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Motivation

JPL

Multi-angle Imaging SpectroRadiometer (MISR) aboard
Terra produces about 1 TB per month of ra,
physical data.

diance and geo-
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MISR RGB middle-Atlantic states images, March 24, 2000.
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» Partition data on a monthly, global, one degree by one de-
gree grid.

> Replace original data in each cell with a set of representa-
tives and associated weights called a, summary.

» Discrete distribution so defined should be close to the orig-
inal empirical distribution, but also parsimonious.

» Similar to data squashing (DuMouchel, 2001), quantization
(Cover and Thomas, 1991).



Method =]

Data

o -assigns y's to clusters:

n o(y) = k.
¥ \ Compressed Data,
Quantized Data,

%
P Summary B(k) produccs c]tIvatcr mcans:
" avg (s, 35) 2| Blk) = §gy Zonm1 Unlla(ym) = K.
¥s k=2 1
avg(y1)
k=3 3| NV (k) produccs cluster eounts:
avg(ys, ¥4, UN) /

N(k) = Yoo, Hoyn) = k).

N rows
C columns
Ay) is the average of the cluster to which y belongs: g(y) = Ble(y)).
N

R.V. varsion: @ = ¢(Y) = B(Y|Q). = E(Q) = E(Y),
Var(@) < Var(Y),
Cov(Q,Y) = Cov(Q).

Two figures of merit for g, or cquivalently, o

Ag) = % T 1t — glp)l*= trCov(Y — Q).

hlg) = — ok, i log M.
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» Want fewer, more massive clusters when that will do <=
want distortions as similar as possible.
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ECVQ Algorithm:
Asign o K » Minimize Ly = £ SN d(y, k) by choice of o
compute (. d(y, k) = lly — BRI + A [~ log 28]

» Original application: cstimatc distortion-ratc

Rcassign rows

to minimize functions of information sourccs.
[ Data
d(y.k} . R A5
Alg*)
Updatc 8(k)’s
and N (k)’(s.)
Dcletc cmpty
chusters.

Summary

» Computationally intcnsive, depends on initial
random assignment, not distortion-minimizing.
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ECVQ Modification 2:

- ~ K
Assign to K {ﬁ(k)N(k)}
clustcrs, Samplcs k=1
caropute A{kYs. Summary » Minimizcs crror.
l » Itcration and multiple scans
Reassign rows on samplcs only.
- to minimize Ncarost ncighbor
d(y, k) . 4 a‘fislnn:cnt, up-
counts, and crars | > Best preliminary summary
! Data : is the onc with smallest
Updato B(k)'s A.
and N{k)s.
Delete cmpty Best preliminary
custors. Summary » A is a goodness-cf-fit
mcasure.
Samplcs

Ncarcst neighbor » Avcrage of A's, A,
l d:fs‘sl'_mf"t, up- is a proccss performance
C clUstCr mcans, i Y
o ints. amd Orrors. mcasurc which accounts for

sampling variation.

Prcliminary
Summarics
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> MISR aerosol data over southern Africa, August-September
2000.

> Yn 18 a six-dimensional observation (row of data): gy, =
(Tis X1 Xn2> Xn3s Xona,s Xns) With a latitude and longitude,
representing a 1.1km? region. |

> 7y 1s optical depth. Xn;'S measures how close the vector of
observed MISR radiances is from that predicted by aerosol
model j.

» Original data: 6,304,861 observations. Zlat,m K =9 322
observations.
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(b) Relative V/A. (c) Relative VA,

Key:

(&) > 20,000
(b) > 0.05
(c) 2> 0.05
(d) 40

(e) =45
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Is there q relationship between optical depth and hetero-
genewty of the model-fit v ’s?

> Measure heterogeneity by w,, = %Z}ll (Xnj — Xn)*.

> Compare: p(7,w) computed using original data to p(r, w)
computed from summaries:

p(T, w) = 27]2\;1(77% — 7)(wp, — W) |
\/Zr]zv-:l (Tn =7 )2\/ et (wn — @)?
p(T,w) = Zli(zl N (k) (7% ~ 7)(r — w)

VL NE) G- 775K, Nk an — o)
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Key:

IR ] .

» (Quality depends on distortion and on the form of the trans-
formation.
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» Computational efficiency is an issue; depends in part on
how clustered the data are.

» Improvements: two-stage version; FastECVQ.

» Algorithm parameter settings require experimentation.

» Provides nonparametric, descriptive summary of the data.

» Sensitivity tests required to guage effect of users’ transfor-
mations.





