S6VT 2026

Improved geophysical parameter estimation |

with the Weighted Least Square optimal
solution for Sentinel-6: Ku band and C band

results e
Anna Mangqilli*'; O./Gassot’, T. Maranjl2 M. AI\’/'es’ A EgidogilsAmarotche’, - s
Piras’, P. Thibaut’, L. Zawadzki oy2N, Pic ot2 F et Borde* PR . T o

ance), SESA-ESTEC (The Netherlands)

IN PARTNERSHIP WITH NQ%@ \/ JPL @ @Ssa




Outline

S6VT 2026

* Context and motivation

« WLS solution [Mangilli+2025] update: spectra with SSB ;e
correction & SPP implementation I

« WLS preliminary results for S6B c7 at 2.25 kHz
 WLS C-band results : simulations and data
« Conclusion and perspectives

[Mangilli et al. IEEE 2025]
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OSTST 2026
 Goal of retracking analysis: accurate and efficient estimation of the geophysical parameters.

* Key step to build robust records of Essential Climate Variables from radar Altimetry for a
rigorous assessment of the climate change (MSL, SWH, ...)

RETRACKING Sea Level, waves, G, ...
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Waveform Model  Estimator  Optimisation

* For long term stability, precision and unbiasedness, retracking algorithms should account for:
* The real time evolution of instrumental properties, as the Point Target Response (PTR)
* arealistic waveform noise characterization

* Operational Sentinel-6 retrackers (MLE4 & NUM RTK) do not account for the waveform noise, yet
this is necessary to have optimal and unbiased estimation of the geophysical parameters

* Proposed solution with trade off between optimality and computational cost: Weighted Least

Square [Mangilli + 2025] ¢ QRS
>cnes LS
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e Significant noise reduction of the weighted WLS6 estimation: ~60% for SWH, ~12% for SSH up to 50%
for o, wrt the unweighted operational rtk
* This translates to improved estimation of retracking dependent corrections as SSB, HFA

Product SWH =42 ch rms :
FADAP SWH = 18 cm rms
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Courtesy of N. Tran (CLS)

 Good performances of the 2020 SSB versions on weighted solution WLS6 data in term of variance reductlong(\ Y-
* Similar performances of the weighted WLS6 as the Adaptive vs MLE4 for Jason-3 -
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WLS solution: implementation' %
Retracker name t Model q Estimator \“\WN Optimization. pVT 2026

FastAdaptiveSée Adaptive (numerical PTR) Weighted Least Square (equiv. MLE) Levenberg—Marquardt WLS SPP
RTE_NUMLE_S6 Brown with numerical PTR Weighted Least Square (equiv. MLE) Levenberg—Marquardt luti
NUM_OLS_AD_Shk Adaptive (numerical PTR) Unweighted Ordinary Least Square (OLS)  Levenberg—Marquardt sotution
NUM_OLS_BH_S6 Brown with numerical PTR Unweighted Ordinary Least Square (OLS)  Levenberg—Marquardt
Bayesb Adaptive / Brown (numerical PTR) Bayesian MCMC
* Prototype WLS solution implemented into the
SPP@CNES/CLS : Ku & C band E'Iore details @ O. Gassot poster IPM session
« Main difference is the waveform model in frequency domain ) — rose snoun s
[Buchhaupt+2018] in the SPP e
« SPP WLS implementation validated on the same S6MF cycle s6
analyzed in the paper (c24) and preliminary test run on S6B c7 ‘
@2.25kHz S3
2 2.2kHz-S6
. _ _ . ‘ \ si(kn,0) ‘ .
1L = argming(—InL) ~ argmin[(y — 80) ' C " (y — 80)] = Owrs | Chukn = = Y e ¢
| ENL(ky, 0)
2Ge
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Reduced chi2: square of the residuals weighted by the data variance and normalized by the number of degree of freedom

chi2 at best fit Vector of residuals < Good fit performance:
o 1 2(5,) = EJ= Y (ﬁ) o _ 5tk 0) reduced chi2 around 1 (model
X = vX p — \0; kukn = ENL(k,.0)| inagreement with the data
s e . .
Number of degrees of freedom Inverse of the noise covariance matrix within the data Varlance)
(N_samples-N_parameters)

S6-MF@9kHz (c24) S6B c7 @2.25kHz
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Parameters uncertainty @20 Hz S6B ¢7

. . . - . 2 S
 Uncertainty estimation at 20Hz as output of the retracker 09 = /diag(Pg) = \/diag([3C-13]-1) o1 2028

[PRELIARRY

S6-MF@9kHz (c24)

. ' ‘ . I * Uncertainity
estimation in the
expected range
» Slightly higher

uncertainty for
2.2kHz
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S6B c7 2.25kHz

S6B Cycle 7. SPP SSH [OLS - WLS] [m]
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* Unweighted vs weighted differences overall in the expected range
* The difference is more marked for 9kHz data (noise with varying ENL)
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. SPP SWH [OLS - WLS] [m]
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Unweighted vs weighted differences overall in the expected range
The difference is more marked for 9kHz data (noise with varying ENL)
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S6B c7 2.25kHz
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S6B Cycle 7 P Ampliitide*[OL— WLS] [dB]
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“WLS'Vs OLS results: mlspomtmg
S6MF c24 9kHz mﬁﬂ S6B c7 2.25kHz

S6B Cycle 7. SPP Mlsnomtln OLS WLS [deg"2]

