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Crossing Disciplinary Boundaries: Novel Techniques for Data

Analysis in Space Physics

Dmitri Kondrashov

University of California, Los Angeles
Motivation

1. Geophysical time series have typically broad peaks on top of a continuous,
“warm-colored” background =» Method

2. Connections to dynamics =» Theory
3. Need for stringent statistical significance tests =» Toolkit
4. Applications to analysis and prediction = Examples

Joint work with M. Ghil and many others

http://www.atmos.ucla.edu/tcd
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Motivation & Outline

1. Data sets in the geosciences are often short, contain noise (errors) and are
gappy: this is both an obstacle and an incentive.

2. Phenomena in the geosciences often have both regular (“cycles”)
and irregular ("*noise”) aspects.

3. Different spatial and temporal scales:
one person’s noise is another person’s signal.

4. Need both deterministic and stochastic modeling.

5. Regularities include (quasi-)periodicity = spectral analysis via “classical”
and novel methods - singular spectrum analysis (SSA).

6. Reconstruction of gappy data with SSA.

7. Does some combination of the two, + deterministic and stochastic
modeling, provide a pathway to prediction?
Empirical model reduction

8. Be prepared to answer questions...

For details and publications, please visit:
TCD  http://www.atmos.ucla.edu/tcd/ 2/32
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Spatio-Temporal Variability
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- Standard view — Binary thinking:
Trend — Predictable (completely), deterministic, reassuring, good;

Variability — Unpredictable (totally), stochastic, disconcerting, bad.

- In fact, these two are but extremes of a spectrum of, more or less predictable,
types of behavior, between the totally boring & the utterly surprising.

o (Linear) Trend = Stationary >

Periodic > Quasi-periodic >
Deterministically aperiodic >
Random Noise
- Here “>” means “better, more predictable”, &
Variability = Trend+ Periodic + Quasi-periodic +

Aperiodic + Random




Spectral Density (Math)/Power Spectrum (Science & Engng.)
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Variance vs. frequency

Continuous background
+ peaks (poles)

-f
- Wiener-Khinchin Theorem <-> Bla%kman-Tukey Correlogram
1
— lim —
R(s) Jm o /:I:(t)a:(t + s)dt
—L
1 —ifs »
S(f)==— | R(s)e”*“?ds= R(s)
21
Time-domain<->frequency_<cfloomain: lag-autocorrelation function
& the spectral density are Fourier transforms of each other.
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Power Law for Spectrum (cont’d)
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- Nonlinear cllmate hypothesis: “Poles” correspond to the least

unstable periodic orbits

“unstable limit cycles” “Poincaré section”

- Major clue to the physics that underlies the dynamics

- Orbits are not necessarily elliptic, i.e. not
(x,y) = (aysin(ft), bycos(ft))

- but phase and amplitude modulation and intermittent behavior.

(z,y) = (ar (t)sin(ft + ¢(1)), by (t)cos(ft) + ¥ (1))
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Power Law for Spectrum
AT s et Ty g SN A At S e e R b it M“a.mu-tv__mw
S(f) ~FP o+ poles
l.e. linear in log-log coordinates
For a 1st-order Markov process or “red noise” p = 2
“Pink” noise, p =1 (1/f, flicker noise)
“White” noise, p=0

It is a challenge for short and noisy geophysical time
series to distinguish between poles and red noise.

¥ = —wT US. T = —\T

Tradeoff for spectral methods: resolution (spurious
peaks) vs. robustness (power leakage)
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Synthetic example

Data
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Q: Is there a periodicity and what is its frequency?

40.8

80.6 120.4

160.2

Hint: It is a periodic signal contaminated by noise...

A: What is the underlying noise “null hypothesis”?

200.0

7132
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Frequency
Frequency

Maximum Entropy Method (40)

Blakman-Tukey FFT (window 80)
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Advanced Spectral Methods
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10t Singular Spectrum Analysis

I

‘A

/

- Singular spectrum analysis /_\\T—-__--_
(SSA)and Multi-taper method |~ [/}
(MTM). .

- detection of periodic signals: "“\V-:\\_ /1-

phase and amplitude modulation;”-——— ——\/
iIntermittent behavior, large noise.

Multi-taper method

- use data-adaptive orthogonal |
basis in frequency domain "
(MTM) and time domain (SSA)._

- significance tests for spectral S\

10

peaks.

