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Abstract

We describe a strategy for reducing the size and complexity of very large, remote sensing
data setsacquired from NASA's Earth Observing System. We apply the quantization paradigm
from, and algorithms developed in signal processing,to the problem of summarization. Since
data arrive in discrete chunks, we formulate a semi-streaming strategy that partially processes
chunks asthey becomeavailable, and storesthe results. At the end of the summary time period,
we reingest the partial summaries, and summarize them. We show that mean squared errors
between the nal summaries and the original data can be computed from the mean squared
errors incurred at the two stageswithout directly accessingthe original data. The procedureis

demonstrated using data from JPL's Atmospheric Infrared Sounder.

1 Intro duction

The motivation for this work is the needto facilitate exploratory data analysis of very large
data setsproduced by NASA Earth Observing System (EOS) satellites. EOS intends these data
to be usedby the greater researd community in the study of Earth's climate system. However,
for many researders these data are too voluminous for the type of interactiv e, exploratory data
analysis needed to formulate hypothesesand point the way to more detailed investigations.
To ameliorate this problem, NASA instrument teams produce low volume, lower resolution,
summary data setstypically comprised of means, standard deviations and other simple statistics
for certain variables over an appropriate time period, and at coarse spatial resolution. For
example, typical summary products might be aggregated daily or monthly over half, one, or

v e degreelatitude-longitude spatial grid cells. Data processingconstraints make this strategy
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attractiv e becausemeansand standard deviations can be calculated in a\streaming” mode: one
simply accumulates totals for eac grid cell over the summary time period, and performs the
appropriate division. Unfortunately , almost all distributional information is lost in this process,
and this may be the information of greatest interest. For instance, subtle changeswith time and
spacein the number of modesor occurrencesof outliers may re ect important physical changes.

In Braverman (2002) we proposeda method for producing nonparametric, multiv ariate dis-
tribution estimates by grid cell. The method is an adaptation of the Entropy-constrained Vector
Quantization (ECV Q) algorithm developed for signal processingby Chou, Lookabaugh and Gray
(1989). The adaptation in Braverman (2002) was to make the method practical for large geo-
physical data sets and our data processingconstraints. We demonstrated the method on a
month's data from a fairly small but important cloud data set for half the northern hemisphere.
Data from two EOS satellites, Terra and Aqua, have comeonline, and we now have to deal with
more challenging circumstances.

In this paper we propose and demonstrate a semi-streaming version of the ECV Q-based
method using three days of global data from a JPL instrument on Aqua, the Atmospheric
Infrared Sounder (AIRS). Whereas the original method in Braverman (2002) required ingesting
all data be summarized at once, the new method processeghe data in chunks. A chunk is some
amount of data which can beheld in memory. Each chunk is partially summarized, and set aside.
After all chunks are processed,the results are combined and summarized again. For example,
in this paper we usea three day chunk of AIRS data which is partially summarized by applying
a randomized version of the K -meansalgorithm to data in eac grid cell. The cluster certroids,
numbers of members, and within-cluster mean squared errors are recorded, and constitute a
represertation of the original data. Theseare then further summarized by applying a randomized
version of ECVQ modied to accourt for input data with dierent masses. The example here
usesa single three-day chunk, but in practice we envision summarizing a month of data in ten,
three day chunks at the rst stage. The advantage of this strategy is ingestion data in parts, so
ECVQ can then be applied to partially reduced data. ECV Q requires some experimentation to
set algorithm parameters, an unwieldy processif done on more voluminous, original data. The
disadvantage is that the nal summaries' mean squarederrors may be higher. The consequences
depend on the analysis for which the summary data will be used. In our example below, results
appear acceptably closeto those obtained had the analysis beenperformed on the original data.

This paper is organized as follows. In Section 2 we introduce the AIRS instrument and
data. In Section 3 we discuss relevant aspects of quantization theory and how they apply
to our statistical model of the relationship between original and summarized, or compressed,

data. We also shov how the practical constraints of our problem lead to the two-stage, semi-



streaming approach. In Section 4 we derive an expressionfor the mean squared error of the nal
summarized data relative to the original from the mean squared errors in the two processing
stages. In Section 5 we report a sample data analysis using summarized AIRS data, and in

Section 6 we discussour conclusions.

