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Abstract— Various instruments are used to create images of
the Earth and other objects in the universe in a diverse set
of wavelength bands with the aim of understanding natural
phenomena.Sometimesthese instruments are built in a phased
approach, with additional measurement capabilities added in
later phases.In other cases,technologymay mature to the point
that the instrument offers new measurement capabilities that
were not planned in the original design of the instrument. In
still other cases,high resolution spectral measurementsmay be
too costly to perform on a large sample and therefore lower
resolution spectral instruments are used to take the majority of
measurements.Many applied sciencequestionsthat are relevant
to the earth scienceremotesensingcommunity requireanalysisof
enormous amounts of data that were generatedby instruments
with disparate measurement capabilities. This paper addresses
this problem using Virtual Sensors:a method that usesmodels
trained on spectrally rich (high spectral resolution) data to
”�ll in” unmeasured spectral channels in spectrally poor (low
spectral resolution) data. The models we use in this paper
are Multi-Lay er Perceptrons (MLPs), Support Vector Machines
(SVMs) with Radial BasisFunction (RBF) kernelsand SVMs with
Mixtur e Density Mercer Kernels (MDMK). We demonstratethis
method by using models trained on the high spectral resolution
Terra MODIS instrument to estimatewhat the equivalent of the
MODIS 1.6 micron channel would be for the NOAA AVHRR/2
instrument. The scienti�c motivation for the simulation of the 1.6
micron channel is to impr ove the ability of the AVHRR/2 sensor
to detect clouds over snow and ice.

Index Terms— Data Mining, Neural Networks, Support Vector
Machine, Kernel Methods, Remote Sensing,MODIS, AVHRR,
cloud detection.

I . INTRODUCTION

T HIS paper describesthe developmentof data mining
algorithmsthatlearnto estimateunobservedspectrafrom

remotesensingdata.The idea is that datamining algorithms
trained on spectrally-rich(high spectralresolution)data can
be used to generateestimatesof what those measurements
would have beenfor datathatarespectrally-poor(low spectral
resolution),This enablesus to gleanmore information from
thatspectrally-poordata.This is animportantproblemto solve
becausespectrally-poordatamaybe availablefor longerperi-
odsof time thanspectrally-richdata.This happensbecauseof
improvementsin measurementcapabilitiesdueto instruments
beingbuilt in phases,technologicalimprovements,or theneed
to reducemeasurementcosts.Many appliedsciencequestions
that are relevant to the remotesensingcommunity need to

Manuscriptreceived March 15, 2004; revised November15, 2004. This
work was supportedby the NASA Intelligent SystemsIntelligent Data
UnderstandingProgram.

A. N. Srivastava andN. C. Ozaareat the NASA AmesResearchCenter.
J. Stroeve is with the NationalSnow andIce DataCenter

be addressedby analyzing very large amountsof data that
were generatedby instrumentswith different measurement
capabilities.

For example, consider the relationship between the
AVHRR/2 (AdvancedVery High ResolutionRadiometer)and
theMODIS (ModerateResolutionImagingSpectroradiometer)
instruments.AVHRR/2 generatesimagesin only � ve spectral
channels,whereasMODIS generatesimagesin 36 different
spectralchannels.However, AVHRR/2 datahasbeenavailable
since 1981 whereasMODIS has only been available since
1999.MODIS channels1, 2, 20, 31, and 32 correspondrea-
sonablywell to the � ve AVHRR/2 channels.We canusedata
mining methodsto model any MODIS channelnot available
in AVHRR/2 asa functionof these� ve MODIS channels.We
canthenusethelearnedmodelto generateanestimateof what
thatMODIS channelwould have beenhadit beenavailablein
AVHRR/2 given the � ve actualAVHRR/2 channelsas input.
If the learnedmodelis of high quality, we canuseit to obtain
estimatesof MODIS channelsfor yearsprior to 1999 when
MODIS cameon-line. We refer to this as a Virtual Sensor
becauseit estimatesunmeasuredspectra.In this paper, we use
Virtual Sensorsto generatean estimateof MODIS channel6
(1.6 microns)for AVHRR/2 becausea spectralchannelat 1.6
microns is useful for discriminatingclouds from snow- and
ice-coveredsurfaces.We chosethis task to demonstratethe
usefulnessof Virtual Sensorsin this paper.

In the next section, we discussthe scienti�c motivation
for using Virtual Sensorsto simulateMODIS channel6 for
the AVHRR/2 instrument.In SectionIII, we describeVirtual
Sensorsformally and as a generalmethodgoing beyond the
speci�c applicationthatwediscussin SectionII. In SectionIV,
we brie�y review somestandardmachinelearningalgorithms
that we use to perform the modeling necessaryto createa
Virtual Sensor. In Section V we discussour experimental
results.SectionVI concludesthe paperand discussesfuture
work.

