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Abstra ct . This article presents a simple version of In tegrated Sensing and
Pro cessing(ISP) for statistical pattern recognition wherein the sensormea-
surements to be tak en are adaptiv ely selectedbasedon task-speci�c metrics.
Th us the measurement space in which the pattern recognition task is ul-
timately addressed integrates adaptiv e sensor technology with the speci�c
task for which the sensor is employed. This end-to-end optimization of sen-
sor/pro cessor/exploitation subsystems is a theme of the DARP A Defense
Sciences O�ce Applied and Computational Mathematics Program's ISP
program. We illustrate the idea with a pedagogical example and applica-
tion to the HyMap hyperspectral sensor and the Tufts Univ ersity \arti�cial
nose" chemical sensor.

1. In tro duction

An important activit y, commonto many �elds of endeavor, is the act of re�n-
ing high order information (detectionsof events, classi�cation of objects, identi�-
cation of activities, etc.) from large volumesof diversedata which is increasingly
available through modern meansof measurement, communication, and process-
ing. This exploitation function winnows the available data concerningan object
or situation in order to extract useful and actionable information, quite often
through the application of techniques from statistical pattern recognition to the
data. This may involve activities like detection, identi�cation, and classi�cation
which are applied to the raw measureddata, or possibly to partially processed
information derived from it.

When new data are sought in order to obtain information about a speci�c
situation, it is now increasingly common to have many di�eren t measurement
degreesof freedom potentially available for the task. Someappreciation of the
dimensionality of available data can be obtained by considering measurements
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from one sensor,the hyperspectral camera, which is gaining broad application
in �elds ranging from geologicalremote sensingto military target identi�cation.
This sensorproducesan output comprised of hundreds of megapixel imagesof
a scene,each image corresponding to the appearanceof that scenein light from
a narrow band of frequencies. Taken together, these images present a �nely
resolved spectrum for each pixel in the scene.The data setsare often presented
as cubes and can have on the order of a billion voxels per scene. Of coursefor
real scenes,the billions of degreesof freedom exhibit correlations; nevertheless,
the raw data is presented in an overwhelmingly high dimensional space.

This situation is magni�ed when one considersthe diversity of sophisticated
sensingmechanisms which might be applied to a given task. For example, re-
mote sensingof terrain may be performed with natural light cameras,infrared
cameras,hyperspectral imagers, fully polarimetric imaging radar, or combina-
tions of all of these. This gives us many di�eren t views of the scene,but also
presents a challenging requirement for e�ectiv e processingand exploitation al-
gorithms enabling reliable and a�ordable extraction of information from the
high-dimensional spacesof senseddata.

In many situations, constraints on the available time, bandwidth, human and
machine resources,and on the prior relevant experienceall signi�cantly limit the
abilit y to deal intelligently with the many potential sensingdegreesof freedom.
This is particularly the case in time-critical applications. In fact, one often
�nds that not all of the available sensordegreesof freedom are equally useful
in a given situation, suggestingthe need for a reasonedapproach for choosing
those particular measurement types to be made and/or communicated and/or
processed.

In this paper we show that it is sometimespossible to identify a particu-
larly informativ e subspaceof the spaceof all possiblesensormeasurements when
it comesto the application of exploitation tasks on the senseddata. We will
present examplesin which performanceis enhancedsigni�cantly by �nding and
working in the corresponding reduced-dimensionality subspaceof senseddata.
Even more, we will demonstrate in several casesthat the determination of this
particularly informativ e subspacethen suggeststhe selection of a further sub-
spaceof measurements to improve exploitation performanceyet further. This is
somewhat analogousto the game of \20 questions," in which we progressively
re�ne the scope and speci�cit y of our questionsbasedon partial understanding
derived from previous attempts to narrow down the possibilities.

This processof focusingand targeting measurements is in fact often realizable
in practice, due in part to signi�cant engineering advancesmade in adaptive
\smart" sensor technology. Current and projected capabilities for modifying
the way certain important sensorslook at the world motivate the development
of mathematical methodology for guiding the adaptive selection of the types
measurements made by an adaptive sensor/processorsubsystemwith an eye to
enhancing and simplifying the exploitation of the resulting data. We present
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examplesin which the way a sensorviews a scenedeterminesthe abstract space
in which the exploitation is ultimately addressed. In these cases,a judicious
choice of sensorviewpoint improvesexploitation performancedramatically.

E�ectiv e realization of the next generationof sensor/exploitation systemswill
require balancedintegration and joint optimization of adaptive sensorfront end
functions with the pattern recognition tasks applied to sensor measurements
in the system's back end. Development of methodologies for end-to-end joint
optimization of sensor/processor/exploitation subsystemswith respect to task-
speci�c metrics, is a key theme of the DARPA Applied and Computational
Mathematics Program's \In tegrated Sensingand Processing"(ISP) e�ort. Var-
ious aspects of this program are currently being pursued by several groups of
researchers in academia,industry, and government. Preliminary results suggest
that certain applications in target detection and identi�cation may derive signif-
icant performanceenhancements by applying this concept to take full advantage
of adaptive sensortechnology.

In this paper, we illustrate one aspect of the ISP idea, in which the ex-
ploitation subsystem is concernedwith supervised statistical pattern recogni-
tion (classi�cation) and the observations take their value in a spacewith some
linear ordering properties, such as multiv ariate time series. We illustrate the
idea with a pedagogicalexample and application to the HyMap hyperspectral
sensor(in which casethe functional domain is spectral rather than temporal)
and the Tufts University \arti�cial nose" chemical sensor. Other applications
include geneexpressionanalysisvia DNA microarrays collectedat multiple time
instances,functional brain imaging collected at multiple time instances,etc.

2. Statistical Pattern Recognition

Pattern recognition starts with observations and returns class labels. Sta-
tistical pattern recognition addressesthe problem in a probabilistic framework
and applies to it statistical methods. Here we provide a brief description of the
basic set up of statistical pattern recognition. For additional details, see,e.g.,
Fukunaga (1990), Devroye et al. (1996), Duda et al. (2000), Hastie et al. (2001),
and referencestherein.

Let the pair (X ; Y ) be distributed according to probabilit y distribution F ;
(X ; Y ) � F . Intuitiv ely, X represents measurements madeon somephenomenon
of interest and Y indicates higher order information about that phenomenon,
such as its membership in one of several disjoint classes.

More formally, the feature vector X is a �-v alued random variable. Usually
� = Rd or somesubset thereof. More generally, � may allow for more elabo-
rate data structures such as multiv ariate time series,images,categorical data,
dissimilarit y data, etc. We will considercasesin which feature observations are
multiv ariate time seriesand spectral responses.For categoricaldata � is simply
a set (unordered). In someapplications, � may consist of mixed data | some
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categorical, somecontinuous and sometime series. For example, in a medical
application one might have sex (categorical), temperature (continuous), and an
EKG (time series).