0.20 0.30
Frequency




Anybody guessed it right?
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Singular Spectrum Analysis (SSA)

Spatial EOFs, Principal Component Spatio-temporal EOFs, SSA
Analysis (PCA) s - lag
X - space

o(x,0) =Y a,(De(x)

Cx(s)=EX(t+s,0)0(s, )

Co(x,y)=E0(x, ®)0(y, ®) :_/Xf X (t +5)dt

——/}¢xt O(y,1)

ONACOEY AR
G, (%) = e (x)

Pairs =» oscillations
(nonlinear) sine + cosine

. _ . PAIT \autard & Ghil (1989: /()
Empirical Orthogonal Functions (EOFs) Physica, 35D, 395-424

are the most optimal patterns to capture
the variance.

EOFs are statistical features, but may
describe some dynamical (physical) mode(s)
in low-order dynamical systems




SSA Power Spectra & Reconstruction

- A. Transform pair:

O 2 e e TRt o DI SRR

t + 8 Zak ek ) FEOF

For given window M, ex’s are adaptlve filters (empirical orthogonal functions)
=) X(t+ s)ex(s), ar(t) — PC

the ax’s are filtered time series, principal components in time domain.

B. Power spectra
. 1 [t
ZS"" ; Sk(f) = Rr(s); Ri(s) = T/ ax(t)ag(t + s)dt
0
C. Reconstruction

XK = 7 30D ault — s)ex(s):
ke K s=1

in particular: K = {1,2, ..... ,S} or K = {k} or K = {l,l—l— 17)\l ~ )‘l—I—l}
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SSA of Nino-3 index (ElI-Nino)

SSA decomposes (geophysical & other)
time series into
Temporal EOFs (T-EOFs) and
Temporal Principal Components (T-PCs),
based on the series’ lag-covariance matrix

Selected parts of the series can be
reconstructed, via
Reconstructed Components (RCs)

Time series

SST (deg C)

4.0

X T T T T
2.0 B
0.0 q
20 4

_40 1 Il Il Il
1950 1960 1970 1980 1990 2000

Nifio-3
SST anomalies

T-EOFs

TEOFs1&2

o Leading pair:
y 48-month period

RCs

Sumof RCs 1 & 2

0.0 /\/\/\/\/\/\/\/\A/V\f/ 1 Leading pair
10| i

2.0 1 1 1 1
1950 1960 1970 1980 1990

2000

* SSAis good at isolating oscillatory behavior via paired eigenelements.
« SSA tends to lump signals that are longer-term than the window into
—one or two trend components.




SSA of Southern Oscillation Index (EI-Nino)

SOl index SOl spectrum

Ty,

10'

0 0.05 0.1
Frequency (cycle/month)

m | —full
—10 RCs

_15950 1960 1970 1980 1990 2000
Year

e Powerful noise filter: Break in slope of SSA spectrum 20 40 60
distinguishes “significant” from “noise” EOFs Rank

e Formal Monte-Carlo test identifies 4-yr and 2-yr ENSO oscillatory modes (SSA
pairs). A window size of M = 60 is enough to “resolve” these modes in a monthly
SOl time series.




SSA Forecast (Sunspot cycle)

ORISR, S it G P ST YAty 5T S T 5N s itk TRt i i AP i WP
3 . . 1
x10 Sunspot time series x10 Sunpsot number prediction
Reconstruction/Prediction|
Datal
0.17 I | | k 17.22, M HA
0.08 A 8.61 w MM ‘
\J 0.0 W W w Mw
0107919_1 1851.6 1902.9 19541 2005.4 1950.1 1962.1 1974.2 1986.3 1998.3 2010.4
Time (year) Time (year)
° ForecaSt prInCIpaI Components Of “Signal’, XlO2 Cross-validation: 10 EOFs , lead time= 60 months, M=400
with AR(M) model and do reconstruction. b
1.8 I |
- Perform cross-validation to find optimum M\ W\
number of “signal” components. b L8
- Correlations are both advantage and WW N ) M V\
limitations of empirical models. 0.0 V
1879.0 1904.3 1929.6 1954.9 1980.2 2005.5

- Can be improved with multivariate series.

Time (year)
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Future of “Space Weather”?
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ENSO Forecast from Jun 2005 to Mar 2007

NINO3.4 SST Anomaly(“C)

Model Forecasts of ENSQO from Mar 2007
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Dynamical Model: - -
¥ L - Dyn. model:
= NASA GMAO L ]
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Statistical Model. S 3 : 2Rt e 7 O CPCMRKOV
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O CPC MRKOV - % 3 4 ®@cocLm
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L - b w o C8SUCUPR N ) . UBC NMET
15l IS = 1 ©  UBC NNET r -] © FSUREGR
— |
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» Forecast of Nino-3 index 1-yr ahead, and recent performance.

