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ABSTRACT

Synergizing SAR multi-sensors facilitates long-term defor-
mation time series monitoring of radar scatterers on the Earth
surface. Due to the disparity in e.g. radar wavelength, in-
cidence angle, orbital direction, and polarization, however,
there is no straightforward way to concatenate such time se-
ries from different SAR sensors. This study as an extension
of [1] proposes the use of tie-point pairs, i.e. scatterers that are
most likely reflected from a common ground target, aiming at
integrating multi-sensor SAR data to monitor surface defor-
mation without the loss of spatial resolution. Tie-point pairs
are identified using geolocation uncertainty of radar scatter-
ers. A probabilistic temporal model of tie-point pairs’ time
series is developed to link deformation time series from differ-
ent sensors. We tested the proposed approaches in Groningen,
The Netherlands, using 82 Radarsat-2 (C-band, July 2009 -
June 2015) and 13 ALOS-2 (L-band, September 2014 - May
2020). Finally we identified 3315 tie-points with three dif-
ferent intersection types and determined their best temporal
models. For those points, the maximum vertical subsidence
velocity is up to 10 mm yr-1 between 2009 and 2020.

Index Terms— Geolocation uncertainty, Error ellipsoid,
Monte Carlo methods, Multiple hypothesis testing, Deforma-
tion time series

1. INTRODUCTION

The increasing number of SAR missions results into a large
increase in SAR data collection. SAR data over a single
area can offer deformation time series of ground objects. A
single sensor may merely deliver a deformation time series
of detected radar scatterers (e.g., Persistent Scatterers (PS))
over a short time interval, whereas for longer time periods,
several satellites are needed. To realize the long-term surface
monitoring, synergizing multi-sensor deformation time series
is required. Our study aims to develop and demonstrate a
generic method to integrate such multi-sensor SAR data. The
integration has two facets. For spatial integration of SAR
data, the tie-point pairs, defined as constantly coherent radar
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scatterers and separately obtained from multi (SAR) sen-
sors but reflected from common ground objects, need to be
identified. The disparity in e.g. spatial resolution and satel-
lite viewing geometry (ascending and descending trajectory),
challenges the identification and association of constantly
coherent radar scatterers, which represent common ground
points. We propose to use Monte Carlo methods to recognize
tie-points, where we consider geolocation uncertainty and
physical attributes of radar scatterers. For SAR data temporal
integration, called deformation time series linking of the tie-
point pairs, different temporal resolution and satellite viewing
geometries may lead to inconsistencies in deformation time
series of tie-point pairs. To address this problem, we suggest
first projecting the satellite line-of-sight observations onto a
common direction under the certain assumption(s). Second,
we use the outcome of the Monte Carlo methods to assign the
weights for the equivalent deformation estimates. And third,
we use a probabilistic method to determine the best temporal
model with the lowest test ratio, minimum posterior variance,
and fewer number of unknowns, for all tie-point pairs.

2. METHOD

This section presents the method to identify tie-point pairs
from different SAR sensors in Section 2.1, and the method to
determine the best temporal model in Section 2.2.

2.1. Identification of tie-points by Monte Carlo methods

The constantly coherent radar scatterers (i.e. PS) and the asso-
ciated deformation time series can be yielded by using a stan-
dard time series InSAR approach, such as Persistent Scatterer
Interferometry (PSI) [2, 3, 4]. Aiming to concatenate the de-
formation time series generated by different SAR sensors, we
propose to include geolocation error ellipsoid of PS to iden-
tify tie-point pairs reflected from common ground targets. We
firstly select an isolated and stable PS point as a common ref-
erence point and removing reference point error. Next, we
estimate the error ellipsoid per PS to describe the geoloca-
tion uncertainty of PS, and identify tie-points by thresholding
cross volume. The Monte Carlo methods are employed to cal-
culate the cross volume [5]. The cross volume estimates are
used as weights to derive the equivalent deformation time se-
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Fig. 1. Two examples of potential tie-points. The number of
cross volume dots is shown in green. The semi-axis length (in
East, North and Up) is taken for visualization purpose.

ries per tie-point pair, more details in [1]. Fig. 1 illustrates
two examples of potential tie-points. Fig. 1(a) shows one PS
point (marked in red) from a SAR sensor overlaps with one
PS point (marked in blue) from a different SAR sensor, while
Fig. 1(b) shows one PS point (marked in blue) from a SAR
sensor overlaps with two PS points (marked in red) from other
SAR sensors. The cross volume dots are depicted in green.