The class label Y is a f 1; : : : ; J g-valued random variable, with J > 1 usually
�nite. The label Y indicates the classto which the associated feature vector X
belongs.The prior probabilities of classmembershiparegivenby � j := P[Y = j ].
We denote by Fj the class-conditional distributions of X jY = j .

We partition statistical pattern recognition into two main categories: super-
vised and unsupervised. The distinguishing feature betweenthesetwo categories
is that for supervisedpattern recognition training data exist for which the class
labels Y are observed, while this is not the casein the unsupervised case. We
refer to the supervised caseas classi�cation and the unsupervised caseas clus-
tering.

2.1. Classi�cation. In the supervised case,training data are available. The
training data set is given by Dn := f (X 1; Y1); : : : ; (X n ; Yn )g0. That is, we have
available observations for which the true categorization is known. The goal is to
develop a classi�er g which will take an unlabelled feature vector X , with true
but unobserved class label Y , and estimate its class label by bY = g(X ). We
hope that bY = Y with high probabilit y. Obviously, g should use the available
training data and will have functional dependenceon the particular observed
training data set as well as on the measuredfeatures we are trying to classify;
thus

g : � � (� � f 1; : : : ; J g)n ! f 1; : : : ; J g:

The useof training data to build the classi�er is referred to as training.
In order for statistical pattern recognition methodologiesto have any guaran-

tee of success,we must assumethat the training data are representative. Usu-

ally this meansthat (X i ; Yi )
iid� F . Alternativ ely, writing I f Eg as the indicator

function for event E , the class-conditional sample sizes given by N j (Dn ) :=P n
i =1 I f Yi = j g may be designvariables rather than random variables, in which

casethe conditional random variables X i jYi = j are independent and identically
distributed (iid) according to the class-conditional distributions F j . In the for-
mer casethe class-conditionalsamplesizesN j (Dn ) yield consistent estimatesof
the priors | b� j (Dn ) := N j (Dn )=n ! � j almost surely as n ! 1 . In the latter
casea priori knowledgeof the prior probabilities must be assumed.

Given a training data set Dn , the probability of misclassi�cation for classi�er
g is given by

L(gjDn ) := P[g(X ; Dn ) 6= Y jDn ]:

The Bayes optimal probability of misclassi�cation is given by

L ? = min
g:� !f 1;::: ;J g

P[g(X ) 6= Y ];
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notice that for the purposesof de�ning this bound, we considerclassi�ers which
are not constrained by a particular training set. A Bayes rule is any map g?

with L(g?) = L ?. The Bayes rule can be obtained from the class-conditional
distributions Fj and the prior probabilities � j as

g?(x) = argmax
j

� j dFj (x):

Notice that g? depends on the distribution of (X ; Y ), but not on the training
data set.

The goal of classi�cation, then, is to devisea methodology for taking training
data Dn and constructing a classi�er g such that L (gjD n ) is as close to L ? as
possible. In particular, we desire consistency: L (g; Dn ) ! L ? as n ! 1 (in
probabilit y or with probabilit y one).

2.2. The curse of dimensionalit y. A common misconception in statistical
pattern recognition is that \more is better". It is intuitiv ely obvious| and
wrong| that if ten features per observation are good then a hundred features
are even better. This is a result of one manifestation of the so-calledcurse of
dimensionality (Bellman (1961), Scott (1992)).

The cursehas several manifestations. Silverman (1986) considersprobabilit y
density function estimation, and provides a table for the number of observations
neededto obtain a point estimate with a given accuracy as the dimension in-
creases.The estimator consideredis a nonparametric one, the kernel estimator.
It is shown that the number of observations required grows from 4 for univariate
data to over 800,000for ten-dimensional data. Thus, to achieve a given accu-
racy for a kernel estimator at a singlepoint, the required number of observations
grows exponentially in the dimension.

Another consequenceof the curse of dimensionality is discussedin Scott
(1992), where he points out statistical rami�cations of the fact that the vol-
ume of a cube in high dimensionsresidesprimarily in the corners, the volume
of a sphereresidesmostly near the boundary. This is shown by comparing the
volume of a spherewith radius r to that of an interior sphereof radius r � " ,
and noting that for arbitrarily small " > 0 the appropriate ratio of volumesgoes
to 0 as dimensionality goes to in�nit y, indicating that essentially none of the
volume residesin the interior sphere. That is, \high-dimensional spaceis mostly
empty", which in turn suggeststhat required samplesize for �xed performance
grows (rapidly) with dimension. (Seealso Silverman (1986), Table 4.2.)

Jain et al. (2000) discussesanother aspect of the curse, �rst described by
Trunk (1979). It is shown that in the simple caseof two d-dimensional multi-
variate normals with equal (known) identit y covariances,known priors � j = 1=2,
and means

� j = (� 1)j
h
1;

1
p

2
;

1
p

3
; : : : ;

1
p

d
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for classesj = 1; 2, the probabilit y of error for the linear classi�er | the classi�er
which labelsan observation asbelongingto the classassociated with the nearest
of the two class-conditional sample means| goes to 0 as d ! 1 if the means
are known, but this probabilit y of error convergesto 1

2 if the means must be
estimated from any training sampleof (arbitrarily large but) �xed size. In other
words, adding variates that each decreasethe Bayeserror can actually increase
the classi�cation error when estimatesmust be usedrather than the (unknown)
truth.

2.3. Classi�ers. Assume for simplicit y that the class-conditional probabil-
it y density functions f j exist. Then any density estimator bf j yields a plug-in
classi�cation rule:

bg(x) = argmax
j

b� j (Dn ) bf j (x; Dn ):

For iid training data the classconditional sample sizes,b� j ; are consistent esti-
mators for the priors; if in addition a density estimator is employed for which
bf j ! f j in L 1 or L 2 a.s., for instance, then L(bgjD n ) ! L ? a.s.

Density estimation comesin two basic 
a vors, parametric and nonparamet-
ric. (We categorize \semiparametric" with nonparametric for the purposesof
this discussion.) Parametric density estimation assumesthat a parameterized
functional form for the class-conditionaldensitiesf j is known and focuseson es-
timating the (few) unknown parameters. Nonparametric methods, on the other
hand, make no such parametric assumption. Parametric density estimation is
an easier problem| rates of convergenceare faster, for example| due to the
fact that the target is �nite dimensional. Of course,if the assumedparametric
form is not correct, a parametric approach will not in general yield consistent
classi�cation. Nonparametric methods provide a more generalguarantee of con-
sistency, at a price of reduced e�ciency if indeed a simple parametric form is
appropriate. Classicalexamplesof thesetwo categories,which allow for a fruitful
\compare and contrast" exercise,are given by �nite mixture models(McLachlan
and Krishnan (1997)) versuskernel estimators (Silverman (1986)).