I I . V IRTUAL SENSORS FOR CRYOSPHERE ANALYSIS

Intensi�cation of global warming in recent decadeshas
raisedinterestin year-to-yearanddecadal-scaleclimate vari-
ability in the Polar Regions. This is becausetheseregions
are believed to be amongthe most sensitive and vulnerable
to climatic changes.The enhancedvulnerability of the Polar
Regions is believed to result from several positive feedbacks,
includingthetemperature-albedo-meltfeedbackandthecloud-
radiationfeedback.Recentobservationsof regionalanomalies
in ice extent, thinning of the margins of the Greenlandice
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sheet,and reductionin the northernhemisphericsnow cover,
may re�ect the effect of these feedbacks.Remotesensing
products provide spatially and temporally continuous and
consistentinformation on several polar geophysicalvariables
overnearlythreedecades.Thisperiodis longenoughto permit
evaluation of how several cryosphericvariables changein
phasewith eachother andwith the atmosphereand canhelp
to improve our understandingof the processesin the coupled
land-ice-ocean-atmosphereclimate system. Cloud detection
over snow- and ice-coveredsurfacesis dif�cult usingsensors
such as AVHRR/2. This is becauseof the lack of spectral
contrastbetweenclouds and snow in the channelson the
earlier AVHRR/2 sensors.Snow and clouds are both highly
re�ective in the visible wavelengthsand often show little
contrastin the thermalinfrared.

The AVHRR Polar Path�nder Product (APP) consistsof
twicedaily gridded(at1.25and5kmspatialresolution)surface
albedoand temperaturefrom 1981 to 2000. A cloud mask
accompaniesthis productbut hasbeenfoundto beinadequate,
particularlyover the ice sheets[1]. The1.6micronchannelon
the MODIS instrumentas well as the AVHRR/3 sensorcan
signi�cantly improve the ability to detectclouds over snow
and ice. Therefore,by developing a virtual sensorto model
the MODIS 1.6 micron channel (channel6) as a function
of the AVHRR/2 channels,we can improve the cloud mask
in the APP product,and subsequentlyimprove the retrievals
of surface temperatureand albedo in the product. In doing
so we will be able to improve the accuracy in documenting
seasonalandinter-annualvariationsin snow, ice sheetandsea
ice conditionssince1981.

I I I . V IRTUAL SENSORS IN GENERAL

In this section,we discussVirtual Sensorsin general,going
beyond the speci�c application discussedin section II. For
purposesof the discussionpresentedhere,we model the data
asmatricesof time series(following the notationin [2]). The
spatiotemporalrandom function

���������	��
��

is modeledas a
�nite number 
 of spatially correlatedtime serieswith the
following representation:

���������	��
���� � �������	��
����
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In Equation1,
�

representsthe spatialcoordinate,
�

repre-
sentsthe vector of measuredwavelength(s),and




represents
time. The superscript

*

indicatesthe transposeoperator. If
multiple wavelengthsaremeasured,theneach

��,

is actuallya
matrix, and the function
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representsa datacubeof
size

�
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, wherethesesymbolsrepresentthenumberof
spatial locations,the total numberof measuredwavelengths,
and the total number of time samples,respectively. In this
notation, the spatial coordinate

�

representsthe coordinates
(or index) of a measurementat a particular location in the
�eld of view. Conceptually, theequationabove describesa set
of 


�

/4-52

�

matrices.In theevent that thespatialcoordinate
indexes image pixels, it is useful to think of Equation1 as

describinga time seriesof data cubes(spectral images)of
size 
6-1
6-7/ .

Considera situationwhereone is given a sensor8�9 which
takes : spectralmeasurementsin wavelength bands ;<9
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9 . Supposethat we have another
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which has a set of spectralmeasurementstaken
at time
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that
partially overlaps the spectral featurescontainedin ;<9 in
terms of power in the spectral bands. Thus, ;<9 (or, in
general, ;L9NM4;

>

) are the commonspectralmeasurements.
Notethatthesemeasurementsarecommononly in theirpower.
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representsthe
measurementsavailable in ;
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that are not available in ; 9 .
We investigatetheproblemof building an estimatorP
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thatbestapproximatesthe joint distribution Q
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is the data cube for the wavelengthbands ; .
Thus,we have:
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The valueof building an estimatorfor Q is clearparticularly
in situationswhere8T9 hasbeenin operationfor a muchlonger
periodof time than 8

>

. 8T9 may have fewer spectralchannels
in which measurementsare taken comparedto 8

>

. However,
it may be of scienti�c value to be able to estimatewhat the
spectralmeasurementsin wavelengths; would have beenif

8
9 could have measuredthem.
The joint distribution given by Q

�)�.�

;

�AR ���
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contains
all the informationneededto recover the underlyingstructure
capturedby thesensor8

>

. If perfectreconstructionof this joint
distribution were possible,we would no longer needsensor

8

>

becauseall the relevant information could be generated
from the smallersubsetof spectralmeasurements;<9 andthe
estimator P . Of course,such estimation is often extremely
dif�cult becausethere may not be suf�cient information in
thebands;

9 to perfectlyreconstructthedistribution. Also, in
many cases,the joint distribution cannotbe modeledproperly
usingparametricrepresentationsof theprobabilitydistribution
sincethatmay requirea signi�cant amountof domainknowl-
edgeandmay be a function of the groundcover, climate,sun
position,time of year, andnumerousother factors.

In this paper, we describemethodsto estimatethe �rst
momentsof this distribution.Somemethodsallow usto model
the secondmomentof the distribution aswell:
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We use the function P in the above computationsas an
estimateof the (unknown) joint distribution Q . Several com-
putationalproblemsaswell asproblemsdueto theunderlying
physicalmeasurementprocessarisewhenwe attemptto esti-
mate P .

Figure1 givesa schematicview of thegeneralvirtual sensor
problem. The solid and dotted lines correspondto sensors

8
9 and 8

>

respectively. A Virtual Sensorcan be built when
thereare someoverlappingsensormeasurementsas depicted
in the �gure. Notice that if there are no overlappingsensor
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for this wavelength.     

