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G O CE gravity field

geoid heights: +100 m
accuracy: 1+2.8cm
+0.8 mgal
resolution: 100 km
d/o 200

homogeneous

global precision

4 igg GOCE-TIMO0b5 results & products

u niversitétbonnl

gravity field model
(78.400 parameter)

external validation

TIMO05-EG2008: Germany
(rms: +2.7 cm)
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® consistent modeling of the error budget

® variance/covariance information available
Brockmann et.al. (2014): EGMTIMRLO5: An Independent Geoid with Centimeter Accuracy Purely Based on the GOCE Mission.

Geophysical Research Letters 41(22), 8089-8099
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huge number of measurements

time variable behavior

strongly correlated measurement noise
conspicuous data especially

in the low orbit operation campaign
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GOCE-TIM data segments
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signal vs. noise
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signal vs. noise

1500 - VZZ model - GRS80 — mean J‘
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® huge number of measurements 1000] esiual {
# time variable behavior
500,
» strongly correlated measurement noise .
® conspicuous data especially )
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Ol—NB:\LIQ%%O9 23:55:54 02-Nov-2009 04:25:05
GOCE-TIM data segments .
_ _ 8 conspicuous data
440 mio observations, eff. 1273 days, 88 segments |  residuals AR (ouler5.1.00
T 45127 . ;u;!?‘nrrevg; 89208
[ : ©mean rev/40 10060
EGM_TIMRL1} l . 30l 3 | e fevis x3758)
i

residuals [ME]

20F i :
EGM_TIM_RL2| 7] : } :
B sl P N
! e 2 "

-30
-401
01-Jan-2010 01-Jul-2010 Q1-, Jan 2011 01-, Jul G011 01- Jan—QﬂlQ 01- Jul 2012 (01- Jan 2013 01- Jul 2013 01-Jan-2014 5.62 5-64 5-66 5'68 511
time >
x 10

Schuh / Brockmann / Kargoll |@ @ | EGU2015-13050 - 4



0-0- "
e igg Goals universitatbonn

Motivation

Magic Square -
Spectral Estimation

Data Model - . .
Robust Estimation Goals of this presentation:

GOCE application

Resume

® Approach for an optimal description of the stochastic
behavior of GOCE data

# Identification of conspicuous data

® Demonstration of first results with real GOCE data
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GOCE application
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Motivation

Magic Square -
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GOCE noise signal —— | periodogram
stochastic signal 1
discrete signal F { }
AR process

Data Model -
Robust Estimation L * L ’

GOCE application

Resume
auto- F }: power
correlation S spectrum
Foi
time domain frequency domain
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amplitude spectrum
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GOCE application
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Motivation
Magic Square - stochastic F{t
SpegctranEstimation . ;\ 7 7 7
Magic Square Slgnal .,F—l{ } e "
GOCE noise
discrete signal
AR process /I L * /I L .
Data Model -
Robust Estimation
GOCE application :F’{ }
Resume ? ? ? ;\ ? ? ?
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time domain frequency domain

Schuh / Brockmann / Kargoll |@ @ | EGU2015-13050 - 9



‘o . i . .. "
‘4 igg Magic Square - stationary stochastic signal NP,
Motivation P

Magic Square -
Spectral Estimation

Magic Square h - h |
GOCE noise stochastic F{} orthogona
—_\

signal p— stoch. signal
discrete signal S(t) f_l { } Z(V)

AR process

Data Model -
Robust Estimation

| E{E®W-mSt+R)-w} | E{Z@)e 2}

GOCE application

Resume
au_to- F{) diStl’ibl-.ltiOI‘l
covariances — function
v(k) F} F(v)
time domain frequency domain
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Magic Square -
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Magic Square

GOCE noise
discrete signal
AR process

Data Model -
Robust Estimation

GOCE application

Resume

{Sk}At

00 HAY
dZ(v) =At>. Sy [ e B2mEAlgy

L E{(Su— 1) (Surr — 1)}

{7}

time domain

k=—oc0 v N
—_—\ ks
— dZ(v)|
Sk _ f eiQWVkAtdz(V)
_yN
< E {dZ(y)odZ(y)*}\I
oo HAv
dF(v)=AtY v [ cos(2rvkAt)dy
k=—0oc0 v N
—_—\ K
— aF(w)|
Ve = [cos(2rvkAt)dF (v)
—uN frequency domain