2 Atmospheric Infrared Sounder Data and Science

Data usedin this exerciseare from the Atmospheric Infrared Sounder (AIRS). AIRS is a JPL
instrument on-board NASA's EOS-Aqua satellite, launched on May 4, 2002. Aqua is in sun
synchronous, polar orbit 705 kilometers above Earth, and crossesthe equator during the as-
cending, or northward, part of its orbit at 1:30 pm local time. AIRS successiely scansacrossa
1500 kilometer eld of view taking data in 90 circular footprints as shown in Figure 1. As the
spacecraft advances,the sensorresets and obtains another scan line. 135 scansare completed
in six minutes, and this 90 by 135 footprint spatial array constitutes a \gran ule" of data. AIRS
collects 240 granules per day, 120 on the day-time, ascending portions of orbits and 120 on
night-time, descendingportions. Granule ground footprints precessso granule 1 on a given day
is not coincident with granule 1 on the next day. The descendinggranule map for July 20, 2002
is shown in Figure 2 asan example. At eadc of the 12,150footprin ts in a granule, AIRS obseres
Earth and its atmosphere in 2378 infrared spectral channels. Roughly speaking, the channels
sensethe surfaceor di erent altitudes in the atmosphere. The instrument counts photons at the
di eren t wavenumbers, or inverse wavelengths. These counts are converted to brightness tem-
peratures ranging from zero to about 340 degreesKelvin. Certain atmospheric characteristics
are related to photon emission, and these characteristics can be retrieved by solving complex
sets of equations.

In this paper we use AIRS data acquired July 20 through 22, 2002 for channels listed in
Table 1. The channels sample much of the vertical range of the atmosphere. The test data

set contains the following variables: latitude (u), longitude (v), and eleven measuremens at

Each obsenation represerts one AIRS footprint on the ground, and the test data comprise
about 850 MB. The science question we address is whether the variance among channels 2
through 11 provides information about the presenceof clouds. As AIRS looks down at Earth,
di eren t channels observe di eren t levels of the atmosphere. If a sceneis cloud-free, variation
in brightness temperature acrosschannels should be evident. If clouds are presen, the view is
interrupted and all channels seethe samething, namely the cloud. In this case,the variance

should be lower. Channel 1 is excluded becauseit seesan atmospheric level above that of clouds.



Channel | Wavenumker (cm 1) | Sensitivity
1 724.742 CO,, upper trop osphere
2 735.607 CO2, upper trop osphere
3 755.237 CO2, upper trop osphere
4 917.209 surface
5 1231.190 H»O, deeptrop osphere
6 1285.323 H»O, upper trop osphere
7 1345.174 H-O, upper trop osphere
8 2412.562 CO2, low trop osphere
9 2450.020 surface
10 2500.313 surface
11 2616.095 surface

Table 1: AIRS channelsincluded in test data, and the geoptysical characteristics to which they are

sensitive. Wavenumbers are inversewavelengths.

To summarize the test data, we partition them according to membershipin 1 1 spatial
grid cells, and reindex the xn's as Xxyvn Where u = 90; 89;:::;+89 indexes latitude, v =
180, 179 :::;+179 indexeslongitude, and n indexes 11-dimensional obsenations within grid
cell. Let Ny be the total number of obsenations in the grid cell located at (u;v). At one
degreeresolution average channel variation using channels 2 through 11 in grid cell (u; V) is
L Moo
Nw . 10

n=1 i=2

Wu = (Xuv ni Xuv n )2; (l)

where i indexes channel componernts of the obsenation vector x v ni , and a\ " indicates that a
quantit y is computed over all valuesof the corresponding index. While in principle it is possible
to calculate quantities like wy, exactly, in practice it can be dicult to do soin the context of
real-time, interactiv e exploratory data analysis. For example, if one wants to seewhat happens
if channel 1 is included, the entire analysis has to be redone from scratch.

Braverman (2002) suggestedand demonstrated a method for producing reduced volume and
complexity proxy data sets that could be used in place of the original data for interactiv e,
exploratory data analysis. The basic idea is as follows. We rst spatially stratify the data by
partitioning them into disjoint subsetsbased on membership in 1 spatial grid cells. Then, we
replace the data in eac cell with a smaller collection of representativ e, di eren tially weighted
vectors. For example, if a grid cell subset has 1000 obsenations, we may replace it with v e

represerativ e data points having weights 300, 300, 200, 100 and 100 respectively. The rst



represertativ e stands in for 300 of the original data values, the secondfor 300, the third for
200, and so on. The represertativ es vectors are certroids of points they represert. The set of
obsenations sharing the same represertativ e form a cluster. We call the set of represertativ es,
their weights, and within cluster mean squarederrors a\summary" of the subset. The collection
of summaries for all 180 360 = 64; 800 subsetsis a compressed,or quantized, version of the
data.

Figures 3 and 4 describe our new algorithm for creating grid cell summaries. This version is
easierto implement within the constraints of our data processingsystem than is the algorithm
described in Braverman (2002) becausethis version is semi-streaming: we processthe data in
chunks as they arrive, and set the results aside. Then, we read these \pseudodata" back in,
and summarize them in a secondstage of processing. This avoids the needto hold all data in
memory at once. Our data processingrequirements make it impossibleto accumulate an ertire
month of data into memory. Instead, we accumulate data collected during the rst three days
of the month, processthem, and store the results. This repeated for eat three day period,
called a \chunk". At the end of the month we read the chunk summaries back in as a proxy
for the original data, and summarize them. In a month with 28, 29, or 31 days, the last chunk
may be larger or smaller than the others. The monthly summaries generated this way may not
be as accurate as those generated using a single stage implementation, but this is the price of
applying the method in practice.

