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What is PCA?

*Principal Components Analysis (PCA) 1s a classical
approach to extract independent information

It 1s commonly used to reduce the dimensionality of
a data set with a large number of interdependent
variables

*For data with Gaussian distribution, PCA extracts
statistically independent features from the data



Why PCA?

e AIRS Granules contain
6 minutes of data

e 240 Granules per day
* 35GB per day
9 FOV

2378 channels
4 bytes/word

IASI Granules contain
~3 minutes of data

491 Granules per day
30GB per day

4 FOV

8461 channels

2 bytes/word



Why PCA?

Data size 1s very large compared with current

sounders (one orbit ~ 2GB vs. 8

)

Information 1s not independent. PCA can reduce
the dimension of the representation and find
primary independent pieces of information

Principal Component Scores (PCS) can be
provided instead of the individual channels

Individual channels can be reconstructed with

minimal signal loss



R = ra,+rn.,+tr;+ ...+ .l

where I, =(1,0,0,0,0....0.); 1, =(0,1,0,0,0....0,)

Data are rotated onto a new set of axes, such that the first
few axes have the most explained variance.

R = p.E,+p,.E,+p;E5+....+ p.E

n n
where E are eigenvectors and p, = R E,

So instead of R vectors of length n, we can have a truncated
P vectors of length m, where m <<n



Generating eigenvectors

» Compute the covariance matrix S, from a global
ensemble of AIRS normalized spectra (radiances
are normalized by expected instrumental noise) .

* An eigenvector decomposition 1s performed on S
to generate the eigenvectors E and eigenvalues A

S=E AE"

 E = matrix of orthonormal eigenvectors

A = vector of eigenvalues (diagonal matrix of
eigenvalues, A1> A 2>...> A n)



Compute principal component scores:

P = E' R ; elements of R =(r-r, (mean)) /nedr,

Invert equation and compute reconstructed radiances R*

Reconstruction score = [ 1/N X(R*. - R))? 12
1=1....N channels

It’s a measurement of how well the radiance can be
reconstructed. If 1t 1s less than 1, 1t means that the radiance
can be reconstructed within the noise level
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Application 1: Reconstruct Radiance
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DS Application 2: Regression Retrieval:

*Use PC scores 1n least squares regression to derive geophysical
retrievals (temperature, moisture, ozone profiles)

- the inverse of the predictor matrix 1s more stable

- the regression solution is computationally fast

In matrix notation the form of the regression coefficients C, dimensioned m
number of parameters by the kK number of principal component scores, is

C = XPT(PPT)!

where X is a training dependent predictand ensemble matrix, of dimension m
by sample size S. P*, the training predictor ensemble matrix, is dimensioned
k by S. On independent data the m-dimensioned solution vector is obtained

from the matrix multiplication of C p*, where p* is the independent vector

of principal component scores of length k.



Regression Retrieval(2):

*For regression we used the cloud cleared radiance and
ECMWEF from three level-2 focus days: Sept. 6, 2002;
Jan. 25, 2003; and June 08, 2003.

*Data was selected by screen out where it 1s too cloudy
(using an AMSU predicted airs test), or the cloud
cleared radiance can not be reconstructed well.

*Use the first 85 PCS as predictors, generate
regression retrievals of atmospheric temperature,
moisture, ozone, and skin temperature
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Regression Retrieval(3)
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Application 3: Detector

Monitoring/Quality Control

- When a large difference between reconstructed
and the original radiances 1s found, it 1s often due
to a problem 1n the original radiances

- In AIRS operation we use the neighboring
channels to compute the pcs, and then reconstruct
the erroneous channel.
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Detector Monitoring/Quality Control
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Large reconstructed error can be use to i1dentify suspicious data



Application 4: Diagnose Climate

5% Anomaly Signals — A Case Study

Static PCS are very stable over time

It 1s useful to monitoring the changes in the global
environment.

When an anomaly event occurs, we may see the
signature of 1t in reconstruction scores.

A case study has been done for Mt Etna volcano
eruption.
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A Case Study: Mt. Etna Eruption(2)

oRec, {(grapuls)
Reconstruction Error (SO2 band, 40 pc used)
1.0 y T . .
0.8 -_ Granule ev _-
2 0.6 L Cal, Noise _-
x L i 227 3236.6245.9255. 2064 5073, 82831 227 3236.6245,9255. 2064 5073, 8 83,1
ﬁ [ ] Rgc. (static) Obs.
[} 0_4 f— — - \K_(—j 290 T T T T T T
. L i =
L 4 - é%f/_‘) ogp ERes (granule}
021 3 270F
0.0 ) . ) - 260 F
1250 1300 1350 1400 1450 250 F
frequency
240 -
230
220 .

N 220 230 240 250 260 270 280 290
227.3238.8245.9255.2’&54.5273.8983‘1

RS [ 1343.77 ] em—1, Oct 28 2002 G—123



The use of PCA 1n processing

AIRS data

AIRS is currently being processed and distributed in near-
real time in NESDIS

e  There are many important applications of PCA to AIRS
processing, such as:

—  Detector Monitoring and Noise Estimate

— Radiance Reconstruction

— Regression Retrieval of Physical Parameters
— Climate Anomaly Signal Diagnostic

— Data Compression...



The use of PCA 1n processing

IASI data

« Simulated IASI data
each granule:

* 2 scan lines
*4 TASI FOV
* 8461 channels

e For easy computation, divided the 8461 channels
into three bands

band 1: 2261 channels 645¢m! ~ 1210cm!
band 2: 3160 channels 1210.25¢cm ™! ~2000cm!
band 3: 3040 channels 2000.25¢cm™! ~2760cm!