Fig. 1. This �gure helps illustrate the needfor a Virtual Sensor. We have
spectralmeasurementsfrom two sensors��� and ��� , (solid anddottedlines,
respectively). We wish to estimatethe outputof sensor� � for a wavelength
wherethereis no actualmeasurementfrom thesensor. Note that somesensor
measurementsoverlapperfectly, asin thecaseof wavelength��� , andin other
cases,suchaswavelength= 1, thereis someoverlap in the measurements.

measurements,we are unableto build an estimator. In real-
world problems,somemeasurementsmay overlap perfectly,
while othershave a partial overlap. Generallyspeakingthe
measurementsfrom sensor8

9 are not available at all wave-
lengths.

In theevent that all : wavelengthbandsin 8
9 overlapwith

a correspondingsubsetof : bandsin 8

>

, but 8

>

hasbandsnot
availablein 8

9 , theestimationprocessis morestraightforward.
Whenpartial overlapoccursbetweentwo sensorsfor a given
wavelength, calculationsneed to be performed to estimate
the amount of power that would have been measuredin
the overlappingbands.This can be doneusing interpolation
methods.

We now outline theprocedurefor creatinga Virtual Sensor.
At a minimum, we assumethat for sensor 8�9 we have
measurements

�

9

�

;L9

�

from oneimage,andfor anothersensor
8

>

we assumethat we have another image
� >@�

;

>A�

. The
procedurefor creatinga Virtual Sensoris asfollows,assuming
thatwe needto build a predictorfor channel�

BIH

9 (recall that
: is the numberof bandsin ;

9 ):
1) Find parameters 	 that minimize the

squared error (or another suitable metric)
� 
U�

P

�&��> �
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. This is the Virtual
Sensormodel �tting step.

2) Apply P to the data from sensor 8 9 to generatean
estimateof


<�

P

�&�

9

�

�

BIH

9

���

	

���

. This is the stepwhere
the estimation of the unknown spectral contribution
occurs.

3) Evaluatethe resultsbasedon sciencebasedmetricsand
other informationknown aboutthe image.

The proceduredescribedabove is standardin the datamining
literature.Fromtheremotesensingperspective,it is interesting
to see the potentially systematicdifferencesbetween the
performancesof the estimatoron data from sensors8

9 and
8

>

. Thesewill tell us how much the differencesbetweenthe
overlappingbandsof the two sensorsaffect the accuracy of
the Virtual Sensorrelative to the true sensor.

TABLE I

L INEAR CORRELATIONS BETWEEN MODIS CHANNELS

Channel 1 2 20 31 32 6

1 1.0000 0.9980 0.8778 0.8785 0.8784 0.6287

2 0.9980 1.0000 0.8786 0.8774 0.8773 0.6564

20 0.8778 0.8786 1.0000 0.9977 0.9977 0.7369

31 0.8785 0.8774 0.9977 1.0000 1.0000 0.6979

32 0.8784 0.8773 0.9977 1.0000 1.0000 0.6984

6 0.6287 0.6564 0.7369 0.6979 0.6984 1.0000

hidden
units
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z1
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z3

4z

y

y2

y3

1

inputs outputs

Fig. 2. An exampleof a MultiLayer Perceptron(MLP).

Note that this procedurewill only work if suf�cient in-
formation exists to predict

���

;

�

given data
���

;U9

�

. One
simpleprocedurefor determiningthis is to look at the linear
correlation betweenthe spectra.Figure I shows the inter-
channellinear correlationsfor the MODIS channelsthat we
use in this study (channels1, 2, 20, 31, 32, and 6). In
this paper we build models to predict MODIS channel 6.
Notice that channel6 has moderatelinear correlationswith
the other channels.This gives us hope that we can predict
MODIS channel6 given the channelscommon to MODIS
and AVHRR/2. However, the large correlationsamong the
� ve commonchannelsmeanthat they containmuchredundant
information; therefore,predictionmay be dif�cult.

IV. STANDARD MACHINE LEARNING METHODS

This section describesthree estimationmethodsthat we
have usedto build a Virtual Sensor:a feed-forwardneuralnet-
work (alsocalleda multilayer perceptron,(MLP)), a Support
VectorMachine(SVM), andan SVM with a Mixture Density
MercerKernel.

A. Multi-Layer Perceptrons

We �rst describemultilayer perceptrons,a type of neural
network [3]. Thecentralideaof neuralnetworksis to construct
linearcombinationsof the inputsasderivedfeatures,andthen
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model the target as a nonlinear function of these derived
features.Neural networks are often depicted as a directed
graph consistingof nodesand arcs. An example is shown
in Figure 2. Each column of nodesis a layer. The leftmost
layer is the input layer. A datapoint to beclassi�ed is entered
into the input layer. The secondlayer is the hiddenlayer and
the third layer is the output layer. Information�o ws from the
input layer to the hidden layer and then to the output layer
via a set of arcs(depictedin Figure 2 as arrows). Note that
the nodeswithin a layer are not directly connected.In our
example,every nodein one layer is connectedto every node
in the next layer, but this is not requiredin general.Also, a
neuralnetwork can have more or lessthan one hiddenlayer
andcanhave any numberof nodesin eachhiddenlayer.