Density estimation is, however, quite expensive in high dimensions(curseof di-
mensionality). Thus, for multiv ariate feature vectors in particular, there is much
interest in developing applicable classi�cation methodologieswhich somehow re-
ducethis cost. One approach involvespreprocessingto yield reduceddimension-
alit y without seriously degrading classi�cation performance. Thus, one might
choosea projection P : � ! Rd0

, where d0 = 1 or 2, say, and considerclassi�ca-
tion, as above, using [(P(X 1); Y1); : : : ; (P(X n ); Yn )]0 as the transformed training
data. See,for instance, principal component analysis, independent component
analysis, linear discriminant analysis, and projection pursuit. These techniques
can be found in standard multiv ariate statistics texts such asSeber (1984), Mar-
dia et al. (1995), Johnsonand Wichern (1998), and in pattern recognition texts
such as Fukunaga (1990), Duda et al. (2000), and Hastie et al. (2001).
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Consideration of the maxim \classi�cation is easierthan density estimation"
suggeststhat instead of trying to estimate the probabilit y densities, one might
chooseto estimate the decisionregion directly. This, too, can be done paramet-
rically or nonparametrically.

The simplest decisionregion is a linear one,and several methods involveeither
estimating the best linear separator of the data or extending to piecewiselinear
discriminators. Seefor exampleSklansky and Wassel(1979).

A popular nonparametric method is the nearest neighbor classi�er (and its
extension, the k-nearest neighbor classi�er). The idea is simple, yet powerful:
choosethe categoryassociated with the nearestelement of the training set. Given
a training set Dn = f (X 1; Y1); : : : ; (X n ; Yn )g0, the nearestneighbor classi�er gnn

is de�ned to be
gnn (x; Dn ) = Yarg min

i
f � (x;X i )g;

where � : � � � ! [0; 1 ) is a distance function. This classi�er has beenstudied
widely | \simple rules survive!" and is a standard against which new classi�ers
are often tested.

It is well known that the nearestneighbor rule has asymptotic error bounded
above by 2L ?. This means that if the classesare strictly separable, so that
L ? = 0, then the nearestneighbor classi�er is consistent.

The k-nearest neighbor classi�er is an obvious extension. Rather than con-
sidering only the nearest observation, consider the k nearest elements of the
training set. A simple vote is taken amongst the classes. (More complicated
voting schemeshave beeninvestigated.)

Denoting the k-nearest neighbor classi�er by gk , the following theorem of
Stone (1977) establishesthe universal consistencyof this classi�er.

Theorem. Given iid training data Dn , if k ! 1 and k=n ! 0 then

EL(gk ; Dn ) ! L ?

for all distributions .

Many other classi�ers have been, and continue to be, developed. We argue,
however, that for high-dimensional problems the choice of classi�ers is not the
most pressing problem. Rather, dimensionality reduction is the fundamental
determining aspect of classi�cation performancein high dimensions.

2.4. Misclassi�cation rate estimation. In order to assesshow good a classi-
�er is, or to compareclassi�ers, we would like to know the misclassi�cation rate
(probabilit y of misclassi�cation) L . Unfortunately , knowing the exact value of L
requires knowledgeof the (unknown) class-conditionaldistributions. Therefore,
an important issuein pattern recognition is the estimation of the misclassi�cation
rate.

One method for misclassi�cation rate estimation is called the training/test set
method: one selectsa training set from which to build the classi�er, and holds
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out an independent test set (for which the class labels are also known) upon
which to evaluate the classi�er. This unbiasedholdout estimate of classi�cation
performanceis denoted bL m

n wheren observations are usedin training and m ob-
servations are usedin testing. Analysis is easy: m bL m

n is the sum of independent
Bernoulli random variables, and hencefollows a Binomial( m; L (gjD n )) distribu-
tion. A problem with this approach is that it requiresthe collection of additional
labelled data beyond that which is used to build the classi�er. Labelled data
can be expensive, and one might want to use all the available labelled data for
training, under the assumption that this will yield a better classi�er.

The method in which one usesall the labelled data to build the classi�er and
then usesthe same data to test the classi�er is called resubstitution, denoted
bL (R ) . The resubstitution error rate can sometimesbe useful in the analysis of
classi�ers, but obviously yields a biased(optimistic) estimate of the error.

An improvement on the resubstitution method, with someof the 
a vor of the
training/test method, is leave m-out cross-validation, denoted bL (m )

n . In this, m
observations are withheld from a training set of sizen and are subsequently used
to test the resultant classi�er. This is repeated with the next m observations,
until all observations have beenin a test set (each observation is usedin only one
test set). If m = 1, this is simply referred to ascross-validation. For a discussion
of the relative merits of various methods for estimating misclassi�cation rate, see
Devroye et al. (1996) or Ripley (1996).

2.5. Clustering. In the unsupervised case,we have available to us feature
vectorsXn := f X 1; : : : ; X n g0, with no classlabelsavailable. The goal is to cluster
these data in such a way as to provide clusters Ck � Xn , k = 1; : : : ; K which
correspond to some(interesting? useful?) unobserved classlabels. Clustering is
obviously a more di�cult problem than classi�cation. However, clustering is a
likely candidate for the exploitation subsystemin someISP applications.

Clustering can be viewed as the discovery of latent classeswithin the data.
The clusterscorrespond to classesthat werenot identi�ed by the collector of the
data. Thesecan represent, for example,di�eren t variants of a diseasein a medi-
cal application, previously unidenti�ed subspeciesin a biological application, or
di�eren t typesof vehicle in an image processingapplication.

Unlik e classi�cation, clustering per se is not well posed. Before proceeding,
one must de�ne (implicitly or explicitly) a de�nition of cluster. Di�eren t def-
initions lead to di�eren t clusterings, and without a priori information, there
is little reason to select one clustering over another. Thus, clustering depends
fundamentally on the underlying cluster model.

A further distinction is that clustering requiresa determination of the number
of clusters. This can be done a priori , but usually it is done interactively, either
through presentation of potential classesto the user, or through some testing
procedureon the model. Thus, clustering combines all of the hard questionsin
statistics: model selection,model building and model assessment.
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3. In tegrated Sensing and Pro cessing

The smooth functioning of industry, the government, and even our individ-
ual day-to-day activities increasingly relies on a broad spectrum of sensingsys-
tems keeping a vigilant eye (ears, nose,etc.) on myriad complex environments
and tasks. We are becoming accustomedto the bene�ts of sophisticated sens-
ing/exploitation systems,ranging from the CT scannersand magnetic resonance
imagersthat our doctors may in
ict upon us, all the way to the suite of radars,
thermal imagers,accelerometers,gps, and chemical sensorswhich somemodern
cars carry. (Progress.) Moreover, vast quantities of sophisticated sensordata
is readily obtained for perusal in the comfort of one's home: large quantities of
imagery from webcams, surveillance cameras,hyperspectral sensors,synthetic
aperture radars (SAR), and X-ray astronomical data, to name only a few types,
can all be quickly accessedon the internet.