Krasbutter et.al (2015): Magic Square of Real Spectral and Time Series Analysis with an Application to Moving

Average Processes. IAG Symposia 140, 9-14, Springer
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Motivation
g/lpaegcitcrqussatﬁn;tion = Sy —12nvkAt
Magic Square dZ(V) :Alf:z—:ofk 1[ € dv
GOCE noise N
o —_\ v
stochastic signal
1Skt N dZ(v)| .
AR process v )
Data Model - Sk’ - f GZQWVkAtdZ(V)
Robust Estimation —vN
L B (S0~ 1)(Surs— ) LE {dzw)-dzw)*}\l
Resume - LAY
dF(v)=At> v, [ cos(2rvkAt)dy
k=—oc0 v
N
—_—\ v
vN —vN
Ve = [cos(2nvkAt)dF (v)
time domain —uN frequency domain

covariance stationary discrete equispaced stochastic signal

Kay/Marple (1981): Spectrum Analysis - A Modern Perspective. Proceedings of the IEEE 69(11), 1380-1419
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non-parametric spectral estimation

Motivation

LE,/Iagic Slqéjar.e - 00 HAv
ectral Estimation —1 kA

Mpagic Square dZ(V) :A]f Z Sk 1[ € w2y th

GOCE noise - N

L . v

stochastic signal

{Sk}as ~— dZ(v)|_ |
AR process vN ' v

Data Model - Sk’ - f GZQWVkAtdZ(V)

Robust Estimation —vN

L B{(Su = 1)(Surs = 1)} 2 {dzw)-dzw)*}\l

Resume LAY

cos(2mvkAt)dy

Blackman-Tukey .
1 74
{'}’k} approach dF(I/)
_yN
Ve = [cos(2nvkAt)dF (v)
time domain —uN frequency domain

covariance stationary discrete equispaced stochastic signal

Kay/Marple (1981): Spectrum Analysis - A Modern Perspective. Proceedings of the IEEE 69(11), 1380-1419
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non-parametric spectral estimation
Motivation
g/lpaegcitcrqussatﬁn_ation = Sy —12nvkAt
Magic Square dZ(V) :A]f_z_:ofk I[ € dv
GOCE noise o N
ochst| S|ga| {Sk }At . . dZ (V)
averaging periodogram —vN
Do Model - (Welch) approach
Robust Estimation
GOCE application L E {(Su o M)(Su—i—k o M)} EE{dZ(V)OdZ(I/)*}J
Resume
2nvkAt)d
Blackman-Tukey cos(2mvkAt)dy ~
approach v
{7} op dF(v)
N
Ve = [cos(2nvkAt)dF (v)
time domain —uN frequency domain

covariance stationary discrete equispaced stochastic signal

Kay/Marple (1981): Spectrum Analysis - A Modern Perspective. Proceedings of the IEEE 69(11), 1380-1419
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non-parametric spectral estimation
Motivation
g/lagic Slqéjar.e - 50 HAY
pectral Estimation L —2ntvk At
Magic Square dZ(V) _At_z: Sk f e dv
GOCE noise f=—oo v N
ochst| S|ga| {Sk }At . . dZ (V)
'C”a averaging periodogram —vN
Do Model - (Welch) approach
Robust Estimation
COCE ampleation L E{(Su — 1) (Susr — 1)}
Resume smoothed periodogram

cOs approach

Blackman-Tukey
approach

{7}

Ve = [cos(2nvkAt)dF (v)
time domain —uN frequency domain

covariance stationary discrete equispaced stochastic signal

Kay/Marple (1981): Spectrum Analysis - A Modern Perspective. Proceedings of the IEEE 69(11), 1380-1419
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parametric spectral estimation
Motivation

Magic Square -
Spectral Estimation

Magic Square

GOCE noise
stochastic signal
discrete signal

Data Model -
Robust Estimation

GOCE application

Resume
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parametric spectral estimation

Motivation

Magic Square -
Spectral Estimation

Magic Square
GOCE noise S _ i S _|_g
k= . 1(13 k—jTCEk

stochastic signal j=

discrete signal

Data Model -
Robust Estimation
GOCE application

Resume

time domain frequency domain

AR(p)—a uto- regressive ProCesS (equivalent to MA or ARMA representation — Wold (1938)
Wold (1938): A study in the analysis of stationary time series. Almqvist & Wiksell
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parametric spectral estimation
Motivation

