the easier
discriminations to be accomplishedearlier[21].
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Fig. 2. An example of a BINAR Y HIERA CHICAL (multi)-CLASSIFIER for solving a
C-class problem. Each internal node n comprises of a feature extractor, a classi¯er, a
left child 2n, and a right child 2n + 1. Each node n is associated with a meta-class­ n .



Subsequently , a bottom-up version (BU-BHC) was developed based on an
agglomerative clustering algorithm used for recursively merging the two most
similar meta-classesuntil only onemeta-classremains[22].Fisher's discriminant
was again usedas the distance measurefor determining the order in which the
classesare merged.The bottom-up procedureis computationally more expensive
than the top-down version,but sometimesproducesevenbetter results, although
it is locally more greedy.

PFE can be incorporated into the generic BHC framework in two di®erent
ways:

{ Global Preprocessing:PFE is applied over all the classesand provides the
samepartition of the spectrum for all the two (meta)-classsubproblems.

{ Modular Preprocessing:PFE is applied separately to each two (meta)-class
subproblem, so that the decomposition of the spectrum is customized for
each module.

Both alternativ es are examined in the empirical studies presented in the next
section.

4 Exp erimen tal Results

4.1 Boliv ar Peninsula (HYMAP)

Weperformedexperiments usingHYMAP (Hyperspectral Mapper) re°ectance
data acquired in 1999over the Bolivar Peninsula which is located at the mouth
of Galveston Bay in the TexasGulf coast. The HYMAP data are formed of 126
bands with wavelengths ranging from 0.44¹m and 2.48¹m . As recommended
in [23], we eliminated bands 63, 64, 95 and 126 becauseof their low signal-to-
noiseratio. For classi¯cation purposes,11 classeslisted in Table 1 were de¯ned.
The labelled sampleswererandomly partitioned into 50%training and 50 % test
sets.

The signaturesof the twelve classesare depicted in Figure 1.
The labelled sampleswere randomly partitioned into 50% training and 50%

test sets for each of the ten experiments. The classi¯cation results reported in
Table 2 show that PFE results are just below but comparableto the best results
reported so far on this dataset [4]. Also note that the modular preprocessing
givesbetter results than the global preprocessing.

The main advantage of the PFE comesfrom its potential for interpretabilit y.
For simplicit y, the analysis of the domain knowledge is made in the case of
global preprocessing.First we observe that the partitions of the spectrum are
quite stable betweenruns. The most common partition is indicated in Table 3.
Completely adapted to the physionomy of the signatures, this decomposition
seemsvery helpful for the purposeof interpretation. The hierarchy constructed
for the partition of spectrum given in Table 3 is presented in Figure 3 and the
features selectedat each node of this hierarchy are reported in Table 4. One



ID Class Name Num ber of examples
1 Water 1019
2 Low proximal marsh 1127
3 High proximal marsh 910
4 High distal marsh 752
5 Sand Flats 148
6 Agriculture1 (pasture) 3073
7 Trees 222
8 General uplands 704
9 Agriculture2 (bare soil) 1095
10 Transition zone 114
11 Pure Salicornia 214

Table 1. The eleven classesin HYMAP hyperspectral data set.

can notice that features referred as \slop e" are often selectedfor discrimination
between classes,which proves that the shape characteristics of the signatures
are very important for classi¯cation.

BU-BHC TD-BHC
PFE-G 98.11 (0.18) 98.19 (0.48)
PFE-M 98.55 (0.36) 98.35 (0.69)

Table 2. Test set accuraciesand standard deviations on the HYMAP dataset.

4.2 Cap e Cana veral (A VIRIS)

The e±cacy of the proposedfeature extraction algorithm is also shown by
experiments using a 175 band hyperspectral data set acquired by the NASA
AVIRIS spectrometer over Kennedy SpaceCenter in Florida. In this case,we
worked with the radiance data. For classi¯cation purposes,13 landcover types
were identi¯ed and the labelled sampleswere randomly partitioned into 50%
training and 50 % test sets.

The evaluation is carried out analogously to that in Section 4.1. Results in
Table 5 support conclusionssimilar to those indicated by Table 2.

For lack of space,we are omitting details about classdistributions, signatures
and featuresextracted, and simply remark that onceagain, the featuresreferred
as \slop e" are selectedquite often, further underscoringthe importance of such
shape characteristics for classi¯cation.



Midp oint Slope Bands Spectral Range (nm)
1 2 1 - 8 441 - 549
3 4 8 - 16 549 - 671
5 6 16 - 19 671 - 717
7 8 19 - 58 717 - 1177
9 10 58 - 62 1177 - 1346
11 12 62 - 63 1346 - 1429
13 14 63 - 65 1429 - 1456
15 16 65 - 83 1456 - 1691
17 18 83 - 93 1691 - 1966
19 20 93 - 122 1966 - 2462

Table 3. Decomposition of the spectrum obtained on the HYMAP dataset with the
Polyline Algorithm.

Node SelectedFeatures
21 8, 1, 2, 13, 10
20 5, 15, 17
19 6, 1, 7, 8
18 12, 1, 3, 5, 7, 4, 6, 2
17 16, 12
16 14
15 13
14 5, 6, 7, 8
13 5, 18, 8, 9, 12, 14, 2
12 6, 3, 1, 5, 2

Table 4. Selectedfeatures in order of importance at each internal node of the hierarchy
obtained on the HYMAP dataset.

BU-BHC TD-BHC
PFE-G 91.70 (0.76) 91.98 (0.56)
PFE-M 92.16 (0.68) 92.35 (0.98)

Table 5. Test set accuraciesand standard deviations on the AVIRIS dataset.
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Fig. 3. Class hierarchy obtained on the HYMAP dataset: Each leaf node is labelled
with the ID of the class it represents. Each internal node is identi¯ed with a speci¯c
ID.
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5 Concluding Remarks

The PFE technique usedin conjunction with the BHC architecture results in
a formidable and computationally inexpensive combination that not only pro-
vides high accuracy for land-cover classi¯cation based on hyperspectral data,
but also extracts useful domain knowledge. It is already known that the peaks
and valleysare due to the chemistry (absorption or re°ection) of materials. Some
remote sensingexperts have started de¯ning various vegetation indices, focused
on issueslike that fact that green plants re°ect in the near IR and absorb in
the red, so ratios and di®erencesare used.The PFE method can be usedin ex-
ploratory mode, particularly with complex materials, to de¯ne indices. We plan
to pursue the design of soft sensorsthat can reduce data on-board, by simply
aggregatingthe spectral responseswithin each segment of bands.We would also
like to further study the sensitivity of the resulting features to changing atmo-
spheric conditions, and are currently gathering data for the same.We suspect
that PFE basedfeatures will indeed be quite insensitive, and if so, this will be
the most compelling reason yet for adopting the PFE methodology to a wide
range of settings for intelligent analysis of remote sensingdata.
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