Each non-input node, its incoming arcs, and its output
(which is passedout throughall of its outgoingarcs)constitute
a neuron,which is thebasiccomputationalelementof a neural
network. Eachincomingarcmultiplies thevaluecomingfrom
its origin nodeby the weight assignedto that arc and sends
the result to the destinationnode.The destinationnodeadds
the valuespresentedto it by all the incomingarcs,transforms
it with a nonlinearactivation function (to be describedlater),
and then sendsthe result along all of its outgoingarcs.For
example,the returnvalueof a hiddennode ��� in our example
neuralnetwork is

���

���

��	� 
��

�

,�


9����

9��

,��

���

,�� �
�

(5)

where
R � R

is the numberof input units,
���

B

�

,��

�

is the weight
on the arc in the : th layer of arcsthat goesfrom unit � in the

: th layer of nodesto unit � in the next layer (so
�

�

9��

, �

�

is the
weight on the arc that goesfrom input unit � to hiddenunit

� ) and
�

is a nonlinearactivation function.A commonlyused
activation function is the sigmoid function:
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The returnvalueof an outputnode ,
� is

,
�
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where
�

is the number of hidden units and
���

>

�

,��

�

is the
weight on the arc from hidden unit � to output unit � . The
outputsareclearly nonlinearfunctionsof the inputs.

Neural networks are trained to �t data by a processthat
is essentiallynonlinear regression.Given each entry in the
trainingdataset,thenetwork's currentpredictionis calculated.
The differencebetweenthe true function value and the pre-
diction is theerror. Thederivative of this error with respectto
eachweight in the network is calculatedand the weightsare
adjustedaccordinglyto reducethe error.

x

e

e

Fig. 3. SupportVector Machine for regression.The solid line is the line
�tted to the points(representedascircles).The dashedlines area distance1

from the �tted line. The pointswithin the dashedline areconsideredto have
zeroerror by an 1 -insensitive loss function.

B. SupportVector Machines

SupportVector Machinesfor classi�cation and regression
are describedin detail in [4], but here we brie�y describe
SupportVectorRegression(SVR), which we usein this paper.
In real-world problems,traditionallinear regressioncannotbe
expectedto �t a dataset perfectly (i.e., with zeroerror). For
this reason,nonlinearregressionis often usedwith the hope
that a more powerful nonlinearmodel will achieve a better
�t to the datathana linear model.However, this power often
comeswith two drawbacks.The �rst drawback is that the
error surfaceas a function of the parametersof a nonlinear
model (such as the multilayer perceptronsdiscussedabove)
often have many local optima that are not globally optimal.
Nonlinearregressionalgorithmssuchas backpropagationfor
MLPs often �nd these local optima, which can result in
a model that does not predict well on unseendata. The
seconddrawbackis thatnonlinearmodel�tting is oftenoverly
sensitive to the locationsof the training points, so that they
over�t the training points and do not perform well on new
data.

SupportVectorRegressionperformsnonlinearregressionby
solvingaconvex optimizationproblem,whichhasoneglobally
optimal solution. This solves the �rst drawback discussed
above of endingup with a locally optimal parametersetting.
SVR addressesthe seconddrawback in threeways.The �rst
way is to use an 2 -insensitive loss function. If , is the true
responseand 3

� 4	�

is the predictedresponsefor the input
4

,
then the loss function is

R

,

\

3

� 4	�AR 5��768!

�

=�9

��R

,

\

3

��4	�!R \

2

D

(8)

That is, if the error betweenthe true responseand the
predictedresponseis lessthansomesmall 2 , thentheerroron
that point is consideredto be zero.For example,in Figure3,
the solid line, which is the �tted line, is within 2 of all the
points betweenthe two dashedlines; therefore,the error is
consideredto be zero for those points. If 2 is set to the
level of the typical noisethat onecanexpect in the response
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variable,thensupportvectorregressionis lesslikely to expend
effort �tting the noise in the training dataat the expenseof
generalizationperformance,i.e., it is lesslikely to over�t.

The secondway support vector regressionaddressesthe
over�tting problemis to allow someerror beyond 2 for each
training point but minimize the total sucherror over all the
points.In Figure3, � is the additionalerror for oneparticular
point. The sum of the errors of all the training points is
minimized as part of solving the optimizationproblem.This
also reducesthe effort expendedin �tting the noise in the
training data.

The third way thatSVR addressestheabove problemsis to
mapthe datafrom the original dataspaceinto a muchhigher
(possible in�nite) dimensional feature space and perform
linear regressionin that space.The idea is that the linear
model in the featurespacemay correspondto a complicated
nonlinearmodelin theoriginal dataspace.Clearly, oneneeds
a practical way to deal with data that is mappedto such a
high-dimensionalspace,which intuitively seemsimpossible.
However, one is able to do this using the kernel trick. By
introducingLagrangemultipliersandobtainingthedualof the
original SVR optimization problem (see[4] for the details),
oneobtainsthe following:

maximize�
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The resultingregressionestimateis of the form

3

� 4	���

�

�

,�


9

�
	��

,

\
	 ,)� 4',�� 4

� %��

 

(13)

Note that the inputs(
4

's) only appearin dot productsin the
above solution.Therefore,onecanmapthe inputsinto a very
high or even in�nite dimensionalspace � using a function

� ��!#"%$

� and the dot product
�F��4

,
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will still
be a scalar. Of course,

�

would be too dif�cult to work with
becauseof thehigh dimensionalityof � . However, thereexist
kernel functions (
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�
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such that ( is
practicalto work with even thoughthe

�

inducedby that (

is not. For example,the Gaussiankernel (also referredto as
the RBF kernel),
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givesrise to a
�

that is in�nite-dimensional.However, we
do not needto work directly with

�

or even know what it is
becausethe

�

's only appearwithin dot products,which canbe
replacedby ( . Therefore,the new regressionestimateafter
mappingthe inputs from the dataspaceto the featurespace
is
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In summary, the SupportVectorMachineallows us to �t a
nonlinearmodelto datawithout the local optimaproblemthat
otherproceduressuffer from andwith lesstendency to over�t.