The growing complexity and volume of digitized sensormeasurements, the
requirements for their sophisticatedreal time exploitation, the limitations of hu-
man attention, and increasingreliance on automated adaptive systemsall drive
a trend towards heavily automated computational processingof the 
o od of raw
sensordata in order to re�ne out essential information and permit e�ectiv e ex-
ploitation. Complex computational taskslike imageformation and enhancement,
feature extraction, target detection, classi�cation, intelligent compression,index-
ing, and operator cueing contribute substantially to the successfuloperation of
the ubiquitous sensingsystemsessential for our modern technological society.

A genericsensorsystem may be viewed as a machine for converting informa-
tion about an object or situation through various representations. The infor-
mation is initially carried in physical �elds (for example, light waves entering
a camera lens), transduced into a digital representation (such as the pixels of
a grayscale image), which may be computationally manipulated (contrast en-
hanced for example), and, in many cases,converted to concentrated symbolic
information (such as the identi�cation of a particular personstanding beforethe
camera). A cartoon model of the generic sensorsystem is depicted in Figure 1
with the feedforward 
o w of information from stage to stage indicated by the
horizontal arrows. Each subsystemin the �gure performs its speci�c transforma-
tion of information in its turn, from physical �elds to digital representation in the
physical layer, with digital manipulations and enhancements in pre-processing,
and �nally exploitation to extract high level content. Digital processinggenerally
beginson a pixel array \thro wn over the fence" from the physical layer. There
is generally little direct feedback from the processinglayers to the physical layer
that would enablea rapid adaptation of that subsystem'sbehavior on the basis
of discoveries or requirements of processinglayers. In consequence,the physi-
cal layer typically measuresa rather �xed representation of the physical �elds,
and the digital processorendeavors to extract useful information out of this by
computational processing.
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Over the last 40 yearsthe needfor for e�ectiv e computational processingand
exploitation of digitized sensordata has been met by advancesin algorithms
from Digital Signal Processing(DSP) and statistical pattern recognition. These
advanceshave combined the power of applied mathematics with the growing
precision, stabilit y, throughput, and easyavailabilit y of digital processorsin an
attempt to meet the growing challengesposed by modern applications. One
big impact of these advanceson sensorsystemsis the decoupling into the sub-
systemsdescribed previously: physical sensorlayer, digital processorlayer, dig-
ital/sym bolic exploitation layer. This represents a signi�cant transformation
of sensor/exploitation systemsfrom those of previous times, when exploitation
taskswerenot automated, and only rudimentary signalprocessingwasperformed
directly on sensormeasurements in the analog domain. Within the current di-
vision of labor, analog manipulation is limited to the �rst stagesof the physical
sensing,whereasrecent computational mathematical developments in DSP and
pattern recognition naturally concernthe digital processingand exploitation lay-
ers almost exclusively.

Recent DARPA sponsoredreviewsof trends in sensorsystemshave suggested
that the growth of computational complexity in sensor systems networks is
quickly becoming a hard limit to scale-up through the concomitant growth of
costsof hardware and software, power consumption, and specialization. As sen-
sor data volume and dimensionality grows, computational loads appear to be
outstripping the steady Moore's law growth of processorpower and the sporadic
algorithmic breakthroughs in throughput. One responseto this is DARPA's In-
tegrated Sensingand Processing(ISP) program, which attempts to meet this
challengeby leveraging mathematical advancesacrossall components of a sens-
ing system. ISP seeksexamplesof sensingsystemsfor which it is possibleand
advantageous to jointly optimize traditionally the decoupled subsystemsof a
sensorsystem. This contrasts sharply with standard approacheswhich indepen-
dently optimize subsystemssuch as the physical layer (sensor head), and the
various computational processinglayers.

ISP begins with the observation that the main impact of mathematical de-
velopments for sensorsystems in recent times has been in the processingand
exploitation layers, where the abilit y to computationally adapt mathematical
representations and transformations of digital data in real time enable the dis-
covery and exploitation of structure hidden in raw sensoroutput. Similar but
largely untapped opportunities now exist in a current generation of digitally
controllable sensorheads for a broad spectrum of phenomena,suggestingnew
capability to adaptively sensefeatures more informativ e than pixels.

To realizethis capability will require e�ectiv emathematical optimizations and
control strategieswhich intelligently integrate currently disjoint tasks of sensing
and computation. This promisesimmediate bene�t of \load balancing" between
sensorhead and processing,with lower signal processingburden while greatly
improving the quality and information concentration of the measurements. Car-
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rying on with this idea, ISP contemplates \back end" functions such asclassi�er
algorithms playing an active role in dynamic control of their sensorinputs; in
e�ect playing a mathematically optimal gameof \20 questions" through tailored
sensorqueriessuited to the task at hand and what is known or suspected up to
the present time. In the new picture of a sensorsystem, the components have
overlapping functionalit y and communicate data and control in an all-to-all load
balancednetwork.

In this paper, we demonstrate several simple \pro of-of-concept" examplesof
ISP, in which the exploitation subsystemfeedsback to the sensorinformation
on what next to sense,basedon the determination of the exploitation (classi�er)
on the current data. Thus, basedon preliminary classi�cation of what has been
observed, the sensorchangeswhat it is collecting and how it is processingthe
observations. Again we refer to the cartoon presented in Figure 1. Traditionally ,
a sensorcollects measurements which are processedin somemanner and fed to
a classi�er. The classi�er renders its decision and some action is taken based
on this decision. This traditional 
o w is indicated by the horizontal arrows.
In adaptive sensorsa sensor-preprocessorfeedback loop may be present. In
the full ISP scenario, the classi�er also modi�es the set of measurements to be
sensedbasedon exploitation-level feedback. Thus, basedon analysisdone in the
di�eren t subsystems,sensoradjustments are fed back to the sensorto improve
the overall performance of the system without adversely impacting the overall
throughput.

Sensor Preprocessor Exploitation

Figure 1. Integrated Sensingand Processing(ISP). The initial sensor measure-
ments are processedin the preprocessor. This may indicate adjustments to the
sensor (top arrow) | for example,to improve signal to noise ratio. Preliminary
classi�cation results at the exploitation stage suggestchangesto the sensing,
which information is also fed back to the sensor (bottom arrow).