- Real-time forecasting is tough even with many good models and plentiful

observations!
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Dealing with

Missing

Data

w/o data assimilation
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Historical records are full of “gaps”....

Nile River Flood Records
5 T T T I

800 1000 1200 1400 1600 1800
Year (AD)

Annual maxima and minima of the water level at the nilometer on Rodah
Island, Cairo.
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Why are there data missing?

Hard Work

e Byzantine-period mosaic from Zippori, the capital of Galilee (1st century
B.C. to 4th century A.D.); photo by Yigal Feliks, with permission from the
Israel Nature and Parks Protection Authority )

e |[sthere 14-yr cycle there (fat and lean years?) 19/32
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- SST (AMSR-E),
daily 2x2, June
2002 — February
2007: 38.2% of
missing points

- Wind (QuikSCAT),
daily 2x2, July
1999 -- February
2007:17.2% of
missing points

.. and now on Earth...

i

Snapshot of SST
(@)
120 E 160 E 160 W 120 W 80 W 40 W 0
. | :
0 5 10 15
(b) Snapshot of surface wind

8 S e T
}}MH&_:/’}J/

ot A A e m TSI

_.
na
(=3 &
X
m
-
()]
o
o
m
~
[0)]
o
A
=|.
-
n
o
=

80°W 40 W 0 W0°E 80

5

- Gaps: satellite coverage, precipitation and clouds.
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... and in Space!

e e o T T L e il PR
a) CRRES Observations

b)Kp index of geomagnetic activity

10 . . ' .

220 240 260 280 300
Days of year, 1990

- Gaps: satellite coverage, malfunctions.
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How SSA can help with the gaps: synthetic example
AT e S it RN PG DA Aty S I LR v e bt R e

Estimated smooth component
T L

0.00 T 208 40.6 " 60.4 80.2 100.0

Smoot component of full dtaset

Space

Time




SSA gap-filling
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1. Choose window M and set K=1.
Flag fraction of dataset X(t)(t=1:N) as
“missing” for cross-validation.

2. Update mean and covariance,
find leading K EOFs

1
CX = ﬁDtD; CxEk = )\kEk

3. Reconstruct missing points using K EOFs
M : .

Ap(t) = ;- X +7 — 1) Ek())

Ric(t) = 35 Dkek Z;];Lt Ap(t —Jj+ 1) Ek(j);

4. If convergence, K = K +1. Check cross-
validation error, and Go to Step 2 if
necessary.

Utilize both spatial and temporal
correlations to iteratively compute
self-consistent lag-covariance
matrix => can be applied to very

gappy data.

Follows expectation maximization
(EM) procedure for finding
maximum likelihood estimates of
mean and covariance matrix.

A few K leading EOFs correspond
to the “smooth” modes, while the
rest is noise.

Provides both spectral analysis and
estimates of missing data.

o D. Kondrashov and M. Ghil, 2006:
Spatio-temporal filling of missing points
in geophysical data sets,

Nonl. Proc. Geophys., 13, 151-159.




Synthetic I: Gaps in Oscillatory Signal
e T o e i L PR PR T

b)SSA gap filling in [120:140] range

a)SSA gap filling in [20:40] range
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o
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O
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e Very good gap filling for smooth modulation; OK for sudden
modulation. 24/32
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Synthetic ll: Gaps in Oscillatory Signal + Noise
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a) Filling gap | b) Filling gap |l

1 1
o ) L e 1
-1 ' ' -1 ' '

0 200 400 600
t

200 250 300 350

e) Cross—validation RMS error f) SSA spectrum, M=200

0 e ——
- 107 ¢ I} ] -
1 , , , , — S 9
2 4 6 8 10 0 0.02 0.04
No. of modes Frequency

x(t) = sin(Z55t) * cos(25t + 5 sinsi-t)
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Filed-in Nile River Records

L L L < R e T MMM

a)OriginaI records

g-_ T T J'

TR TRRC WWWW
_2 i

4 |

800 1 OOO 1 200 1 400 1 600 1800
Year (AD)

b)MSSA filled in

g- T T | T I | | T T IIHW
8 nl J .l i | ‘u!“'il‘,“l [ ,“ PN :.“:““J g M i m,“"v‘““‘ | '.1“‘ “‘ M \'|""| Mk \'r“““‘\u 'm“
_4 | | | | |
800 1000 1200 1400 1600 1800
Year (AD)
, c)MSSA spectrum of filled Nile Records:M=100
1 0 T L T T T
|
| ]
100 L 1 1 * 4 | |
0 5 10 15 20 25 30