The kernel function ( can be viewed as a measureof
similarity betweentwo data points. For example, with the
Gaussiankernel,thevalue (

��4	,(��4

�

�

increasesasthedistance
betweenthe pair of points

4	,

and
4

� decreases.There is
signi�cant current researchattempting to determinewhich
kernel functions are most appropriatefor different types of
problems. One such novel kernel function is the Mixture
Density Mercer Kernel (MDMK) which is discussedin the
next section.

C. Mixture DensityMercer Kernels

The Mixture Density Mercer Kernel (MDMK) [5] is a
methodof learninga kernel function directly from the data.
Somekernel functions,like the GaussianKerneldiscussedin
the precedingsection,are prede�ned. In fact, the Gaussian
Kernel is just a nonlinearfunction of the Euclideandistance
betweenpoints. Rather than assuminga priori that the Eu-
clidean distanceor someother distancefunction is correct,
the MDMK generatesa measureof similarity that attemptsto
representthe similarity betweenpoints basedon their higher
level features.Thesehigherlevel featurescouldbemeasuredin
a variety of ways.In the subsequentparagraphs,we illustrate
oneway of measuringhigher level features.

Our idea is to use a collection or, more formally, an
ensembleof probabilisticmixture modelsasa similarity mea-
sure.Two datapoints will have a large similarity if multiple
modelsagreethat they shouldbe placedin the samecluster
or mode of the distribution. Those points where there is
some disagreementwill be assignedintermediatesimilarity
scoresand points for which most models disagreewill be
assignedlow similarity scores.The shapesof the underlying
mixture distributions can signi�cantly affect the similarity
measurementof the two points. Experimentalresultsuphold
this intuition and show that in regions where there is “no
question” about the membershipof two points, the Mixture
Density Kernel behaves identically to a standardmixture
model. However, in regions of the input spacewhere there
is disagreementabout the membershipof two points, the
behavior may be quite differentfrom thestandardmodel,i.e.,
the similarity measuresreturnedmay be very different.Since
eachmixture densitymodel in the ensemblecan be encoded
with domain knowledge by constructinginformative priors,
theMDMK will alsoencodedomainknowledge.TheMDMK
is de�ned as follows:
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The featurespaceis thusde�ned explicitly as follows:
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The �rst sum in equation16 sweepsthroughthe
�

models
in the ensemble,where eachmixture model is a Maximum
A Posteriori estimatorof the underlying density trained by
sampling(with replacement)theoriginal data.

�

� de�nes the
numberof mixturesin the

6

th model,and
7

� is thecluster(or
mode)label assignedby the model.The quantity
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a normalizationsuchthat (
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$ for all � . Thefactthat
the Mixture Density Kernel is a valid kernel function arises
directly from the de�nition.

The Mixture DensityKernel function canbe interpretedas
follows. Supposethat we have a hard classi�cation strategy,
whereeachdatapoint is assignedto the most likely posterior
classdistribution. In this casethe kernel function countsthe
numberof timesthe

�

mixturesagreethat two pointsshould
be placed in the samecluster mode. In soft classi�cation,
two datapoints are given an intermediatelevel of similarity
(between0 and1) which will be lessthanor equalto thecase
whereall modelsagreeon their membership,in which case
the entry would be unity. Furtherinterpretationof the kernel
function is possibleby applying Bayesrule to the de�ning
equationof the Mixture DensityKernel.Thus,we have:
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The secondstepabove is valid underthe assumptionthat the
two data points are independentand identically distributed.
This equationshowsthattheMixture DensityKernelmeasures
theratio of theprobability that two pointsarisefrom thesame
modeto theunconditionaljoint probability. If we simplify this
equationfurther by assumingthat the classdistributions are
uniform, the kernel tells us on average(acrossmodels) the
amountof informationgainedby knowing that two pointsare
drawn from the samemodein a mixture density.

V. RESULTS

All the MODIS and AVHRR/2 data used in the analysis
weregeolocatedandgriddedto a 1.25km EqualAreaScalable
EarthGrid (EASE-grid)[6] containingtheGreenlandice sheet
and the surroundingocean(which is mixture of open water
and sea ice). Thirteen MODIS imagesfrom the year 2000
were processed(one for each day, 140-149 and 151-153).
CorrespondingAVHRR/2 imageswereavailablefor the same
dates,but at different orbital cross-over times. The results
discussedin this section are obtainedby training the three
differentmethodson a small subsetof a MODIS imagefrom
theGreenlandice sheeton day 140of theyear2000.A small
subsetwas chosento train the modelsbecauseof the high

Fig. 4. MODIS predictionsfrom year2000,days140-153.This �gure shows
the percentcloud cover in eachimagedeterminedusingchannel6 andusing
thecloudmask,andthetruepositive ratesfor MLPs,SVMswith RBFkernels,
andSVMs with MDMK kernelson theseimages.