One analogy for the ISP is a human doctor, viewed as an adaptive sen-
sor/exploitation system. The doctor collects preliminary information, tempera-
ture, blood pressure,etc. Then, basedon these measurements and external in-
formation (for example, information about the outbreak of a plague), the doctor
selectsnew measurements to collect in order to improve or con�rm the prelim-
inary diagnosis. This can be viewed as adjusting the sensorto collect di�eren t
or more preciseinformation, basedon a preliminary classi�cation from the ex-
ploitation subsystem.Similarly, a hyperspectral sensormight adjust the spectral
range of the sensorbasedon preliminary indications from the classi�er of the
potential classof the observed object.
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�

Figure 2. Illustration of a hyperspectral data cube. The cube consistsof spatial
images(bands) taken at di�erent wavelengths� .

The ISP approach will be illustrated in the following sections with a ped-
agogical example and two experimental applications. These illustrations will
demonstrate that for somesimple but perhaps realistic situations the ISP idea
of utilizing information obtained in the classi�cation subsystemto drive sensor
parameterscan improve the overall performance.

4. Exp erimen t: Hyp ersp ectral Data Cub e

For this experiment we have obtained from Naval SpaceCommand a HyMap
hyperspectral data set| imagery of the airport at Dahlgren, Virginia (Figure
2). The data consist of 126 images,each one representing the appearanceof the
scenein light which lies in a narrow spectral band. These bands are obtained
throughout the visible, near infrared, and short wave infrared range. Equiva-
lently , we can think of the data as a collection of spectra indexed by the spatial
locations in the scene.Spectral imagery data of this sort can provide information
about the spatial structure and chemical makeup of the objects within the scene
of regard, and is being exploited for problems of detection and identi�cation in
a diversity of settings, ranging from biomedicine to defense.

Hyperspectral data givesvery �ne spectral resolution, but this is not always
an advantage. Obviously hyperspectral data is very high-dimensional compared
to multisp ectral imagery, which is similar in conceptbut comprisedfewer, coarser
spectral bands. One must be concernedwith the curseof dimensionality in the
statistical pattern recognition tasks applied to hyperspectral data. Moreover,
the large data sets produced by hyperspectral imagers can also lead to signi�-
cant computational and communication challenges,particularly for time-critical
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applications. Furthermore, the narrow spectral rangeof the hyperspectral bands
meanthat onemust collect light for sometime beforeobtaining enoughphotons
in a given band to produce an image with reasonablesignal-to-noise ratio. A
multisp ectral sensorwith fewer bandswould o�er coarserspectral resolution but
could o�er better time resolution, lower dimensional data, and lessoverall data
burden than a hyperspectral sensor.A multisp ectral sensorwith tunable bands
could potentially o�er someof the bene�ts of both worlds.

To explore this possibility, we used the more than 100 bands of the HyMap
hyperspectral data setasthe basisfor simulation of a two-bandISP sensorsystem
in which the two are chosenadaptively. For the purposesof this experiment, 6
bandswith high noisewereremoved and 120bandsare usedto give an indication
of the distribution of photons over wavelength. The coarsebands of the ISP
sensorare each the result of a Gaussian�lter applied to the 120 band HyMap
spectrum. That is, for each spatial location, a weighted sum of the the spectral
intensities multiplied by the amplitude of a Gaussianwith mean� � and standard
deviation � � is returned. Thus the sensorhas four adjustable parameters: the
spectral meansand standard deviations of the Gaussian�lters.

Pixels were selectedfrom the image and classedas corresponding to one of 7
classes,usingground truth basedon a visit to the site. The 7 classesare: runway,
pine, oak, grass,water, brush, swamp. A training set of 700 observations (100
from each class, selected randomly) was chosen, and the remaining (14,048)
observations were designateda test set.

The experiment simulates an adaptable sensorwhich operatesas follows. Ini-
tially the sensorcollects information about the scenein two pre-speci�ed bands
(the factory setting), simulated by applying the two Gaussianwindows to the
HyMap data with �xed initial �lter parameter settings. A classi�er examines
the two band data for each pixel and indicates its coarseclassi�cation in the
form of the most likely (at most three) classesto which it may belong. Given
the classesthat this �rst classi�er identi�es as contenders, the sensoradjusts its
�lter parametersto collect new two band data optimized for the task of re�ning
the initial classi�cation by discriminating among the short list of candidatesse-
lected in round one. SeeFigure 3. Thus, the overall sensingand classi�cation
takesplace in multiple stageswith feedback to the sensorto improve the results.
The classi�ers must be trained and optimized; therefore for all stages,the train-
ing data has been split into two equal subsets,with one set used in classi�er
construction and the other used to estimate the performance of the classi�er.
More precisely:

Stage 1. We employ a 7-nearestneighbor classi�er as the initial coarse-grained
classi�er. For each observation presented to it, the labels of the top three most
likely classes(of the seven de�ned above) are returned. The �lter parameters
de�ning the two bandsof the sensorare selectedsoas to maximize the empirical
probabilit y that this classi�er places the correct class amongst the top three.
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Theseparameters,along with the 7-nearestneighbor classi�er de�ned by the full
training set, constitutes the initial sensor/classi�cation system. This providesthe
\factory setting" of the system.

Stage2. For each of the
� 7

3

�
\sup erclasses"(combinations of 3 candidate classes),

�lter parametersare selectedwhich optimize the classi�cation of an observation
drawn from this superclass,narrowing down its classi�cation to just oneof these3
candidates. That is, weoptimize to maximize the probabilit y that an observation
is assignedto the correct classgiven the data available for the 3 class\sup erclass"
identi�ed for that observation in stage 1. The classi�er applied to the sensor
features tuned to a given superclassis a 1-nearestneighbor classi�er basedon
the training data restricted to the 3 candidate classesof that superclass.

Again, performanceis evaluated using the split training set, not the indepen-
dent test set. The �lter parametersselectedfor each combination of classeswill
be usedto tune the sensorfor the best possiblediscrimination when initial clas-
si�cation of a test observation indicates that particular combination of classes
constitutes the candidate set.

Stage 3. The overall classi�er is tested as follows. For each observation in
the test set, the initial \factory setting" �lter parametersare usedto obtain the
initial two sensorfeatures. The 7-nearestneighbor classi�er is evaluated on these
initial features. Generally this will return the three leading candidate classesfor
the observation. In the event that all 7 nearestneighbors are labelled with the
sameclass,unanimit y is viewed as decisive and the test observation is classi�ed
accordingly without further ado. Otherwise, the �lter parameters appropriate
to the candidate set of classesare used to adapt the sensorand produce a new
feature vector. This new feature vector is passedto the appropriate nearest
neighbor classi�er, which renders its decision.