A key requirement of the two-stagemethod is that we be able to calculate the mean squared
error betweenthe nal summariesand the original data without going back to the original data.
As shown in Section 3.1, this is indeed possible by combining the mean squared errors from the
two stages. First, however, we establish a statistical framework for describing, evaluating and

comparing summaries.

3 Quantization

Our methodology borrows from quantization and souce coding theory. In this section we re-
view relevant background material, and discussa statistical model describing the relationship
betweenoriginal and summarized data. We then intro duce practical considerations and modi -
cations necessaryto accommadate them. In particular, the framework intro duced in this section
explicitly addressesthe e ects of limiting output le sizes,and the need for summaries to be
comparable to one another with respect to distributional features.

From here on, where it is clear we are discussing a single, one degreedata subset, we drop

the u and v spatial indices from the notation.



3.1 A Statistical Mo del for Quantized Data

Consider data belonging to a single one degreegrid cell. In the caseof the AIRS test data, this

where prime indicates vector transpose. The empirical distribution function of the data assigns
probability 1=N to ead x,, and for conceptual purposeswe let X be an eleven dimensional
random vector having this distribution. To summarize these data, we group the x,'s into
clusters and usethe set of cluster mean vectors and their assaiated proportions of members as
a coarsenedversion of the original, empirical distribution. Figure 5 illustrates the basic idea.
SupposeY is a random vector possessingthe coarseneddistribution. Then Y is a function

of X determined by the way in which the x,'s are grouped. In other words, the support of Y 's

1 X
Yk = Me anl[(Xn)— KI:

n=

(xn) is an integer-valued function identifying to which of the K clusters x,, is assigned:if X is
assignedto cluster k, then (xn) = k. 1[] is the indicator function, and My = P #:1 1[ (xn) =
k]. The massassaiated with y, is M =N. In terms of random vectors, Y = E(X | (X)) =
E(X jY ). Tarpey and Flury call this condition self-consistencyof Y for X (Tarpey and Flury,
1996), and it implies that y, is a minimum mean squared error estimate of all x,'s belonging
to cluster k regardlessof how the x's are assignedto clusters.

The accuracy with which Y represerts X is measured by mean squared error (MSE), also

called distortion
1 X
N

n=1

(Y:X)= kxn Y (xn)k*= EKX YK =trCov(Y X);

wherey () is the represertativ e of the cluster to which x, is assignedby , and k k is the usual
vector norm.  thus provides an upper bound on all elemerts of the error covariance matrix,
Cov(Y X)), and this may be useful in propagating uncertainties through calculations that use

Y asa proxy for X . Moreover,
trCov(Y X)=trE(XX%Y 2rE(XY)+trE(YYHY=trE(XXY) trE(YY?;

sinceE(XY?Y = E[E(XXYYY)] = E[E(XjY)Y Y = E(YYD. This implies that the mini-
mum MSE assignmert of x's to clusters is the one that maximimzes tr E(X Y 9, which in turn
maximizes tr Cov(X ;Y ) + c with ¢ = E(Y% ) = E(X % ). K-means and similar algorithms
iterativ ely searc for such clusterings.

We measuredata reduction in terms of the entropy of the distribution of Y :

X M
h(y)= — P(Y =y)logP(Y =y,)= ¢
k=1 k=1

Iog% = Elogp(Y):



where p(Y ) is a function of the random vector Y realizing the value P(Y = y) whenY =vy. A
natural measureof data reduction is the di erence in entropies of the distributions of X and Y,
but sinceh(X ) = logN is xed, data reduction is maximized when h(Y ) is minimized. Entropy
is a well recognized measure of information content (Ash, 1969, for example), and so we are
quantifying data reduction as a decreaseinformation.

Reducing information content comesat the cost of higher MSE (Cover and Thomas, 1991).
Our goal isto nd an assignmen function, , that simplies the represenation of the data by
reducing h(Y) relative to h(X ), and but doesnot incur large (Y ;X ). Source coding theory,

discussedin the next section, provides a formal framework for studying this trade-o .

3.2 Rate-distortion Characteristics

Source coding theory in signal processingprovides a formal framework for studying the balance
between quality of represertation and data reduction. Source coding theory deals with the
following problem. A stream of stochastic signals, X 1;X 2;::: is to be sert over a channel for
which the average number of bits per transmission is limited. It is impossibleto transmit the
signalsexactly, sincethis would require bit strings longer than allowed by the capacity. Sosignals
are encaded by assigningthem to groups, and group indices sert instead. An encading function,
(X)), returns an integer in f0;1;:::;K  1g specifying group membership. This requires no
more than log K bits per transmission where the logarithm is base2. If the groups are labeledin
a way that assignslow index numbersto the most frequently occurring groups, then the average
number of bits per transmission is minimized and equal to the entropy of the distribution
of the indices, h( (X )). At the receiver, indices are replaced by group represertativ es as
estimates of the original signals. The minimum mean squared error represertativ es are the
group means, (k). Figure 6 is a schematic diagram of the procedure. The MSE of the estimate
is (X; ( (X)) = EkX ( (X ))k?. Assuming bits are assignedto groups in a way that
minimizes entropy and minim um mean squarederror represertativ esare used, the characteristics
of the system are determined by the distribution of the signals and the encader,
Every signal stream, or information source in the language of signal processing, has an
asscaiated function that describesthe best combinations of distortion and entropy that can be

obtained for it. The distortion-rate function is
(ho) = apin (X;Y): (2

This function is non-increasing (Cover and Thomas, 1991), which conforms to our intuition
that the more complex a clustering is, the better will be the quality of the represertation.