Fig. 5. MODIS predictionsfrom year2000,days140-153.This �gure shows
the percentcloud cover in eachimagedeterminedusingchannel6 andusing
thecloudmask,andthetruenegative ratesfor MLPs,SVMswith RBFkernels,
andSVMs with MDMK kernelson theseimages.

running time of the SVM models.The modelswere trained
on day 140 and tested on MODIS and AVHRR/2 images
from days 140-153.This approachmaximizesthe rangeof
differencesin timeof yearbetweenthetrainingandtestimages
and allows for analysisof how much prediction loss occurs
as a result of this difference.In running the models,only
pixels for which the MODIS channel1 (0.65 microns) top-
of-atmosphere(TOA) re�ectance1 was greaterthan 0.3 were
used,therebyremoving pixels that are over open water and
keepingonly thesnow/ice-coveredareas.This turnedout to be
abouthalf of the MODIS day 140 image(1.6 million pixels).
Out of thesepixels, we choseabout2500of themat random
for training. In all cases,the inputs were the � ve MODIS

1This is there�ectancereceived by thesensorfrom theEarth's atmosphere.
This is normalizedby the cosineof the solarzenithangle.
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Fig. 6. Histogramof percentageerror of MLP (upperleft), SVM with RBF
kernel(upperright), andSVM with MDMK kernel(lower left) relative to the
truechannel6. This wascalculatedfor MODIS year2000day149time 1825
for Greenlandonly.

channelsthat correspondmost closely to the � ve AVHRR/2
channels(see the Appendix for tables with AVHRR/2 and
MODIS instrumentspeci�cationsfor thechannelsusedin this
paper).That is, the inputsweretheMODIS channels1, 2, 20,
31 and32. Theoutputto be predictedwasMODIS channel6.

A. MODIS Results

Figure 4 summarizesthe amountof cloud cover for each
day (de�ned usinga thresholdof 0.2 on the MODIS channel
6 images)togetherwith the true positive retrieval rates by
the MLP, SVM with RBF kernel, and SVM with MDMK
kernel.Thetruepositive retrieval rateis de�ned asthenumber
pixels predictedto have cloud cover that actuallyhave cloud
cover divided by the total numberof pixels that actuallyhave
cloud cover. The thresholdof 0.2 was chosenfor channel
6 becausethe MODIS cloud mask teamusesthis threshold.
Includedin the �gure is the percentageof cloud cover from
the MODIS cloud mask(MOD35) product.In computingthe
fraction of cloud cover from the MOD35 productwe counted
as cloudy only the pixels that were classi�ed as “cloudy”
(i.e., we did not count those pixels classi�ed as “probably
cloudy,” “probably clear,” or “clear.” Notice that the MODIS
cloud mask product predicts about 20% more clouds than
using a thresholdof 0.2 on MODIS channel6. There are
several possiblereasonsfor this. Firstly, the MODIS cloud
productusesotherthresholdtestsbesidestheteston channel6
re�ectance.Secondly, studieshave suggestedthat the MODIS
cloud mask tendsto overpredictthe amountof clouds over
snow [7]. Figure 5 shows the true negative retrieval ratesof
the threemodelstogetherwith the amountof cloud cover for
eachday. The true negative retrieval rate is the numberof
pixels predictedto not have cloud cover that actually do not
have cloud cover divided by the total numberof pixels that
actually do not have cloud cover. Overall, we see that the
SVM with RBF kernel has the greatesttendency to predict
that a cloud is present,followed by the SVM with MDMK

MODIS 2000 day 140 channel 6

Fig. 8. MODIS year2000day 140 time 1830true channel6.

kernelandtheMLP. Overall, theMLP seemsto have thebest
combinationof high true positive and true negative retrieval
rates.However, aswe will seelater, theSVM-basedmethods,
especiallytheMDMK kernel,discover certainstructurein the
datanot discoveredby the MLP.

Figure7 shows the MODIS true channel6 (upperleft) and
the channel6 predictionsreturnedby the MLP (upperright),
SVM with RBF kernel (lower left), and SVM with MDMK
kernel(lowerright). In all four images,theGreenlandcoastline
is depictedin white, but only theupperhalf of the ice sheetis
shown. The histogramof the percentagedifferencesbetween
thetruechannel6 re�ectanceandthemodel-predictedchannel
6 re�ectancesare shown in Figure 62. The MLP appears
to accuratelymodel areasthat are of low re�ectance in the
MODIS channel6 (e.g. no clouds)as seenby the high rate
of true negative retrieval. The MLP model is slightly less
successfulin correctly modeling the high re�ectance (e.g.
clouds), but the overall true positive retrieval rate is still
relatively high (70 to 90%).TheSVMs with RBF andMDMK
model tendsto overpredictthe re�ectancein MODIS channel
6, particularly in areasthat are of low re�ectance (e.g., no
clouds).

B. AVHRRResults

We now discussthe resultsof testingour MODIS-trained
modelson two AVHRR/2 images.We evaluatetheseresults
by examiningtheavailableAVHRR/2 images,decidingwhere
cloudsarepresentbasedon textural variations,andobserving
whetherthemodels'predictionscapturethesepredictions.This
subjectiveevaluationis necessarybecausetheAPPcloudmask
is inadequateand the true 1.6 micron channelis unavailable.