The results of this experiment indicate that this optimization which includes
feedback from the exploitation subsystemcan yield signi�cant performanceim-
provement. The initial classi�er places the true class of the test observation
into the top three classes94.15%of the time. This placesa lower bound on the
possibleperformance of the overall system at bL LB = 0:0585. Using a nearest
neighbor classi�er on these features producesan error of bL nn = 0:1844. (If in-
stead of optimizing the parameters for the top-3 classi�er we optimize for the
nearestneighbor classi�er we obtain an error of bL optnn = 0:165.) Our two-stage
classi�er, which adjusts the sensorbasedon a preliminary classi�cation as sug-
gestedby the \feedback loop" in Figure 1, has an error of bL isp = 0:101. Thus
this experiment demonstratesa signi�cant improvement due to altering sensor
parametersbasedon classi�cation-speci�c feedback. Notice that we are simulat-
ing the e�ect of the Gaussian�lter feature extraction; if implemented in a sensor
system,we would expect the classi�cation performanceto be even better due to
integration gains inherent in observing the spectral featuresdirectly.
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Figure 3. Illustration of the hyperspectral experiment. First, the sensor collects
the default bands(1) and a classi�er determinesthe top three classesmost likely
to contain the true class(2). This determinesthe new bandsto sense(3), which
is fed back to the sensor (4). The sensor collects the appropriate bands, which
are passedto the ultimate classi�er (5).

5. Pedagogical Example: Multiv ariate Time Series

As a pedagogical example of ISP, consider a case in which each observa-
tion consistsof a multiv ariate time series(this sort of data is rather common).
For each entit y under investigation, the sensor is capable of observing any of
d > 1 time series(\bands") on a time interval [0; T] at a maximum resolution
rmax | that is, at equally-spacedtimes t1 = T=rmax ; t2 = 2T=rmax ; : : : ; t r max =
rmax T=rmax = T. However, sensorand/or channel constraints dictate a max-
imum throughput for each observation of � < d � r max . This is a reasonable
simpli�ed model of constraints which might imposedon a real systemsby lim-
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itations of sensorpower, available communications bandwidth, computational
power, etc.

We want to perform feature selection basedon exploitation-level considera-
tions, but the exploitation subsystem cannot have accessto all potential fea-
tures simultaneously. We assumethat the sensor/processorsubsystem is ca-
pable of adapting to subsampleeach band at a band-speci�c resolution r b <
rmax (with b 2 f 1; : : : ; dg) | that is, at equally-spacedtimes t1 = T=rb; t2 =
2T=rb; : : : ; t r b = T. (The direct subsampling consideredhere is done without
any �ltering of the continuous time input, and may intro duce aliasing; we shall
seethat ISP improvement is nonethelesspossible.)

Given a training sample Dn of entities with known class labels (class-con-
ditional training samplesizesn j for j 2 f 1; : : : ; J g with

P J
j =1 nj = n) the goal

is to optimize, basedon classi�cation performance,over the collection of band-
speci�c resolutions. That is, we seek

~r � := arg min
~r 2R �

L~r (gjDn )

whereL~r (gjDn ) denotesthe probabilit y of misclassi�cation for classi�er g trained
on training sampleDn which hasbeensubsampledin accordancewith resolutions
~r and, for c > 0,

R c :=

�
~r = [r 1; : : : ; r d]0 2 [0; r max ]d :

dX

b=1

rb � c

�
:

Thus R � is the collection of band-speci�c resolutions satisfying the throughput
constraint � .

However, since the exploitation subsystemnever seesall the dimensionssi-
multaneously, this optimization must be performed iterativ ely. That is, we be-
gin with an initial sensor setting (say uniform allocation of resolution, ~r 1 =
[� =d;: : : ; � =d]0) and obtain somemeasureof which bands are useful for the clas-
si�cation task at hand. This information is provided to the sensor/processor
subsystem, and the resolution is increasedfor the more useful bands and de-
creasedfor the lessuseful bands. (We operate here under the guiding principle
that higher resolution for bandswith discriminatory information is likely to yield
an improvement in classi�cation performance. For this versionof ISP to work |
as opposed to yielding random search | some such guiding principle must be
present to allow the sensor/processorsubsystemto choosewhich measurements
to make basedon feedback from the exploitation subsystem.)

Let L 1 := L~r 1 (gjDn ) represent the mis-classi�cation performance using fea-
tures at the initial choice of resolutions,~r 1. The (penalized) feature selectionin
the �rst iteration,

~r 1� := arg min
~r 2R �

L~r (gjDn ) + �
dX

b=1

rb
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yields performanceL 1� := L~r 1 � (gjDn ). We expect, if d is large and the number
of bands with signi�cant discriminatory information is small, that L 1� < L 1.
This expected improvement is due to the fact that this feature selection repre-
sents dimensionality reduction and, in high dimensionswith �nite training data,
dimensionality reduction done properly can yield superior performance due to
the curseof dimensionality. (Recall the Jain{T runk example.)

A simpler version of this feature selectionis to perform a band-by-band anal-
ysis to determine which bands are useful and which bands are to be discarded.
This can beaccomplishedby consideringthe special unpenalized\all or nothing"
choice of bands:

~r 1� := arg min
~r 2 ~R 0

�

L~r (gjDn )

with
~R 0

� := f ~r = [r 1; : : : ; r d]0 2 f 0; � =dgdg:

At this stage,thosebandsbfor which r 1�
b = 0 are to bediscarded,with the newly-

available channel capacity to be evenly allocated amongthosebandswhich have
beendeemeduseful. Thus ~r 2 = [r 2

1 ; : : : ; r 2
d ]0 where

r 2
b = I f r 1�

b > 0g � � =
P

� I f r 1�
� > 0g:

Finally, we de�ne L 2 := L~r 2 (gjDn ). If our guiding principle | in this case,that
higher resolution will increasethe discriminatory information in the usefulbands,
then we expect that L 2 < L 1� .

Of course,the probabilit y of misclassi�cation is not generallyavailable for use
in our optimization objective. Using the available training data Dn we can, for
any given ~r , obtain an estimate bL~r (gjDn ) of the probabilit y of misclassi�cation.
Thus we can, in principle, seek

b~r � := arg min
~r 2R �

bL~r (gjDn ):

Alternativ ely, some appropriate surrogate may be employed. For instance, a
simple classi�er g | a classi�er for which bL~r (gjDn ) is readily available| can be
used in the optimization. Then a more elaborate classi�er g0 can be used for
the ultimate exploitation. This surrogate approach will be considered in the
sequel. Note, however, that when exploitation meansclassi�cation, as it does
herein, appropriate surrogateswill likely still require classlabel information and
may need to reside at the exploitation subsystem| on the opposite side of the
channel throughput constraint from the sensor/processorsubsystem.

