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Are the droughts increasing in coverage and duration or are
they pretty much stationary?
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Will analysis on compressed data yield similar results
compared to actual data?
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What is the best distribution of gauges to efficiently measure
precipitation?



BACKGROUND

Challenges: Different Data from Different Sources

Precipitation for June 1994

EE T T

Data from MERRA database Data from NOAA

Image provided by Physical Sciences Division, Earth System Research Laboratory,
NOAA, Boulder, Colorado, from their Web site at http://www.esrl.noaa.gov/psd/.



BACKGROUND

Challenges: Large Data

Precipitation for June 2000

90 by 51 pixels (4590 pixels)

Image provided by Physical Sciences Division, Earth System Research Laboratory,
NOAA, Boulder, Colorado, from their Web site at http://www.esrl.noaa.gov/psd/.



BACKGROUND

Challenges: Large Data

12 months

January 2000 June 2000 December 2000

90 by 51 by 12 pixels (55080 pixels)



BACKGROUND

Challenges: Large Data

January June December

1979

2000

2013

90 by 51 by 12 by 35 pixels (1927800 pixels)



BACKGROUND
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Figure : Each row is one map and each column is the time series
observation for a given location. [1]



SVD AND STATIONARITY

Interesting Questions

@ Are the droughts increasing in coverage and duration or
are they pretty much stationary?

@ If we compress the data and analyze it, will it give us
similar results to analyzing the whole data?

@ What is the best distribution of gauges to efficiently
measure precipitation?



SVD AND STATIONARITY

Eigenvector maps and Variation

A=UxzVT

Classical calculation of SVD [1]
@ Form the matrix ATA

@ Find eigenvalues \; = o7 for singular values and normed
eigenvectors i.e. ||vj|| = 1 to form right unitary matrix

@ Project eigenvectors u; = 1 Ay; to form left unitary matrix
J



SVD AND STATIONARITY

Preliminary Results

Average of 12 months: 1st Eigenvector, 26.28%

Average summer, all years: 1st Eigervector, 22.9%
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Figure : The contour eigenvector map corresponding to the first

eigenvalue for an average of (a) all months and (b) summer months
only.



SVD AND STATIONARITY

Preliminary Results

‘Yearly data for 12 months: Scaled Eigenvalues
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Figure : The percentage of variation that the first 3 eigenvalues

represent for the 35 years. This is calculated as follows: f-kA/
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COMPRESSION

Interesting Questions

@ Are the droughts increasing in coverage and duration or
are they pretty much stationary?

@ If we compress the data and analyze it, will it give us
similar results to analyzing the whole data?

@ What is the best distribution of gauges to efficiently
measure precipitation?



COMPRESSION

SVD and Compression

A:O'1U1V1T+"‘O'nUnV,Z— =
n £ 150
e=) |l —Pyqdl? :
Where Pq/} da[l] ZI ] C/I urmber of Eigervectors
T A Figure : The error of including d
Ci=V;a many eigenvectors in the

reconstruction of A



COMPRESSION

Compressing the Intensity Domain
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Figure : June 2000 precipitation (a) side view and (b) top view.



K-means algorithm

Step 1: Minimize distance [2]

.
02 04 06 08 1 12 14 16 18 2

Ci={xxeS:|xk—2z| <|xk—2zl|forj=1,--- ,dandj # i}
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COMPRESSION

K-means algorithm

Step 2: Center [2]




COMPRESSION

Figure : (a)MATLAB’s built-in k-means function applied on detrended
precipitation data for a particular June. Number of generators = 4.(b)
Error of representing the data with 1 through 10 generators.



New Focus

@ Are the droughts increasing in coverage and duration or
are they pretty much stationary?

@ Which parameters contribute most to modeling drought?

@ If we compress the data and analyze it, will it give us
similar results to analyzing the whole data?

@ What is the best distribution of gauges to efficiently
measure precipitation?



NT RESEARCH

Where to place the gauges?

Average of 12 months: 1st Eigenvector, 26.28%
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Figure : First eigenvector map for average over all months.



CURRENT RESEARCH

Centroidal Voronoi Tessellation

Tessellation instead of cluster [2]
Vi={xeW:|x-z|<|x—-z|forj=1,.-- ,dandj # i}

Center of mass instead of mean

5 _ er\/i p(X)X
I er\/,- p(X)

Minimize cost function instead of distance

e—zz x)|x — zi|?

i=1 xeV;



CURRENT RESEARCH

Centroidal Voronoi Tessellation

Figure : Random points used as generators of the tessellation.



CURRENT RESEARCH

Centroidal Voronoi Tessellation
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Figure : Second iteration.



Centroidal Voronoi Tessellation

CURRENT RESEARCH
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Figure : Fifth iteration.



CURRENT RESEARCH

Centroidal Voronoi Tessellation
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Figure : 29th iteration.



CURRENT RESEARCH

Centroidal Voronoi Tessellation

Gauss. Dist: 501 pixels, y-831 pixels, ngen = 100
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Figure : (a) The CVT using an exponential density function.(b) A
regular cost function.



CURRENT RESEARCH

CVT and Gauge Locations
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Figure : (a) The CVT on top of the first eigenvector map for average
over 12 months (26.28%).(b) The cost function (not normalized).



CURRENT RESEARCH
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