The function is also convex: it becomesprogressively more costly to reduce error as entropy



increases. (ho) provides the distortion-entropy combinations that are theoretically possiblefor
signals from a given source distribution.

In this application we identify the signal stream with independert, random draws from a
data set, and with a clustering of its data points. We never actually draw from the data
set or transmit a signal, but rather use the distortion-rate paradigm as a way to quantify the
choices available in clustering the data. Two issuesmust be overcome in order to make use
of the distortion-rate paradigm in this way: we must estimate the distortion-rate function,
and determine which among the possible distortion-entropy combinations is the best for our
purposes.It's easiestto discussthe latter issue rst, asif the theoretical distortion-rate function
were known, then to return to the problem of estimating (hg).

The left panel of Figure 7 is a graphical device for comparing clusterings of a data set. We
can represert any clustering as a point in the ( ;h) plane by calculating its (X ;Y ) and h(Y)
values. If 1 and » are two such clusterings, 1 is unambiguously better than , if 1 < »
and hy hy,orh; < h, and ; 2. 2 is unambiguously better if , < 1 and h, hy, or
h, < hy and » 1. Otherwise, whether one is better than the other depends on whether one
values low distortion more than low entropy. This is depicted by the two lines with dierent
slopes, 1 and 2, Which represent two di eren t relativ e evaluations.

Relativ e importance of entropy and distortion can be speci ed asthe increasein distortion
we are willing to acceptin exchange for a one bit reduction in the entropy of Y : = = h.
A line in ( ;h)-space with slope therefore expressesa set of equally desirable clusterings.
The endpoints of the line give the maximum tolerable distortion or entropy, and points on the
line represent all allowable combinations of the two. Such lines can be thought of as a sort of
compressionbudget, describing the distortion-en tropy combinations we are willing to accept. All
lines with the sameslope represert the samedistortion-entropy trade-o, but lines shifted closer
to the origin are better in the sensethat they represert combinations with lower expenditures.

The right panel of Figure 7 shows a typical distortion-rate function when the number of
clusters, K, is allowed to range between one and the number of data points, N. This caseis
labeled (h);K = N. Two extreme results are possible. First, every data point is assignedto
its own cluster in which case = 0 and h = logN. Second,all points are assignedto a single

PN

n=1

cluster in which case = N ?

kxn xk*= trCov(X ). x is the data set certroid. If the
number of clusters is restricted to K < N, the distortion-rate function shifts in the direction of
greater distortion becauseat least one cluster will haveto have at least two points assignedto it.
Note that (0) remains xed becauseh = 0 implies all x are assignedto one cluster regardless
of K. In the implementation discussedlater it will be necessaryto imposesuc a restriction to

ensure that output les are within size limitations. In either case,the optimal position along



(h) is where a line with slope is tangent to (h), since this is the clustering at which the
trade-o betweendistortion and entropy in the data is equal to the desired rate given by
We estimate the rate-distortion function for a data set by evaluating the function at discrete
points. One way to do this is to choose a set of h values, and for each nd the minimum
distortion clustering among all those with entropies lessthan or equalto ead value of h. Instead
of minimizing distortion subject to a constraint on entropy, we use a randomized version of the
ECVQ algorithm modied for large data sets (Braverman, 2002). We minimize the lagrangian

loss function:

X
L()= k<o Y (xn)K*+ 'ng ’

n=1

®)

where M (xn) is the number of data points assignedto the cluster to which x,, is assigned,and
the logarithm is basetwo. The distortion-rate function is estimated by applying ECVQ to the
data for a set of values. Of course, if we have already xed a priori , there is no need to

estimate (h) at other values of

3.3 Practical Considerations

This discussion now comes full-circle becausewe admit we do not know a priori. In fact,
without any further information the best choice of would be zero becausethis minimizes
MSE. ECVQ then becomesequivalent to K -means. However, a unique, crucial aspect of this
application creates a requirement that goes beyond the general need to achieve accuracy and
parsimony. It provides an additional constraint that leads us to consider non-zero values.

The unique aspect here is that we are not summarizing a single data set in isolation; we are
summarizing 64,800 grid cell data subsetsin concert. These summaries needto be comparable
to one another in the sensethat conclusions drawn by comparing them should approximate
the conclusionsthat would've beendrawn by comparing the underlying, original grid cell data.
Analyses based on grid cell summaries that appear di erent only becausesome provide better
descriptions of their data than do others, are misleading. We must ensurethat apparent dier-
encesamong summaries are due to real di erences in the data, not due to di erences in how well
summaries t their data. This obsenation provides a criterion for setting in the loss function
in Equation (3): choose to minimize the variance among distortions acrossgrid cell subsets,
and usethe same in all subsets. By setting to equalize distortions as much as possible, we
sacri ce quality in somesummaries to achieve comparability acrossgrid cells.