We consider for illustration the casein which each classj , band b processis
autoregressive. That is, the i -th observation X j;b;i , i = 1; : : : ; n j , is given by an
(independent) autoregressive AR j;b (p) processof order p � 1;

X j;b;i (tk ) =
pX

l =1

� j;b;l X j;b;i (tk � l ) + " (t j;b;i;k )
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for tk 2 f : : : ; � 2T=rmax ; � T=rmax ; 0; T=rmax ; 2T=rmax ; : : :g, wherethe "(t j;b;i;k )
are iid normal(0; � 2

" ). We write ~� j;b = [� j;b; 1; : : : ; � j;b;p ]0 to denote the class-
speci�c, band-speci�c time seriesparameter vector. (Recall that a requirement
for stationarit y yields a constraint on ~� j;b .)

In this case,no purely signal processingconsiderationswill allow for the de-
termination of which bands/resolutions are to be preferred. This determination
must be made basedon feedback from the exploitation module which is in turn
basedon an analysisnecessarilytaking into account the classlabels| classi�ca-
tion performanceanalysis or someappropriate surrogate.

Maximum likelihood estimatesof the parameters ~� j;b can be obtained based
on observations of the training entities. These estimates are consistent and
asymptotically normal (Anderson (1971)). Thus the training sample provides
for an asymptotically Bayesoptimal classi�er.

Furthermore, this provides for a reasonablesurrogate. For each band b an hy-
pothesistest of H 0 : ~� 1;b = ~� 2;b against the generalalternativ e can be performed
using Hotelling's T 2 test statistic (Muirhead (1982)), for instance. Thosebands
for which the null hypothesis is rejected at somespeci�ed signi�cance level are
consideredto be \useful" for discrimination. The consistencyof the hypothesis
test employed implies that, in the limit, good bands will not be discardedwhile
most bands with no discriminatory information will be discarded. For instance,
for d = 25 with exactly �v e of the bandsuseful for discrimination, testing at the
0:05 level of signi�cance will be expected to reject for 19 of the 20 uselessbands
while rejecting for all �v e of the useful bands (as the estimates b~� j;b approach
their asymptotic distributions). It follows that L 1? < L 1 for large T.

More speci�cally , for the two class,two band AR(1) case(p = 1, J = 2, and
d = 2), consider T = 1, r max = 100, and initial sensorsettings of r b = 50 for
b = 1; 2 (~r 1 = [50; 50]0). Let the classj = 1 model bespeci�ed by � 1;1 = � 1;2 = 0;
similarly, let the classj = 2 model be speci�ed by � 2;1 = 0 and � 2;2 = 0:1. (For
p = 1 we drop the super
uous lag subscript l from the parameters � j;b;l .) Thus
there is no discriminatory information in band b = 1, while band b = 2 at
the highest resolution will allow for optimal discrimination. For these AR(1)
processes,a t-test of H 0 : � 1;b = � 2;b is an appropriate surrogate, and is here
employed. To obtain ~r 1� we optimize over ~R 0

100 via these t-tests, meaning that
if exactly oneband rejects the null hypothesiswe completely eliminate the band
which fails to reject and up-sample, to full resolution r max = 100, the band
which does reject the null hypothesis. Using class-conditional training sample
sizesnj = 10, classi�cation performancebasedon theseobservations, asmeasure
by a Monte Carlo estimate bL based on 50 Monte Carlo replicates of 100 test
samplesper classper replicate, is

bL 1 = 0:2184; bL 1� = 0:2156; bL 2 = 0:0426:

Thus, as designed,the exploitation-based feedback and sensoradaptation yield
bL 2 � bL 1. As noted above, the consistencyof the hypothesis test employed in
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this example implies that, for large enough class-conditional sample sizes,this
empirically observed result can be proved; that is, L 2 � L 1. (Note that, since
d = 2 for this case,bL 1 � bL 1� is not surprising.)

Regardingthe �rst feature selection,43 times out of 50 Monte Carlo replicates
this selectioncorrectly choseband b = 2 (~r 1� = [0; 50]0). In �v e casesboth bands
yielded rejection in the hypothesis test, in which casesL 2 = L 1� = L 1. In
one caseneither band yielded rejection; again L 2 = L 1� = L 1. In one case
band b = 1 only | the wrong selection!| yielded rejection; for this onereplicate
bL 2

repl > bL 1�
repl > bL 1

repl .

6. Exp erimen t: \Arti�cial Nose" Chemical Sensor

We considerdata taken from a novel chemical sensor/optical read-out system
designedand constructed at Tufts University. The fundamental component of
this sensoris a solvatochromic dye embedded in a polymer matrix White et al.
(1996) which responds to the intro duction of a chemical analyte to its environ-
ment with a change in its 
uorescence intensity. These basic devices can be
fabricated in a number of well characterized variants, each responding in some
way to particular chemical analytes Dickinson et al. (1996). In general, the de-
vicesarecrossreactiverather than speci�c; that is, each will respond signi�cantly
to a variety of analytes, although fortunately with di�erences in the details of
the responsesignature from one analyte to another. By analyzing the responses
of several of thesedevicesone may obtain a speci�c identi�cation in many cases
of interest.

For application of thesedevicesin a sensorsystem, the 
uorescencesignature
must be stimulated and read-out during the exposureof a device to an analyte.
For example, a device can be attached to an optical �b er through which laser
illumination is provided in order to stimulate the signature 
uorescenceof that
device. The resulting light signal is conducted back through the same�b er for
read-out. Typically, an array of deviceswith their optical �b er readouts will be
bundled together to make a sensor.SeePriebe (2001) for a discussionof pattern
recognition for this kind of sensor.

The Tufts data we study in this section was obtained from a bundle of 19
varying sensorsattached to �b ers. An observation is obtained by passing an
airborneanalyte (a singlechemical compound or a mixture) over the �b er bundle
in a four secondpulse, or \sni�." The information of interest is the changeover
time in emission 
uorescence intensity of the dye moleculesfor each of the 19
�b er-optic sensors(seeFigure 4).

Data collection consistsof recording sensorresponsesto various analytes at
various concentrations. Each observation is a measurement of the time varying

uorescenceintensity at each of two wavelengths (620 nm and 680 nm), within
each sensorof the 19-�b er bundle. The sensorproducesobservations X j;i;b (tk )
where b = 1; : : : ; d = 38 represents the �b er-bandwidth pair � � � for �b ers
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In
tensity

Time

Figure 4. The Tufts arti�cial noseconsistsof optical �b ers doped with a sol-
vatochromic dye. Reaction of the polymer matrix with an analyte produces
photons which are sampledat two wavelengthsto produce a responsefor each
�b er. Thesephotons are captured by a CCD device,resulting in a time seriesof
light intensity above (or below) the backgroundintensity. The �gure illustrates
the responseof two �b ers sampledat a singlewavelength.