S6VT 2026

S6A Cycle 24, SPP Mlspomtlng [OLS WLS [deg"2]
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* Unweighted vs weighted differences overall in the expected range
* The difference is more marked for 9kHz data (noise with varying ENL) ~
=Gk
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* The C-band challenges:

OSTST 2026

* noisier than Ku. Only 7 echos averaged onboard. This has an impact on the waveform noise characterization: does the Gaussian

approximation behind the WLS solution still hold ?
Gamma (--) vs Gaussian

distributions

1
Me:

* Aconstant range bias of 9.5 cm is currently corrected in S6 C-Band. Can this be due to the unweighted estimators of current

operational re

SENTINELG LRM Range Look Up Table C-Band

—— Sentinel-6 InFlight Range Commection C-Band MLE4
—— Sentinel-6 InFlight Range Comection C-Band MLE3

&
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RANGE CORRECTION (crm)
|

Courtesy of S. Dinardo

C Band range LU
range-bias of -9.5 cm

On S6PP side, a static
range bias of -9.5 cm
has been applied to the
C-Band range in order to
compensate for this
effect

=

Ccnesp
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SWH

SWH histogram (10000 sims)

—— BROWN_MLE ENLvar mod : y=1.981, 0=0.519
BROWN_OLS mod: y=2.177, 0=1.626

WLS SPP
solution

4 6 10 12 14 16

8
SWH

EPOCH

SWH

EPOCH (m) (10000 sims, input=0.038 [m])
i

—— BROWN_MLE ENLvar mod : 4=0.05, 0=0.157
BROWN_OLS mod: y4=0.131, 0=0.223

A
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EPOCH (m)
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Variance

reduction
WLS

68 % -17.7 cm

Epoch  30% 9.3cm

" WLS? Sentinel-6A € band sim

Gamma (--) vs Gaussian
distributions

“Ku-like” N=100

Simulations generated with SWH=2m
Significative noise reduction with
WLS for both SWH and epoch
Unweighted OLS estimator
systematically biased, with values
compatible with data results

SWH histogram (10000 sims)

—— BROWN_MLE ENLvar mod ; 4=1.998, 0=0.125
BROWN_OLS mod: pj=2.017, 0=0.336

EPOCH (m) (10000 sims, input=0.038 [m])

~— BROWN_MLE ENLvar mod : 4=0.039, 0=0.041
BROWN_OLS mod: u=0.044, 0=0.048
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(The higher the noise, the hightest the benefit of WLS and the bigger are the biases due to the unweighted estimatio
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"Results on Sentmel-GA C ban

* The biases found for SSH and SWH between weighted and unweighted solutions are compatible w

N=7 Variance Bias Bias
reduction OLS- WLS-
WLS input input
SWH

S6VT 2026

simulations results, explaining the differences observed in the data

ASSH[Weighted-Unweighted] ASWH[Weighted-Unweighted]
E o Mean = 7.9 cm, 300000 1 Mean = -16.3 cm,

250000 -
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o 21::2 1000007 Epoch 30% 9.3cm 1.2cm
-0.8 -0.6 —0.4 —lﬂjze'taSO;H {n(:l; 0.4 0.6 0.8 0- 6 A 5 i Sl‘)NH o 3 3 M
* Only 7 echoes averaged on board. Still, good performances of the WLS rtk I E“Ml —II
= Results are promising and being
SSH consolidated over more data and
simulations. Impact on the
--WEIGHTED lonospheric correction is being
-- UNWEIGHTED evaluated
T M L e e % %
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Implementation of the WLS solution @SPP (CNES/CLS): S6 Ku band, C-band S6VT 2026
SPP results aligned with prototype results for SkHz S6MF data cycle validated in the paper (c24)

First and preliminary run on S6B c¢7 @ 2.2kHz shows good performances and results in line with modified
noise statistics wrt 9kHz
WLS solution applied to C-Band data

* (Good performances of the despite only 7 echos are averaged

e Significant noise and bias reduction wrt OLS unweighted operational solution compatible with
simulations and explaining range and SWH biases

Perspectives:

Further assessment with tandem phase WLS runs S6MF @9kHz & S6B @9kHz & 2.25kHz
Further assessment of impacts on corrections: SSB + ionospheric correction for Ku&C bands up to MSL

Tayloring and applying WLS (&Bayesian) solution to SAR data currently under investigation: 2D SAR S6 R&D
study with CNES: key point is the noise characterization

{ More details @ F. Ehlers talk @ IMP session T

Optimal solutions for extended waveform model (skewness, wave groups)

CcnespL g
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A new approach: Bayesian retrnackl:ng

* Provides a probability distribution of the parameters rather than a point estimate OSTST 2026

— BayeS6 FULL window [0:256]

M tails @ M. Al VT talk !
—— BayeS6 CUT window [2:140] L ore details @ ves S6VT ta j

* Robust estimation of parameters
Full window point estimates . .
- NumoLs uncertainty and correlations

NUMLES6 (WLS)

curwinaow pore esemaces @ \A/LS results fully consistent

—— NR PDAP
—~— NUMOLS

-~ NUMLESS (WLS) * Compact and physically
interpretable summary of
parameter estimations.

e Useful to compare different
configurations in a glance: full vs
cut window example here

 Possible future applications:

extended waveform models, full
likelihood consistency, HR 2D data

epoch [m]

ITC(e™ y-si)]

10log10(Ampl) [dB]

&2 [deg?]

NN SOt
SWH [m] epoch [m] 10logl0(Ampl) [dB]
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