Magic Square -
Spectral Estimation

Magic Square

GOCE noise
stochastic signal
discrete signal

Data Model -
Robust Estimation

GOCE application

Resume

Schuh / Brockmann / Kargoll

b
S = Z OéjSk;_j + &k

j=1

Yule-Walker
equation

Fi} N
—\

dZe (v
dZS(”) — 1_25?:1 ij(e_)wmjm

_uN

E{{dZs(v)e dzg(y)*LI

{7}

ti | {vi}#{aw}=—{00} o7

fs(v) = Ata%/(l + a2 — 20y, cos(2mvpAt) +
1

P—J N

p

+ (%2.—2 cos(2mvjAt) (ozj—z Oék;Oék:—l—j)))
e k=1

N

time domain

frequency domain

AR(p)-auto-regressive process — Magic Square
Schuh et.al. (2014): Korrelierte Messung - was nun? In: Neuner (Ed): Zeitabhdngige MessgréBen - lhre Daten
haben (Mehr-)Wert, WiBner, Augsburg, 74, 85 - 101
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parametric spectral estimation

Motivation

Magic Square -
Spectral Estimation

Magic Square
GOCE noise 8}

stochastic signal P F{ } dZ: () N
discrete signal Se=) Sk +& \ dZs(v) = 157 o o mwons
= =

Data Model -
Robust Estimation

v N

GOCE application

Yule-Walker E{ﬁdZS(V) ‘dZS(V)*d

Resume equation

Yule-Walker fs(v) = Ata‘%/(l + ag — 2« cos(2mupAt) +
approach p—1 p—j N
: + 2 9 cos(2nvjAt)(a— :
tirn = 0} O‘(% p (-2 cos(2mvjAt)(a; ;@kakﬂ))) .

time domain frequency domain

AR(p)-auto-regressive process — Magic Square
Schuh et.al. (2014): Korrelierte Messung - was nun? In: Neuner (Ed): Zeitabhdngige MessgréBen - lhre Daten
haben (Mehr-)Wert, WiBner, Augsburg, 74, 85 - 101
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parametric spectral estimation
Motivation

Magic Square -
Spectral Estimation

Magic Square

GOCE noise
stochastic signal
discrete signal

Data Model -
Robust Estimation

GOCE application

Resume

tin

Fi} dZe(v) 7
= E O@Sk —j + Er 5 dZs(v) = 1—>7 1agje_i27ijt
J:

(v) o ng(y)*d

0‘%/(1 + a2 — 2ay, cos(2mrpAt) +
pP—J N
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k=1

v N

Burg

Yule-Walker approach

approach

—uN

time domain frequency domain

AR(p)-auto-regressive process — Magic Square
Schuh et.al. (2014): Korrelierte Messung - was nun? In: Neuner (Ed): Zeitabhdngige MessgréBen - lhre Daten
haben (Mehr-)Wert, WiBner, Augsburg, 74, 85 - 101
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parametric spectral estimation

Motivation

Magic Square -
Spectral Estimation

Magic Square

GOCE n0|.se | S,
stochastic signal

: : Sk = E OéjS

discrete signal

=1

Data Model -
Robust Estimation

N

dZs(v) = dZg(v)

_ NP . p—12TU AL

(v) o ng(y)*d

0‘%/(1 + a2 — 2ay, cos(2mrpAt) +
pP—J N
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k=1

v N

data fitting
approach

GOCE application

Resume

Yule-Walker approach

approach

—uN

tin

time domain frequency domain

AR(p)-auto-regressive process — Magic Square
Schuh et.al. (2014): Korrelierte Messung - was nun? In: Neuner (Ed): Zeitabhdngige MessgréBen - lhre Daten
haben (Mehr-)Wert, WiBner, Augsburg, 74, 85 - 101
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Motivation

Magic Square -
Spectral Estimation

Robust Estimation
Data Model
discrete signal

robust estimation

GOCE application

Data Model - Robust Estimation

Resume
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Magic Square -
Spectral Estimation

Data Model -
Robust Estimation

Data Model

discrete signal

robust estimation

GOCE application

Resume

Data model

u niversitétbonnl

Observed Quantities:

