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Interferometric SAR: Classic 2-Pass InSA

drv b, 47
AP = XN rsin 92+ TdLOS

dios: terrain deformation w.r.t. sen-

INSAR for displacement sor's Line Of Sight (LOS)

Ad = APppo + Ao +[ ADgispr + AP atm + AP poise ]

2-Pass InSAR
— classic methodology

date 1

ONERA
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Multi-temporal INSAR

date 1

— displacement estimation over time

— Leverages the redundancy in time series

Requires new estimation methodology

4

Interferometric Phase Linking through Covariance Fitting method

3 , ONERA
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Multi-InSAR Covariance Fitting model [2

L] Statistical moments assumptions
-0 } on pixels x = [x',--- ;xT] e CT
g / — Zero-mean SAR images

OO0 E[xT] =0,vte 1, T]

Spatial

— Covariance between times de-

_ R . T
Stack of T images: x € C pends on phase differences

- Patch of n multivariate pixels E[x*(x')*] = vk jok01 exp(j (6k — 1) )
— -~

{xi}/,'7=1 c (Cn7 with X; € (CT, Vie |I1 , ”]l coh.xvar. phase diff.

— similar scattering and statistical
properties (multivariate)

ONERA
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Multi-InSAR Covariance Fitting model [2

Covariance matrix follows modulus-argument decomposition structure:

E [xx"] = 2 = mod(2) © arg(T) £ ¥ o (ww")

with

W: matrix with coherency information
w = [¢% ..., &%]: phase-only vector
6 = [64, ..., 04]: vector of SAR images phases (1 = 0 by convention).

ONERA
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Multi-InSAR Covariance Fitting model [2

Covariance matrix follows modulus-argument decomposition structure:

with E [xx"] = 2 = mod(2) © arg(T) £ ¥ o (ww")
W: matrix with coherency information
w = [¢% ..., &%]: phase-only vector
6 = [64, ..., 04]: vector of SAR images phases (1 = 0 by convention).

Optimization matrix distance/divergence

~ ¥

minimize  0?(32, ¥ o wwH)
w

subject to w e T

\

endowed in Torus manifold

ONERA
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Multi-InSAR Covariance Fitting model [2

Covariance matrix follows modulus-argument decomposition structure:

6/20

with E [xx"] = 2 = mod(2) © arg(T) £ ¥ o (ww")
W: matrix with coherency information
w = [¢% ..., &%]: phase-only vector
6 = [64, ..., 04]: vector of SAR images phases (1 = 0 by convention).
Optimization matrix distance/divergence
~ v
minimize  d?(X, ¥ o wwH)
w
subject to W € Ty

In practice: endowed in Torus manifold
$: plug-in CM — SCM: S = -7 x;x/!
d: — Frobenius dist. ||S — mod(S) o ww™||2

( ONERA
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Spatio-temporal denoising: the framewor

Add a spatial regularisation term to the IPL framework:

1,J
temporal phase denoising — L(X|W) = Z [|Sj — mod(Sj) o WUW}]{H%—
i.f

.
spatial regularisation — d(W) = Z h(W;)
t=1

The resulting estimation problem becomes:

min}i/{}nize L(X|W) + Ap(W)
subject to W € TxyxT

where A > 0

\ 7 ’ . ONERA
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Spatio-temporal denoisin§

Spatial Regulariser: Total Variation

2D ! J—1
v W)= Y, (57 ||Wi,/‘i1_Wi,/'||)+
J 1—1
2=t | i IWfi1,j—Wf,/||>

Spatial

Wi v

— where W; is the image of phases of the
ot N2 stack of time t € T
patial \'A

anisotropic (2D TV)

The proximal mapping for the functions of each component of the for-
mula is defined:

Prox.gw. ,j—argmln edq( ,r'ff" W Nt 5 d2( W, k_1)

where G is each component of the objective functlon

E.Grosso, F.Brigui, G.Ginolhac, A.Breloy - FRINGE 2026
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Spatio-temporal denoising: the frameworl

1,J
temporal phase denoising — L(X|W) = Z [|Sj — mod(Sj) o w,-,-w}l-{| 2
ij

.
spatial regularisation — (W) = Z TV(W;)
t=1

il The resulting estimation problem becomes:
(1] minli/{)nize L(X|W) 4+ Ap(W)

subject to W € TixyxT
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Spatio-temporal denoising: the framewort