2.2. Deformation time series linking of tie-point pairs

Linking deformation time series of every tie-point pair re-
quires an appropriate temporal model. Such a model can be
realized by using probabilistic methods — these allow mul-
tiple hypotheses testing and the B-method of testing [6]. As
a SAR sensor merely delivers the measurements in the line-
of-sight (LOS) direction, we project all measurements onto a
common direction, e.g. in vertical direction. This direction
can be determined when we have access to a-priori knowl-
edge or if we make an assumption. For instance by supposing
that we have a tie-point pair with two PS (denoted as p and
p′) separately generated from two different SAR sensors. If
the two SAR sensors have no overlap in time (see Fig. 2(a)),
then we first separately determine the best temporal model of
p and p′, followed by using the best model to estimate the de-
formation values at any moment of interest as well as in the
duration of the temporal gap. If the two SAR sensors have an
overlap in time (see Fig. 2(b)), then we interpolate the defor-
mation time series of p and p′ using the best model.

For our study, we selected and tested four potential
temporal models composed of physically realistic canoni-
cal deformation functions: the linear function of time, the
temperature-related function, the single-breakpoint function,
and the Heaviside function, cf. [6]. The composition of
proposed models M1,M2,M3,M4 is provided in Table 1.

We use the Detection-Identification-Adaption (DIA) strat-
egy to test those models [7] and apply the Overall Model Test
(OMT) to test the default model M0. If M0 is unfavourable,
we test the models (MJ , J ∈ 1, 2, 3, 4) and sort the associ-
ated test ratios (T ∗) in an ascending way, followed by select-
ing the models with large test ratio values. The model with

Fig. 2. Simulated deformation time series with Gaussian
noise of a tie-point pair (p, p′), for the scenario of (a) gap
and (b) overlap in time. obs. is short from deformation obser-
vation.

Table 1. The composition of proposed models.

Function
Model

M0 M1 M2 M3 M4

Linear function 1 1 1 0 0
Temperature-related function 0 1 1 0 0
Breakpoint function 0 0 0 1 1
Heaviside function 0 0 1 1 0

the lowest posterior variance and least number of unknowns
is determined as the best model, see more details in [1].

3. DATA DESCRIPTION AND TEST SITE

82 Radarsat-2 SAR data (C-band, Track 302, Standard mode,
descending) in HH polarization channel acquired from 2 July
2009 to 25 June 2015, and 13 ALOS-2 SAR data (L-band,
Track 1060, Fine mode, ascending) in HH channel acquired
from 15 September 2014 to 4 May 2020 were used. The key
parameters of Radarsat-2 and ALOS-2 are listed in Table 2.
The test site with the size 46.5 × 69.6 km2 for Radarsat-2
and 51.4 × 46.2 km2 for ALOS-2 is situated in Groningen,
The Netherlands, where are experiencing long-term oil and
gas exploration leading to subsidence cf. [8].

Using a standard PSI analysis, the deformation time se-
ries in the LOS direction of 31665 and 61099 PS points from
Radarsat-2 and ALOS-2 SAR data stacks were generated sep-
arately. Considering the mechanical characteristics of oil and
gas exploration, we assumed that the deformation occurred
predominantly in the vertical direction, and thereby the LOS
measurements (dLOS) were directly projected onto the vertical
direction dvertical, by using dvertical =

1
cos θdLOS.
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Table 2. Key parameters of SAR data used. α and θ repre-
sent satellite azimuth angle and incident angle, respectively.
rg × az indicates range and azimuth directions.