A signi cant drawback to this strategy is that must be found by experimentation. This
requires repeated applications of the ECV Q algorithm in all, or at least a represenativ e sample

of grid cells as described in Braverman 2002. Although the testing procedure can be parallelized



by running dierent grid cells on dierent processors,it is still computationally intensive. To
mitigate the problem we capitalize on another aspect of this applicaton that might at rst seem
like an obstacle: data volume and their arrival schedule.

Recall that AIRS data are collected and processedby granule, and that a given grid cell
receives data contributions from multiple granules acquired on multiple days. Data in that
cell from the same granule are relativ ely close spatially, and are acquired at nearly the same
time. In general we expect them to be more correlated with ead other than with data from
other granules or days. It therefore seemsreasonableto summarize the granule contributions in
chunks de ned in units of days, asthey arrive. In fact, this is a practical necessiy. There is too
much data to accumulate, say, an entire month before starting processing. In addition, we are
unable to choose by the criterion discussedabove without accessto the complete data, and so
we have no choice but to use = 0 at this point. The result is lessuniform quality acrossgrid
cells than we would like, but we can correct for that in the secondstage. The stage one output
are small enoughto permit experiments with

Two modi cations are necessaryfor this approach. First, the pseudo-data points have un-
equal masses,and this must be taken into accourt in computing certroids and evaluating the
ECVQ lossfunction in the secondstage. This is not di cult; it just requires computing weighted
averages. Second, we need to be able to reconstruct the MSE between the raw data and the
nal summaries without going back to the raw data. Fortunately, this is possible, as shown

next.

4 Tw o-stage Quantization

Suppose how we have separate subsets which have been previously summarized, and we wish
to combine them. Assume we have T summaries from T chunks in a one degree grid cell.
Each chunk provides one subset. A random draw from the tth subset is represerted by the
random vector X ; having the empirical distribution of that subset. Let the number of data
points in subsett be N, and let V be an integer valued random variable such that P(V = t) =
Nt=P ;1 Ns independert of the X i's. Let Y = (X ) be the represertativ e of X ;.

Next, dene Y and X as follows:

X

<
1

Ytl[\/ = t],

t=1

X

Xt].[\/ = t]:

t=1

Let (Y ;X t) bethe distortion resulting from the summarization of X ¢, and let h(Y ;) be the

10



entropy. We would've liked to cluster the combined data represerted by X , but we have only
the summarized data represerted by the Y ('s, and the resulting (Y ;X t)'s. We create W
by summarizing the Y .'s, and therefore have (W ;Y ) also. We would like to reconstruct the

distortion (W ;X ) from the information we have available. Note that

(W:;X)= EKW Xk = EK(W Y)+ (Y X)K

EKW YK+ EKY XK+2EW% WX Y% +Y%]

(W:Y)+ (Y:X): (4)
The crossterm in (4) is zero becauseE (W % ) = E(Y % ) and E(W °X ) = E(Y %X ):

EwWY% =E E(YW)Y =E E(YYjw) =E Y% ;
E WX =E E(YjW)X =E E(E(YjW))% X

=E E(YXjX:;W) =E Y%

Therefore, the distortion betweenthe grand summary constructed the individual subset sum-
maries, W , and the original data, X , can be reconstructed as the sum of the distortions of the
two stages. Moreover,
X X
(YiX)=Ej YV =t X1V =t

t=1 t=1

X
= E(Y: X)AY: X)P(V=1t)

= (Yt,Xt)P(V=t)

t=1
Thus, the total distortion of the two stage procedure, (W ;X ), is the distortion from the second
stage, (W ;Y), plus aweighted averageof the distortions from the rst stagewith weights given

1PT
by P(V=1t=N 1 T Ng

X N,
(W;X)= (W;Y)+ Y ;X ) Ps——r! (5)

t=1 s=1 S

5 Creating and Analyzing Summarized AIRS Data

5.1 Computations

Figures 3 and 4 depict the two-stage algorithm usedto summarize the AIRS test data in our
example. Briey , the rst stage usesa randomized version of K -means clustering to partially
reduce the data. We run K-means S times on ead grid cell using a di erent random sample

on ead trial asinitial cluster seeds. We choosethe minimum MSE summary to represert the
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original data. For the secondstage, we concatenate the rst stage summaries for the grid cell,
and summarize them using a randomized version of the ECV Q algorithm modied to accourt
for the fact that the data points have di eren t masses. We use weighted averagesto calculate
cluster represertativ es, distortions, and the objective function. As in the rst stage, ECVQ is
run S times with dierent random samples as cluster seeds. For ead of the resulting sets of
represertativ es,we calculate the MSE betweenthe secondstageinput and the set. The minimum
MSE set is selectedas the nal summary of the data. Additional details concerning the basic
version of the ECV Q algorithm can be found in Braverman (2002) and Chou, Lookabaugh and
Gray (1989).