Justas in the MODIS results,in the AVHRR/2 resultsthe
Greenlandcoastlineis depicted.Figure9(a) shows the visible
(channel 1) TOA re�ectance from AVHRR/2 for day 140
over the Greenlandice sheet.The imageshows not only the

2Thesearecalculatedasthe true channel6 minusthe predictedchannel6
dividedby thetruechannel6 multiplied by 100.Therefore,numberslessthan
0 indicatethat themodeloverpredictedwhile numbersgreaterthan0 indicate
that the modelunderpredicted.
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Fig. 7. MODIS predictionsfrom year2000,day149time 1825.(a) UpperLeft. Channel6. (b). UpperRight. Predictionof anMLP. (c) Lower Left. Prediction
of an SVM with RBF kernel. (d). Lower Right. Predictionof an SVM with MDMK kernel.The black areaswith straightboundariesare regions containing
no data.

Greenlandice sheetwith its coastlineoutlined in white, but
also open water areasand sea ice. The sameis true in the
MODIS imagesshown in Figure 7, except in Figure 9 the
entire Greenlandice sheetis shown. Clouds are evident in
the visible image by textural variationsin the south,central
and northwesternpart of the ice sheet.Some clouds also
appearbrighter and somedarker than the underlying snow.
In Figure9(b) through(d) the predictedTOA re�ectancesfor
a channelat 1.6micronsareshown. We alsoshow theMODIS
channel6 TOA re�ectancefor this day in Figure8. However,
note that this imageis collectedat a slightly differentorbital
time from theAVHRR image.Thussomedifferencesareto be
expectedasa resultof changesin cloudconditionswith time.
Even so, the MODIS channel6 imageis usefulfor helpingto
validatehow well the modelspredict TOA re�ectanceat 1.6
microns.The MLP prediction(Figure9(b)) indicatesthat the
majority of the ice sheetis cloud free (very low re�ectance
at 1.6 microns),particularly for the northernhalf of the ice
sheet.However, someof the cloudsthat are seenas textural
variationsin Figure9(a)arecapturedin 9(b) asbright (higher
re�ectance)areasin the image,particularly in the centraland
southernregionsof the ice sheet.ComparingFigure9(b) with
a qualitativeassessmentof thecloudsin Figure9(a),it appears
that the majority of the cloudsarecaptured,althoughthe few

scatteredcloudsin the northwestpart of the ice sheetarenot
detected.The SVM RBF (Figure 9(c)) picks up the clouds
(brighter areasin the image),but this methodalso starts to
distinguish betweendifferent snow types as evident by the
slightly different re�ectancevaluesalong the westernmargin
of the ice sheet. Further discrimination of different snow
types is observed in the SVM MDMK (Figure 9(d)) image.
For both the RBF and MDMK models, the tendency is to
overpredictchannel6. Thus,additionalinformationwould be
neededin orderto distinguishbetweenatmosphericvariations
(i.e. clouds) and variationsin the snow/ice conditions.Note
alsothat,off thenorthwesterncoastof Greenland,seaiceareas
thatarecloud freeappearasclouds(higherre�ectance)in the
predictions.Thus,additionalinformationsuchassurfacetype
mayoffer furtherimprovementsin themodels'ability to detect
cloudsover snow and ice.

Figure10(a)-(d)shows the sameresultsasdiscussedabove
but for day150.Thevisible image(Figure10(a))suggeststhat
the entire westernmargin and the north central/easternparts
of the ice sheetare cloudy. The MODIS channel6 image
collectedat a different time of day (Figure11) indicatesthat
most of the ice sheetis actually cloud free except for areas
along the west-centralpart of the ice sheetand in the north.
Comparingthe MLP (Figure 10(b)) resultswith the clouds
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Fig. 9. AVHRR predictionsfrom year 2000, day 140, time 1839. (a) Upper Left. Channel1. (b). Upper Right. Predictionof an MLP. (c) Lower Left.
Predictionof an SVM with RBF kernel. (d). Lower Right. Predictionof an SVM with MDMK kernel.The black areaswith straightboundariesare regions
containingno data.

indicatedastextural variationsin theAVHRR channel1 image
(Figure 10(a)) shows that this model capturessome of the
scatteredcloudsalongthewesternmargin of the ice sheet,but
alsomissesquitea few of them,especiallyin thesouthernpart
andalsothecentral-northernpartof theice sheet.Similarly, in
thenortheasternpartof theice sheet,theMLP is not capturing
all the cloudsobserved in the visible image.The SVM RBF
(Figure10(c)) modeldoesa betterjob of detectingtheclouds
in the northeasternregion of Greenlandas well as along the
west coast.The SVM MDMK model further detectssome
clouds that are missedby the SVM RBF model (e.g. along
thesouth-westedgeof Greenland)andalsobeginsto highlight
moreof the differentsnow/ice types.

Thesetwo differentexampleshelp to illustratethatsimulat-
ing a 1.6 micron sensorchanneldoesnot necessarilycapture
all the clouds. In general,snow has very low re�ectanceat
1.6 microns,whereascloudshave high re�ectance.Thus,we
would expect snow cover to be bright in the visible channel
and dark at 1.6 microns. However, cloud re�ectance at 1.6
micronsdependsin part on the cloud type andmay be bright
or lessbright (e.g.gray).