The use of PCA 1n processing

IASI data

The algorithm to generate and apply IASI
eigenvectors 1s same as AIRS

Computed 200 principal components for each
band

Reconstruct the radiance by using principal
components

Compute the PC scores
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431 BT ( S44.00cm—1) for Granule—029 20050714 Reconstruct 1431 BT {  844.00cm—1) for Granule—0239 20050714

2Q0.2 219.1 238.1 2571 2781 2851 2Q0.2 219.1 238.1 2571 2781 2851




IASI BT - Reconstruct BT
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IASI Reconstruction Scores for
Band 1 and Band?2

PC Scores for band (845cm—1 to 1210cm—1) for Granule—022 20050714 FC Scores for band (1210.25cm—1 to 2000cm—1) for Granule—029 20050714
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IASI Reconstruction Scores for
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&2 Apply PCA in Data Compression

 AIRS: 35GB per day
IASI: 30GB per day

e Lossy Compression: Using PCA can compress the
data by reducing the number of dimensions
without much loss of information. For example,
keep 200 PCs, the compressed data size 1s ~ 9.5%.
The RMS for PCA compression (comparing with
observed data) 1s similar to the noise level. For
AIRS data, lots of PCA RMS are above 0.2K.

Some values are above 1K.




Huffman Compression

e To improve the accuracy of the PCA compression,
we can combine Huffman compression with PCA
in our application

« Huffman compression is a lossless compression
algorithm that 1s 1deal for compressing text or
small value data.

 Huffman compression uses a short bit code to
replace the original data value. It assigns smaller
codes to frequently used data and longer codes for
data that 1s less frequently used.



* For example consider a file consisting of the
following data (31 characters)

AAAAAAAAAABBBBBBBBCCCCCCDDDDDEE

If each character 1s represented by using eight bits,
then the number of bits require to store this file will

be
31*8 =248 Bits

* To apply Huffman algorithm, we need to build a tree
that replace the symbols by shorter bit sequences



For each leg 1n this tree,
suppose the left leg 1s 0 and the
right leg 1s 1.We can get the

COde &3 Level 1 ceDaA| 31
A by the code 11 — 2bits e
B by the code 10 — 2bits 5 (3
C by the code 00 — 2bits Lotz (CED13] BATT8
D by the code 011 — 3bits A \
E by the code 010 — 3bits

4 5 6 7
then the size of the file becomes ‘tevis [ % EDIID—? W
2*10 + 2%8 + 2*6 + 3*5 + 3*2 "\
= 69 bits 8 / 9
This mean that 69 bits are used Levers e il =
instead of 248, a compression
ratio Of 3 6 to 1 fOI’ thlS http://www.howtodothings.com/ViewArticle.aspx?article=392

particular file



i Compress AIRS data by Combining

=~ PCA and Huffman compression

We first compute 120 PCs and calculate the residual files. We
need to store 120 PC scores and eigenvector files.

The residual 1s between -10K to 10K.

For near lossless compression, if the precision is 0.005K, then the
residual data is between -9.99 and 9.99K. There are 2000 leaves
in the tree. If the precision 1s 0.05K, the range of the residual data
will become -9.9 to 9.9K. There are only 200 leaves 1n the tree.

The more accurate compression means the more codes and bigger
tree need to be built. And the code 1s also longer than that of less
accurate compression data.

The longer of the code, the bigger of the compressed file.

fl:{le bigger of the tree, the slower to compress/decompress the
le.



Result: AIRS data compression

* One granule of AIRS data: 86MB

e residual file: 86 MB

« cigenvector file: 6

e compute 3 bands need store 120 PC (40pc for
each band):

120*4*135*90 ~ 6MB

compute full band just need 40 PC
40*4*135*%90 = 2




&2 Result: AIRS data compression

e 0.005K accuracy (biggest bias 1s less than 0.005K):
compressed residual file ~ 17MB
compression ratio: 120 PC: 86/(6+6+17) = 2.97

40 PC : 86/(6+2+17) =~ 3.44
encoded time: ~ 17 seconds
decoded time: ~ 25 minutes

e 0.05K accuracy (biggest bias 1s less than 0.05K):
compressed residual file ~ 9
compression ratio: 120 PC: 86/(6+6+9) = 4.1

40 PC : 86/(6+21+9) =~ 5.06
encoded time: ~ 12 seconds
decoded time: ~ 1 minutes 20 seconds
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Result (0.005K accuracy):

AIRS data compression
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esult

AlRZ Observed AIRS Observed BT — Reconstruct BT (966.23cm—1)for Granule—001 20050502
FE ; :

—0.5%20 —0.2342 —0.0764 00814 0.2392 0.3971
—0.0050 —0.0030 —0.0010 0,010 0.0030 00050

PCA+HUFFMAN
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Summary and Future Work

 PCA has been proved to be very useful for AIRS
processing.

e Will continue the work for IASI and other hyper-
spectral instruments.

« FOR IASI, will work on:

« Test on generating eigenvector by using different noise files

« Compute the full band (all channels 8461) eigenvectors and
compare the result with those of the separated bands



&4 Summary and Future Work (2)

- Use PCA for quality control

- Data compression -Analyze accuracy vs.
compression ratio

- Regression retrieval of physical parameters...
« Website development

« And more...



ag Summary and Future Work