1,J
temporal phase denoising — L(X|W) = Z [|Sj — mod(Sj) o W,-,-W,?| 2
ij

.
spatial regularisation — (W) = Z TV(W;)
t=1

il The resulting estimation problem becomes:
(1] minli/{;nize L(X|W) 4+ Ap(W)

subject to W € TixyxT

N,

PROBLEM: objective function is not separable — too big a problem
to tackle

ONERA
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Problem Splitting

= treat the datacube as two distinct parameters and impose their equality

Wi

W], = wj. — W*
[W]::t = W::t — W¢

N J ONERA
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Problem Splitting

= treat the datacube as two distinct parameters and impose their equality

L] W] = wj. = W*
[W]::t = W::t — W¢
Nw,
minimize  L(X|W*) + A\p(W?)
. WE W
Variable bi ’ fto WEET
splitting subject to € LixuxT

. 93
reformulation: W? € TixuxT

7% 7 ONERA
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Problem Splitting

= treat the datacube as two distinct parameters and impose their equality

minimize  L(X|W*) + Ap(W?)

Variable wewe .
splitting subject to W™ € Tjxyxr
reformulation: W? € Tisyxr

W =w?

ONERA
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Problem Splitting

= treat the datacube as two distinct parameters and impose their equality

minimize  L(X|W*) + Ap(W?)

Variable wewe .
splitting subject to W™ € Tjxyxr
reformulation: W? € Tisyxr

W =w?
Augmented Lagrangian Reformulation:

LW, W?.T) = L(X | WE) + Ap(W?) + ALY (WF, W?)
ALT (WS W) = 4[W* — W? |2 + (T, W* — W?)

where v € R™.
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ADMM Steps

The objective function is minimised alternatively for each
variable while keeping the others fixed.

3 Sequential Steps:

W?¥-Update — temporal component optimisation
minimize L(X|W*) + ALY (W5, W?)

ETixjxt
— solved for each pixel i, j
W¢-Update — spatial component optimisation

minirgize Ap(W?) + ALY (WE, W?)
w

— solved for each image t

I'-Update — maintains constraint W* = wW?
[« T +2y(W* - W?)

ONERA
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Dataset and On-Ground GPS Station

The dataset validated with on-ground GPS data [4]

- Kahauale’a Natural Reserve (Hawai’i Island, US). 10 images,
dates: 11/2024 to 04/2025. 17 GPS Stations.

- Mexico City, Mexico. 15 images, dates: 03/2019 to 07/2019. 5
GPS Stations.

— Sentinl-1, TerraSAR-X

Mexico, GPS Stations

ONERA
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First Results Comparisons: Mexico Cit

o 200

TV-Only, 1000 iterations ADMM Result COFl-only, MM-LS, 100 iter.
Figure: ADMM Parameters: epsilon=0.01, variable v = 1, constant A = 4, 2 COF] lterations, 30

TV iterations, 30 ADMM lterations
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First Results Comparisons: Hawaii, Ser

800

TV-Only, 900 iterations ADMM Result COFl-only, MM-LS, 100 iter.

Figure' ADMM Parameters: epsilon=0.01, variable v = 1, constant A = 4, 2 COF] lterations, 30
TV iterations, 30 ADMM lterations
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lterations Analysis

COFI

TV +
AL

Spatio-temporal denoi:

TV
iters
act

Figure: ADMM Parameters: epsilon=0.01, variable v = 1, constant A = 4, 2 COF] lterations, 30
TV iterations, 30 ADMM lterations
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TerraSARX: Iceland

\
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Figure: ADMM Parameters: epsilon=0.01, variable v = 1, constant A = 4, 2 COF] lterations, 30
TV iterations, 30 ADMM lterations
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Conclusions & Perspectives

Conclusions

Adding a spatial regularisation term:
- allows to yield all the statistical information of the image stack
- visually eliminates a lot of noise

- Is particularly effective in highly noisy areas that are hard to tackle
with the temporal information alone

Perspectives

- Analyse the effects of the various parameters in the framework

- Perform a quantitative evaluation using metrics such as MSE,
PSNR, SSIM, and standard deviation reduction.

- Validate the estimated displacements against available GPS
ground-truth measurements.

19/20 EGrosso, FBrigui, G.Ginolhac, A Breloy - FRINGE 2026
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Conclusion

Thank you
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