For this exercise, we processeddata from 360 descending granules from July 20 through
22, 2002, comprising about 850 MB. The rst-stage, randomized K -means used S = 30 trials
and K = 20 clusters for all grid cells. This yields (Y ;X ) for t = 1. Here, we processthe
test data in one chunk for demonstration purp oses. The second-stage,randomized ECVQ used
S = 30 trials, K = 15 as the maximum number of clusters allowed, and = :06. Second
stage processingyields (W ;Y ). Algorithm parameter settings were determined as follows.
was selected by experimentation as described in Section 3.3 using the rst-stage output. For a
more algorithmic description of how is determined, seeBraverman (2002). For both stages,
S was chosenas small as possible, but still according to the basic rule-of-thumb for generating
\large" samples. The valuesof K were chosenas small as possiblegiven we wanted to have some
con dence that a randomly selected set of K data points would be represertativ e of the two-
dimensional sub-spacespannedby the two most important principle componerts of the original
data. Theseaccourt for about 90 percert of the data set's variance. In fact, we performed both
the K -meansand ECV Q clustering procedureson data projected into that subspace. Resulting
cluster assignmens were used to compute new represerativ es in the original 11-dimensional
space.

For timing comparisons, we selecteda small spatial region in the western Paci ¢, and also
ran the single stage version of the algorithm (seeBraverman 2002) on thesedata. The one-stage
version is analogousto what is shown in Figure 4 except that the original data are input rather
than the rst stage output. For this we usedK = 15and = :06 a priori . Table 2 provides
some statistics concerning the original data, and the two implementations on an average per-
grid-cell basis. CPU time doesnot include time necessaryto determine the correct value of
in the secondstage. That involves experimenting with various candidate values and running
the algorithm repeatedly on a sample of grid cells in the one-stageimplementation, or on all
grid cells in the two-stage version. Typically, the task takesabout fteen times longer for the

one-stage implementation than is showvn in the table. However, the comparison is academic
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One-stage Two-stage implementation
Characteristic | Original data | implementation | after rst stage | after second stage
Records 134.25 11.11 195 9.06
CPU seconds | NA 2.95 4.95 6.63
MSE 0 27.93 30.23 43.26

Table 2: Performance statistics for single and two-stageimplemertations. All quartities are on an
average-per-grid cell basis. Note that the CPU time for the two-stageimplemertation is broken into
two parts. The “after secondstage' gure is total time, and includes the “after rst stage' gure.

Also, CPU times do not include time necessaryto determine the proper value of

becausethe one-stageimplementation is simply not viable in our processingenvironment.
The estimated averagevalue of w by grid cell is shown in Figure 9. The calculation usesthe

summarized data:

(yuv ki yuv k )2; (6)
2

i=
where uv indexes spatial location, Ky is the number of clusters, yu «i is the ith componert of
the kth cluster represerativ e, and M, k is the number of obsenations in cluster k. The true
value for the grid cell at latitude u and longitude v is wy, , given in Equation (1).

Figure 10 is a map of the MSE's between summaries and the original data by grid cell,

(W ; X)), calculated using Equation (5):

uv(W;X): uv(W;Y)+ uv(Yl;Xl):

Note that MSE is relativ ely uniform acrossmost grid cells. The high MSE areasin Anarctica,
the Himalayas, and along the equator appear due to zero values on channels 10 and 11 in the
raw data; a known problem discussedbelow.

To get a feel for the signi cance of elevated mean squared errors in the equitorial region, we
calculated the true values of w using Equation (1) for the grid cellsin the study areaidenti ed
by the white box in Figure 10. Figure 11 is a map of this area, which extends from 15 to 30
north latitude, and from 135 to 165 west longitude, showing the ratio (W=w). All values are
lessthan or equal to one, consistert with Jensen'sinequality for convex functions. Evenin this
high MSE area, the ratio is near one for all but a handful of cells. This provides some measure

of assurancethat the information in Figure 9 is reliable.
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5.2 Data Analysis: Characterizations of Cloudiness

We now ask whether the distributional characteristics expressedby grid cell summaries reveal
meaningful information about the nature of physical phenomenathat would otherwise bedi cult
to obtain. Figure 11 concertrates on the western Pacic in part becauseof the prominent
feature in that areain Figure 9. The feature looks roughly like a backwards \c" of low W values
embedded in an area of high values. We nd a number of distributionally interesting grid cell
summariesin that region. In particular, summariesfor (16N, 158E) and (21N, 154E) are shown
in Figure 12. The left panels show the cluster represertativ esin the form of parallel coordinate
plots, and the right panels show numbers of cluster members in the form of histograms. In the
histograms, cluster indices between0to K, 1 are shown on the extreme right, and the count
assciated with ead cluster is in greenon the left. The colors of the bars match those of the
lines of corresponding cluster represertativ esin the parallel coordinate plots. This is somewhat
dicult to seein these static graphics. In our analysis we used an interactiv e tool to click on a
line on the left or a bar on the right, and seethe corresponding bar or line highlighted.