L. =S8, + Ny

Schuh / Brockmann / Kargoll

S ... stochastic process in AR representation
p
S = Z&jsk_j + &,
j=1
&L ... Innovation process
N ... additive process (noise)
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Observed Quantities:

Motivation

Magic Square - Ly =S, + Ny S ... stochastic process in AR representation
Spectral Estimation P

Data Model -

Robust Estimation S]C — § &jSk—j =+ gk

j=1

discrete signal . .

robust estimation gl{i Innovation proceSS

GOCE application N ... additive process (noise)

Resume

Contamined real observed time series (e.g. GOCE)
Ex ~ Fg, (x)  heavy-tailed distribution
(e.g. Student distribution Fg; (7))
N ~ Fn;, (z) patchy outlier distribution
Fis (2) = ado + BFpattern (@) + (1—a—B)Fpy *7 ()

do ... degenerated Dirac distribution
Fpattern(x) ...degenerated fix pattern distribution

Schuh / Brockmann / Kargoll |@ @ | EGU2015-13050 — 13
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Observed Quantities:

Motivation

Magic Square - Ly =S, + Ny S ... stochastic process in AR representation
Spectral Estimation P

Data Model -

Robust Estimation Sk — § &jSk—j =+ gk

j=1

discrete signal . .

robust estimation gl{i Innovation proceSS

GOCE application N ... additive process (noise)

Resume

Contamined real observed time series (e.g. GOCE)

Ex ~ Fg, (x)  heavy-tailed distribution
(e.g. Student distribution Fy' (x))
k

N ~ Fn;, (z) patchy outlier distribution
Fr (%) = a0 + BFpattern(x) + (1—a—B)F 70 (z)

do ... degenerated Dirac distribution
Fpattern(x) ...degenerated fix pattern distribution

—> robust estimation of the stochastic process is essential
Kleiner et.al. (1979): Robust Estimation of Power Spectra. Journal of the Royal Statistical Society B-41, 313-351
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Magic Square -
Spectral Estimation

Data Model -
Robust Estimation

Data Model

discrete signal

robust estimation

GOCE application

Measurements - spectral estimation

univers

finite number of discrete measurements
a single realization ¢;, of the random variable £;

{Ek}At

Resume

L M A{({lu} = 1) (Ulu—r} — 1)}
psd(v) = At)  gr cos(2mvkAt)

{9}

time domain

Schuh / Brockmann / Kargoll

L(V) — At Z ﬁke_ZQWVkAt

N
gk _ f L(I/)BiQWVkAth
_yN

N

gr = | psd(v) cos(2mvkAt)dy

k=—o0

—_\
~—

oo

k=—o0

—_\
~—

K
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Lw)|
M {L(v)eL(v)"} \I
psd(v) ’ N

frequency domain
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Data Model -
Robust Estimation

Data Model

discrete signal

robust estimation

GOCE application

Resume

{Ek}At

L M {({lu} — K

{gx}

time domain

Schuh / Brockmann / Kargoll

Measurements - spectral estimation _— "
universitatbonn

non-parametric spectral estimation

L(I/) — At Z fke_i%WkAt

k=—00

averaging periodogram
(Welch) approach

smoothed periodogram

)({lu

approach

Blackman-Tukey

approach 7 vV
| psd()|” |
gk = [ psd(v) cos(2mvkAt)dv
N

—v
frequency domain
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Spectral Estimation

Data Model -
Robust Estimation

Data Model

discrete signal

robust estimation

GOCE application

Resume

Measurements - spectral estimation _— "
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non-parametric spectral estimation
parametric spectral estimation

eke—z’%kat

data fitting
approach

{€e}a

averaging periodogram

(Welch) approach

Burg

Yule-Walker approach

approach

smoothed periodogram

approach

=7 Blackman-Tukey
approach vV
{gx} psd(v)
[ _VN
gk = [ psd(v) cos(2mvkAt)dv
_yN
time domain frequency domain
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Spectral Estimation

Data Model -
Robust Estimation

Data Model

discrete signal

robust estimation

GOCE application

Resume

Measurements - spectral estimation _— "
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non-parametric spectral estimation
parametric spectral estimation