No. of modes

o Kondrashov D., Y. Feliks and M. Ghil (2005): Oscillatory modes of extended Nile River records
(A.D. 622-1922), Geophys. Res. Let., 32, L10702, doi:10.1029/2004GL022156 26/32




Significant Oscillatory Modes in Nile
records

a)7.2yr cycle in high water

1000 1200 1400 1600
Year (AD)

b)7.2yr cycle in high—low

1000 1200 1400 1600
Year (AD)

110

1001

90+

80r

701

601

501

401

30

— Low
——High

— High-Low
= | arge gaps

m 1

— e—

1200 1400 1800
Year (AD)

1 000 1600

SSA reconstruction of the 7.2-yr mode in the
extended Nile River records:
(a) high-water, and (b) difference.
Normalized amplitude; reconstruction in the
large gaps in red.

Instantaneous frequencies of the oscillatory
pairs in the low-frequency range (40—100 yr).
The plots are based on multi-scale SSA

[Yiou et al., 2000]; local SSA performed in each

window of width W = 3M, with M = 85 yr.




Radiation belts: synthetic gaps

ST S s R P G A A s 5P Bt SR v o P comec e

a) Satellite data

0
-1
5 CVL Error for varying MSSA window
- 0.32 \ \ ‘ ‘ ‘
10 20 30 40 50 60 70 80 90 100 0.3k
b) Satellite data with gaps added
T e al B abinad o0z
§ 0
20 1 |
- .' - . - » 0.26
- |
LR —— Y ] -2 0.24f

10 20 30 40 50 60 70 80 90 100 0.22f
c) M-SSA filled in

0.2r

0.18r

0.1 6 L L L L L
0 10 20 30 40 50 60
MSSA modes

10 20 30 40 50 60 70 80 90 100
Days

- Large gaps for different storms are filled-in.
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Filled-in Southern Ocean data

T L R U PRSI AL P ap et

Snapshot of SST (filled-in)

(a)
120°E  160°E  160W 120W 80 W 40 W
EE ‘
0 5 15 1‘5
(b)

0.4 4x10 Cross-validation error for M=2 (u-wind
0.34
g
0.24 \
\\

0.0 80.0 160.0 240.0
Rank (ST-EOFs)

320.0

400.0

(a) Time-mean SST (degrees C)
120°E 160°E 160'W 120°W 80'W ' 0°W o
(b) Std(SST) (degrees C)
- s B [T SRR AT RV . ; B \,_/
120°E 160°E 160°W 120W B80'W 40°W o’ 40°E B80E
(c) SkeW(SST)
S 05
0
= = = = = = G < = -0.5
120°E 160°E 160°W 120°W 80°W 40°W 0 40°E 80°E
() Kurt(SST)
¥y 40 !
0

120°E 160°E 160°W 1200W BO'W 40°W o’ 40°E B80°E

- Gap-filling needs to respect physical
limits

- Complete dataset with full statistics
indicates important nonlinear

features. 29/32




SSA-MTM Toolkit

File/Data Analysis Tools Plot LogFile Credits

SSA-HMTH Toolkit, Version 4.3

{for more things than you could care)

Exit Help

eFreeware ported to Sun, Dec, SGI, PC Linux, and Mac OS X

eGraphics support for IDL and Grace (free)

eIncludes Blackman-Tukey FFT, Maximum Entropy Method, Multi-
Taper Method (MTM), SSA and M-SSA.

e Spectral estimation, decomposition, reconstruction & prediction.

e Significance tests of “oscillatory modes” vs. “noise.”

e Gap-filling coming shortly.
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SSA-MTM Toolkit (cont’d)

e6-o X SSA
Test Options Plot Options Reconstruction Log file Help
Data vector V ‘]
Sampl ing Interwval |1

SSA Settings

Hindow Length |/i69 SSA Components

03

Significance Tests Error Bars i | Covariance Burg =

Get Default Values ‘

Store Results

Eigenspectrum vector ||issaeigqg > ’
T-EOFs matrix 'ssateofmat "’
T-PCs matrix issapcmat > ‘
Compute ‘ Plot ‘ Close
Progress/Hessage ’

o Data management with named vectors & matrices.

e Default values.
e Precompiled binaries are available at www.atmos.ucla.edu/ tcd/ssasz;s»
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