Figure 13 contains daily imagesof the AIRS test data at wavelength 980cm ! in the western

Pacic study area. 980 cm 1!

is relatively closeto our channel 4, and is sensitive to either
surface temperature, or to the temperature of any intervening clouds. A swirl of cold clouds
with brightness temperatures lessthan 220 Kelvin is showvn in blue in the July 21 image. It
can also be seenon the right side of the July 20 image, and lessclearly in the left side of the
July 22 image. On July 21 a small warm spot exists in the certer of the blue structure. This
is the signature of a tropical storm or hurricane, including the warm, clear, eye. A ched of
tropical storm archivesshowed this to be Typhoon Fengshen,one of the most powerful storms of
2002. Fengshenmoved slowly westward though our study area, and later causedheavy rainfall
in Japan and Korea. A second,smaller tropical storm that did not attain typhoon status is also
apparent to the west of Typhoon Fengshenon July 20.

The parallel coordinate plot for (16N, 158E) shows three typesof clustersin 11-dimensional
space. The top group generally exceeds250 Kelvin, and shows the most variabilit y across
channels 2 through 11. Sincethey are warm and variable, this group corresponds to clear areas
seenasyellow or red in Figure 13. The morphology of these parallel coordinate lines is typical of
clear scenesin other areaswhere AIRS views to the oceansurface. Of the 75 data points in this
grid cell, 22 are represerted by these clear-sceneclusters, and these obsenations appear to be
contributed mostly on July 22. The bottom group of clustersin the parallel coordinate plot show
fairly consistert temperatures on channels 2 through 11, and are very cold at about 200 Kelvin.
This is the signature of high, cold clouds indicating sewere storminess. These clusters represert

34 of 75 data points in (16N, 158E), and correspond the blue areasaround that location in the
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upper two panels of Figure 13. Finally, the middle group of clusters at about 225 indicate
intermediate cases. Their parallel coordinate lines suggestcloudiness, but their temperatures
suggestthey are at middle or low altitudes. This is consistert with the aftermath of a storm,
asindicated by the greenareasin and around this grid cell on July 21 and 22.

The parallel coordinate plot for (21N, 154E) shows two typesof cluster signatures, one with
an unusual feature. The upper, warmer group of four clusters represert 9 of 49 data points in
the grid cell, with 6 data points belonging to the warmest cluster. Three of these clusters exhibit
intermediate variabilit y acrosschannels. The fourth contains one data point, distinguished by
an unusual combination of low variability and warm temperature. Its signature crossesthat
of the adjacent cluster at channel 3, quite unusual among grid cell distributions. The data
point is also warmer at upper altitudes compared to the other clusters, as shown by channels
1, 2, and 3, but cooler at lower altitudes, as shown by channel 8. Also, the underlying ocean
surface is relatively cool, as shown by lower values on channels 9, 10, and 11. These thermal
characteristics are consistert with the eye of Typhoon Fengshengas seenin Figure 13.

The bottom set of clusters in Figure 13 clearly contain some anomalous data. Zero values
on some channels are assaiated with poor signal to noise ratios, a common problem for short
wavelength channels when viewing cold scenes.This is not expected to occur with warm scenes,
and examination of the data summaries in other areasbear this out.

This analysis shows the scierti c utilit y of summarizing AIRS data by quantization. The
meteorological signi cance of thesedata is well understood, and the current challengeis to utilize
the enormous amount of information they contain. Here we begin the processof understanding
relationships betweencertain typesof geophysical phenomenaand distributional features of data

generated by them.

6 Summary and Conclusions

In this paper we described and demonstrated a method for summarizing large remote-sensing
data sets. It is atwo-stageprocedurein which the rst stageis semi-streaming. That is, the data
are processedin three-day blocks, called chunks. The rst stage summaries are stored, and at
the end of the summary period we summarize the summariesin the secondstage of processing.
We demonstrated the procedure with one chunk of data from NASA's AIRS instrument. We
arguedthat a quantization method developed in signal processingapplies aswell to constructing
data summaries. These summaries optimally balance reduction in complexity and size against
increasederror. In Section 3.1 we showed that the nal summary errors can be determined from

errors calculated in two stages,without direct accessto the original data. This is a key feature
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of streaming algorithms. Finally, we demonstrated the scierti ¢ utilit y of our method by using
the summarized data to identify and study physical features of Typhoon Fengshen.