In the day 140 example,the MLP predictiondoescapture
mostall of the cloudsobserved in the visible image.For this
day, the 1.6 micron is a good cloud classi�er. On day 150

MODIS 2000 day 150 channel 6

Fig. 11. MODIS year2000day 150 time 1905true channel6.

however, the MLP predictiondoesnot performquite aswell.
Eventhoughit maystill accuratelypredicttheTOA re�ectance
at 1.6 microns,somecloudsaremissed.
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Fig. 10. AVHRR predictionsfrom year 2000, day 150, time 1825. (a) Upper Left. Channel1. (b). Upper Right. Predictionof an MLP. (c) Lower Left.
Predictionof an SVM with RBF kernel. (d). Lower Right. Predictionof an SVM with MDMK kernel.The black areaswith straightboundariesare regions
containingno data.

VI. CONCLUSION

In this paperwe have presentedthe developmentof data
mining algorithms to estimateunobserved spectra.We call
this estimationmethod“Virtual Sensors.” We presentedsome
results on a particular instantiationof Virtual Sensors:the
estimation of MODIS channel 6 for AVHRR/2. Our mo-
tivation for choosing this particular problem is to aid in
the discrimination of clouds from snow and ice. This is a
challengingproblemthat is essentialto solve in order to map
the cryosphereusing visible and thermal imagery. Clouds
often have spectralre�ectancesand temperaturessimilar to
snow. Most cloud detectionalgorithmsoperationallyemploy
a seriesof spectralthresholdteststo determineif a pixel is
clearor cloudy. Having a channelcenteredaround1.6microns
hassigni�cantly improved the ability to discriminatebetween
clouds and snow using new sensorssuch as MODIS and
AVHRR/3. Unfortunately, a vast amountof data have been
collected before these sensorsexisted that did not have a
channeldesignedto detectcloudsover snow and ice-covered
surfaces.Thesedata setshave large importancefor climate
studiessincethey provideover20yearsworth of observations.
Thus, being able to improve the cloud maskingabilities of
theseprevious sensorswill allow for improved monitoringof

several cryosphericvariables,suchas surfacealbedo,surface
temperature,snow and ice cover.

In the above analysis,we usedcalibratedTOA re�ectances
from the MODIS and AVHRR/2 instruments. These re-
�ectance values are dependentupon the speci�c viewing
and illumination geometryof the orbit considered.This may
lead to some errors since snow and clouds do not re�ect
the incoming solar radiation isotropically. The magnitudeof
this effect remainsto be determined.However, the angular
variability of there�ectancemaypossiblyfall into the“noise”
of the dataso that our methodscanbe appliedprior to using
methodsto correct for the angular variability of the TOA
re�ectance.

We plan to extend our work on the problemof estimating
MODIS channel6 for AVHRR/2 imagesin several directions.
In order to determineif our methodshave promiseand can
quickly learna goodmodel,we trainedon very little data.We
plan to train on additional data over different times of year
to understandhow muchimprovementis possible.We plan to
develop more scalablealgorithmsthat will allow us to train
on large amountsof data in a practicalamountof time. For
example,active learningalgorithmsonly processexampleson
which thecurrentmodel's predictionsaresigni�cantly in error
and do not wasteeffort on the remainingexamplesthe way
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traditional machinelearning algorithms do. Online learning
algorithms processtraining examplesonly once rather than
repeatedlycycling throughthemtheway traditionalalgorithms
do. We also plan to perform a more detailedanalysisof the
resultsover more imagesfrom different yearsand different
times of year in order to better understandthe situationsin
which different data mining algorithms are most effective.
This may lead to the developmentof a hybrid scheme(e.g.,
ensemble)that performsbetter than any one method.Along
theselines,our MDMK kernelenablesusto build anensemble
of mixture models that use a variety of different kernel
functions.Our algorithmscurrentlyonly train on andgenerate
predictionsfor individual pixels in individual images.Spatial
correlationand temporalcorrelationwill be accountedfor in
our future work.

We also plan to go beyond the particularproblemof pre-
dicting channel6 to predictingother channelsand quantities
that are of scienti�c importance.We will attemptto quantify
cross-channelinformationthroughfurther mutual information
studies.

APPENDIX I
INSTRUMENT SPECIFICATIONS

TablesII andIII containspeci�cationsof theAVHRR/2 and
MODIS instruments,respectively.

TABLE II

AVHRR/2 INSTRUMENT SPECIFICATIONS

ChannelNumber Wavelength(microns) Purpose
1 0.58 to 0.68 Cloud Cover

Snow Cover
VegetationIndex

2 0.725to 1.00 EarthRadiationBudget
SurfaceWaterBoundaries

VegetationIndex
3 3.55 to 3.93 WaterVaporCorrection

ThermalMapping
4 10.3 to 11.3 ThermalMapping
5 11.5 to 12.5 WaterVaporCorrection

ThermalMapping

TABLE III

MODIS INSTRUMENT SPECIFICATIONS

Band Bandwidth(microns) PrimaryUse
1 0.62 - 0.67 Land/Cloud/Aerosols

Boundaries
2 0.841- 0.876 Land/Cloud/Aerosols

Boundaries
3 0.459- 0.479 Land/Cloud/Aerosols

Properties
4 0.545- 0.565 Land/Cloud/Aerosols

Properties
5 1.23 - 1.25 Land/Cloud/Aerosols

Properties
6 1.628- 1.652 Land/Cloud/Aerosols

Properties
20 3.660- 3.840 Surface/Cloud

Temperature
31 10.780- 11.280 Surface/CloudTemperature
32 11.770- 12.270 Surface/CloudTemperature
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