—12nmvk At
robust Cre

data fitting
approach

{€r} A

averaging periodogram

(Welch) approach

Burg

Yule-Walker approach

approach

smoothed periodogram

approach

=7 Blackman-Tukey
approach vV
{gx} psd(v)
[ _VN
gk = [ psd(v) cos(2mvkAt)dv
_yN
time domain frequency domain
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L ]
e-igg
Motivation measurement [ is a single realization of the random variable £;
Magic Square -
Spectral Estimation Observation equations:
Data Model - B B
Robust Estimation P ]
Data Model o ' o . . .T
discrete signal lk + Uk = E :Oéj lk_] T [lk_l te lk_p] : = ap
j=1 o
GOCE application - .
Resume #obs
e . - : (%
Optimization principle: inf ol —
5 S
i=p+1 &
#obs
: U,
Normal equations: E apy) | —
S
1=p+1 &
. 0p( Uy . .
p (vg) ...loss function Y (V) = a(a) ... influence function
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Motivation Influence function:

Magic Square -
Spectral Estimation

Data Model - ¢L2 (?Tk) — /ITIC
Robust Estimation
Data Model - _ -
discrete signal le (’Uk) _— SIgn (Uk)
GOCE application p -

Uk
Resume wH (,U]C) — _ -

| sign(vg,)

ol < K
v > k

(v || < K

VYR Wp) = <\ 0 |ug >k

Schuh / Brockmann / Kargoll |@ ® |
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| 2-estimator

L1-estimator

Huber-estimator

ko-rejection-estimator
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Motivation Influence function:

Magic Square -
Spectral Estimation

Data Model - wLQ (/lT]C) ?Tk L2—e5t|mat0r
Robust Estimation
Data Model

discrete signal ¢L1 (7Tk)

GOCE application p
Resume wH (Uk)

sign(vg) L1-estimator

vk Jol <k

\ sign(or) o] > k Huber-estimator

N\

.
v ok < Kk o .
VYR (Uk) 0 |Uk| py ko-rejection-estimator

N\
4

GOCE-LOOC: ko-rejection-estimator (single and area-mean)
AR(p) processes up to degree 2000
ARI(i,p) integrated AR-processes - filter cascades
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Motivation

Magic Square -
Spectral Estimation

Data Model -
Robust Estimation

GOCE application

filter psd

conspicuous data

first results Application to GOCE
Resume - ® .
residual time series
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residuals AR (outlier:-5,1,0,0)

outlier 11221

Motivation 800 i
Magic Square - _ : © mean rev/50 524761
pectral Estimation

Data Model - 600 . * mean rev/40 35760 |
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'O Filter estimation: Segment 68-yy universitétb.on.nl

residuals AR (outlier:-5,1,0,0)
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'O Filter estimation: Segment 68-yy universitétb.on.nl
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Motivation

Magic Square -
Spectral Estimation

Data Model -
Robust Estimation

GOCE application
filter psd

conspicuous data

first results

Resume

First Reslust: rms 59xx-EGMO08 51xx-EGM08 . . "
universitatbonn

51xx(TIM5 approach) 59xx(new approach)

- 10.05

6°E i 8°E 1§°E 12°E 14°E 6°E 8°E 10°E 12°E 14°_E I
Area: model | std [m] || Area: model | std [m]
North Atlantik | 51xx | 0.032 | Germany | 51xx 0.033

(d/o 200) 59xx | 0.029 (d/o 200) | 59xx 0.028

:>expected gain of accuracy for the reprocessed data (5-15%)
Brockmann et.al. (EGU2015-12307): A case study on the potential of robust decorrelation filter design for a
reprocessing of a gravity field model from GOCE data - presentation on Tuesday
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Motivation #» advanced outlier detection:
Magic Square - .
Spectral Estimation — much more conspicuous data (6% = 18%)

Data Model - + separation of effects (outlier, gap, disruption, ...)

Robust Estimation

GOCE application

» optimized AR filter:

+ optimal relative weighting between the components
+ gain of accuracy for the GOCE-TIM models (~ 10%)

quality vs. quantity
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>e-igg
Motivation #» advanced outlier detection:
Magic Square - .
Spectral Estimation — much more conspicuous data (6% = 18%)

Data Model - + separation of effects (outlier, gap, disruption, ...)

Robust Estimation

GOCE application

» optimized AR filter:

+ optimal relative weighting between the components
+ gain of accuracy for the GOCE-TIM models (~ 10%)

quality vs. quantity

Thank you for your attention
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