There are three conclusions from this exercise. First, the summaries do capture important
distributional features of the data related to physical processes.We paid special attention to
ensuring that summariesfor di eren t grid cells are comparable by carefully choosing the second-
stage algorithm's ~ parameter. A second conclusion is that additional modi cations may be
necessaryto make this method practical for our data production environment. Five processing
secondsper grid cell for the rst stage translates to (5 64800=3600=) 90 hours per chunk.
We can speedthis up by lowering K , the number of clusters, lowering S the number of trials, or
by using sampling in determining cluster represertativ es (Braverman, 2002). These strategies
will most likely result in summaries with higher mean squared errors, although magnitudes
are uncertain becausethey depend on data characteristics. We will perform experiments to
determine how best to cope with this. Our third conclusion is that interactivit y is key to
making the best use of summarized data for exploratory scienceanalysis. We made heavy use
of a Java tool written especially for viewing summaries interactiv ely. This allowed us to quickly
comparedierent grid cells, understand how summaries change as a function of spatial location,
and draw connections between physical phenomena and distributional characteristics. We are
encouraged by the results of this exploration, and eagerly anticipate moving forward on this

project.
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Figure 1: AIRS scangeometry Left: Ground-tracks for ascendingportion of orbit. Certer: AIRS
instrument and ground footprints in one scanline. Right: AIRS, AMSU and HSB views of one

footprint. AMSU and HSB are two other instruments on Aqua.
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Figure 2: Descendinggranule map for July 20, 2002.
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Figure 3: Schematic diagram depicting the rst stage of quantization for a single 1 latitude by
1 longitude grid cell. Individual chunk subsetsare clustered using a randomized version of the
K -meansalgorithm. K -meansis repeated S = 30 times, using a di erent set of randomly selected
cluster seedsead time. The data summary is the set of K cluster certroids, and their assaiated
numbers of members and within-cluster mean squarederrors. The input data may be standardized
or projected into a principal componert subspaceto reducedimensionality. If so,the represenativ es

are corverted bad to data space.

19



Randomly assign Compute cluster Reassign data
data points 10 15 || centroids and = points to minimum
clusters counts loss clusters

T

Test for
convergence

ECVQ module:
repeat 30 times

1
1
| G #$" 45+BI. ABL)YHKE ). 13 | h 596834)M IN-%$" " )*. " 13 1
1
. ] S —
S A —— {
15 or fewer 15 or fewer 15 or fewer
representatives representatives | ot * = = * = representatives
=>)*3-+)0F
8. 83*3#-A
Assign to closest " -83*
Input data: —p»| representative,
Concatenated update =
first-stage summaries Assign to c'o'seSt
for one grid cell > representative,
update Assign to closest
p - - . —Pp| representative,
update
Summary: Summary: ¢ ummary:
15 or fewer 15 or fewer 15 or fewer
-~
representatives, representatives, et representatives,

counts and distortions counts and distortions counts and distortions

=>)@" ') 28.8." 48*

Choose
minimum
distortion
summary

Best grid cell
summary: 15 or fewer
representatives,
counts and distortions
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have di erent mass. Thesedata are summarizedusing a randomizedversionof the ECVQ algorithm.

20



u

|
dA A

Figure 5: Schematic diagram of quantization. Although shown here asif scalar-valued, x's and y's

are vectors.

Figure 6: Schematic diagram of signal encading, transmission and decaling.
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Figure 7: Left: rate-distortion plane. Entropy is on the horizontal axis and distortion is on the
vertical axis. The clustering speci ed by ; is superior to the others becauseit has lower distortion
and entropy. » is inferior to the others becauseit has higher distortion and entropy. Which of

3 and 4 is better depends on whether low distortion is valued more than low entropy. If ;
re ects our relative valuation, then 4 is preferred. If , re ects our relative valuation then 3 is
preferred. Note that all points alongthe line with slope , are equally desirable,and lines parallel
lines to the interior represert more desirable clusterings. Right: distortion-rate spaceshowing (h),
the distortion-rate function for a data set or information source. (h) showsthe minimum possible
distortion among all clusterings having erntropy lessthan or equalto h.  represerts the rate at
which oneis willing to acceptadditional distortion for a reduction in entropy. The optimal location
along (h) for a given is the tangent point of the line with slope with  (h). Restricting the
number of clustersto be lessthan the number of data points (K < N) causes (h) to shift in the
direction of greater distortion.
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Figure 8: The spatial dimensionsand relative locations of three chunks are shown in red, green
and blue. The black squareshows the spatial dimensionsand relative location of a grid cell which
receivesdata from all three. Here, the chunks are showvn asdi erent, overlapping granules aswould

be the caseif chunks were separatedays.
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Figure 9: Estimated value of w from summarizeddata. Units are degreesKelvin.

Figure 10: Mean squared error between summarized and original data. Units are degreesKelvin.

The white box shows the study area, 15N to 30N latitude, 135Eto 165E longitude.
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Figure 11: Ratio of estimated to true valuesof w (W=w) for the western Paci ¢ test area.

Figure 12: Cluster represenativ es, left, and courts, right for three grid cells. Top: 16N, 158E.
Bottom: 21N, 154E.
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Figure 13: AIRS measuremets at wavelength980cm ! for the study region. Top: July 20. Middle:
July 21. Bottom: July 22. Units are degreesKelvin.
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