� 2 f 1; : : : ; 19g and wavelengths � 2 f 1; 2g. The index i = 1; : : : ; n represents
the observation number. The class label j 
ags the presenceor absenceof a
chemical of interest, described in more detail below. While the processis natu-
rally described as functional with t ranging over a 20 secondinterval [0; T = 20],
the data as collected are discrete with the 20 secondsrecorded at r max = 60
equally spacedtime steps tk = 20

60 ; 40
60 ; : : : ; 1200

60 , for each response. Construction
of the databaseinvolvestaking replicate observations for the various mixtures of
chemical analytes.

The sensorresponsesare inherently aligned due to the \sni� " signifying the
beginning of each observation. The responsefor each sensorfor each observation
is normalized by manipulating the individual sensorbaselines.This preprocess-
ing consistsof subtracting the background sensor
uorescence(the intensity prior
to exposureto the analyte) from each responseto obtain the desiredobservation:
the changein 
uorescenceintensity for each �b er at each wavelength. Functional
data analysis smoothing techniques are utilized to smooth each sensorresponse
Ramsay and Silverman (1997).

The task at hand is the identi�cation of an unlabelled odorant observation
X . Speci�cally , we considerthe detection of trichloroethylene (TCE) in complex
backgrounds. (TCE, a carcinogenicindustrial solvent, is of interest as the target
due to its environmental importance as a groundwater contaminant.)

In addition to TCE in air, eight diluting odorants are considered: BTEX (a
mixture of benzene,toluene, ethylbenzene,and xylene), benzene,carbon tetra-
chloride, chlorobenzene,chloroform, kerosene,octane, and Coleman fuel. Dilu-
tion concentrations of 1:10, 1:7, 1:2, 1:1, and saturated vapor are considered.

We consider the training databaseDn = [(X 1; Y1); : : : ; (X n ; Yn )]0 to consist
of 38-dimensionaltime series(representing odorant observations) and their as-
sociated class labels Yi 2 f 1; 2g (TCE absent and present, respectively). The
databaseDn consistsof n1 observations from class1 and n2 observations from
class2. Class 1, the TCE-absent class, consistsof n1 = 352 observations; the
databaseDn contains 32 observations of pure air and 40 observations of each of
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the eight diluting odorants at various concentrations in air. There are likewise
n2 = 760 class2 (TCE-present) observations; 40 observations of pure TCE, 80
observations of TCE diluted to various concentrations in air, and 80 observations
of TCE diluted to various concentrations in each of the eight diluting odorants
in air are available. Thus there are n = n1 + n2 = 1112 observations in the
training databaseDn . This databaseis well designedto allow for investigation
of the abilit y of the sensorarray to identify the presenceof one target analyte
(TCE) when its presenceis obscuredby a complex background; this is referred
to as the \needle in the haystack" problem. This is the databaseconsideredin
Priebe (2001).

As in our pedagogicalautoregressive processexample,we considera through-
put constraint. In this case,with d = 38 and r max = 60, consider a through-
put constraint of � = 1140 < d � r max = 2280. Then � =d = 30. Let ~r 1 =
[� =d;: : : ; � =d]0 = [rmax =2; : : : ; r max =2]0. With this initial set up we obtain bL 1 =
0:237. (Probabilit y of misclassi�cation error rates here are obtained via 10-fold
cross-validation using the one-nearestneighbor classi�er.)

We obtain ~r 1� by optimizing over R 0
� . Actually , this still leaves238 candidate

dimensionality reductions to consider, and so we \sub-optimize"; we calculate
bL b(gjDn ) for each individual band b = 1; : : : ; d and select the \b est few". A
subset of 12 of the 38 bands are selectedbasedon this criterion, and after this
optimization we obtain bL 1� = 0:121.

The best 12 individual bands selectedfor ~r 1� are then upsampled,while the
remaining 38 are downsampled. The components of ~r 2 are given by

r 2
b = I f r 1�

b > 0g � r max + I f r 1�
b = 0g � r max =4:

After optimization and feedback adjustment we obtain bL 2 = 0:102.
We have, as desired, bL 2 < bL 1� < bL 1. The improvement from ~r 1 to ~r 1�

is dramatic, indicating that the dimensionality reduction employed| although
simplistic | was successful.Using ~r 2 as opposedto ~r 1� yields an improvement
of 1.9%. The reduction in misclassi�cation rate is from 134 misclassi�ed to 113
misclassi�ed| 21 observations, or 15.7%of the previously misclassi�ed observa-
tions. This improvement obtained by using ~r 2 as opposedto ~r 1� is statistically
signi�cant (McNemar's test).

7. Discussion

We have presented examples illustrating \In tegrated Sensing and Process-
ing" (ISP) as a path towards end-to-end optimization of a sensor/processor/
exploitation systemwith respect to its performancein supervisedstatistical pat-
tern recognition (classi�cation) tasks. The approach we have studied in this
paper takesthe form of dimensionality reduction in sensorfeature spacecoupled
with adaptation of sensor features. These techniques are aimed explicitly at
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improving an exploitation objective| probabilit y of misclassi�cation | and are
necessarilyimplemented iterativ ely due to throughput constraints.

We note that the results presented are quite preliminary and only beginexplo-
ration of the ISP concept. For instance, classi�er adaptation and optimization
is certainly an aim in ISP, although we have not pursued this direction in the
present paper. Ultimately , ISP seeksto jointly optimize sensorfunction, digital
preprocessing,and exploitation systems,including classi�er design; however, it
is our belief that this issueis secondaryto that of dimensionality reduction for
many high-dimensional classi�cation applications.

Dimensionality reduction is fundamentally important for many disparate ap-
plications in pattern recognition aswell as in other �elds including control, mod-
eling and simulation, operations research, and visualization. The topic is the
subject of intense research in these various communities, and now becomesa
fundamental enabling technology for the new discipline of ISP. In this paper we
have consideredonly very simple dimensionality reduction methodologies,which
just begin to indicate the possibilities and implications for integrating sensing
and processing.Nevertheless,we feel that the results of these �rst experiments
indicate signi�cant promise for this line of inquiry.

A critically important aspect of the dimensionality reduction strategies con-
sidered in this paper is the identi�cation of someguiding principle or heuristic
for guiding the sensor/processorsubsystemin its choicesof which measurements
to make basedon dimensionality-reduction feedback from the exploitation sub-
system. The choice of such a principle is a sensor-and application-speci�c task.
For many multiv ariate time seriesscenarios\higher resolution in useful bands"
approach taken in this paper seemsto be a reasonableprinciple. This might be
extended to include variable resolution in quantization, or in spatial sampling
in other sensors.Finding appropriate guiding principle(s)for various important
casesof practical interest may perhaps represent the single most important as-
pect of developing a workable ISP methodology.
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