Mission α θ Pixel spacing (rg × az)

Radarsat-2 -169.4◦ 34.1◦ 11.8 m× 4.9 m
ALOS-2 168.55◦ 31.4◦ 4.29 m× 3.21 m

Fig. 3. Vertical deformation map in the Groningen area of
Radarsat-2 (a) and ALOS-2 (b). The common spatial refer-
ence point is indicated by the black square.

4. RESULTS

Figs. 3(a) and 3(b) display the PS vertical deformation maps
in the Groningen area of Radarsat-2 and ALOS-2. The max-
imum vertical subsidence velocity values of Radarsat-2 and
ALOS-2 are up to 9.66 and 9.37 mm yr-1, respectively, w.r.t. a
common reference point indicated by the black square.

Prior to identifying tie-point pairs, we applied the ref-
erence coordinate system alignment (see Section 2.1). The
comparative maps presenting the PS geolocation before and
after aligning the reference coordinate systems are shown
in Figs. 4(a) and 4(b), respectively. Employing the Monte
Carlo methods to recognize all potential tie-points, we note
that the SAR missions in ascending and descending orbital
directions could deliver observations from different ground
targets or different facades of common ground targets. There-
fore, we focus on geometrical tie-points detection, regardless
of potential physical attribute disparity. By experimental
analysis, cf. [9, 10], we fine-tuned and determined the er-
ror ellipsoid size with 9 × 9 × 45 m for Radarsat-2 and
4 × 4 × 22 m for ALOS-2, in the azimuth, range, and cross-
range directions. We thus recognized 3315 tie-point pairs
out of 31665 and 61099 PSs from Radarsat-2 and ALOS-
2. 2969 (89.56%) tie-points were grouped by one-to-one
tie-point pairs (i.e. 1RST-PS vs 1ALOS-PS). A 1RST-PS vs
1ALOS-PS pair represents that a PS from Radarsat-2 is as-
sociated with a counterpart PS from ALOS-2. In total, 319
(9.6%) tie-point pairs were grouped by one-to-two (1RST-PS
vs 2ALOS-PS), and 27 (0.81%) by one-to-three (1RST-PS vs
3ALOS-PS). Randomly selecting three tie-points (PS1, PS2,
and PS3) marked in Fig. 3, we show their intersection types
in Fig. 5. The ellipsoids in blue and red represent PS points

Fig. 4. PS geolocation before (a) and after (b) reference coor-
dinate system alignment.

Table 3. The parameters of the best model for PS1-3.
v̂1 (mm yr-1) and v̂2 (mm yr-1) indicate the linear deforma-
tion velocity before and after a breakpoint occurs. δ̂t is the
time when the breakpoint occurs. L̂ (mm) is the jump at δ̂t.
σ̂2 (mm2) is the posterior variance.

ID Model v̂1 v̂2 L̂ δ̂t σ̂2

PS1 M3 -6.68 -7.52 -11.2 2015/06/25 2.6
PS2 M0 -6.93 — — — 1.3
PS3 M3 -3.96 -5.75 -5.1 2011/06/22 3.3

from Radarsat-2 and ALOS-2, respectively. The size of the
cross volume in green was subsequently used for weighing
the deformation time series.

Following the proposed method in Section 2.2, we esti-
mated the best temporal model of all tie-points. The a-priori
variance of the LOS measurements was initially defined as
15 mm2. Using the best models, the deformation time series
were concatenated, and the (non-linear) anomalies were de-
tected. We illustrate the results of PS1, PS2, and PS3, see
Fig. 6. Table 3 lists the key parameters of the best models
of PS1-3. PS2 remains the default model M0, while PS1 and
PS3 follow M3. The anomalous jump on 25 June 2015 for
PS1 and 22 June 2011 for PS3 were separately detected. For
the deformation time series between 2009 and 2020 of PS3, a
remarkable sinusoidal pattern from September 2014 was not
detected by our probabilistic methods. This is because the
temperature-related parameter was assumed to be invariant
over time, and/or this tie-point pair could be physically mis-
matched.

Fig. 5. Tie-point examples with three types of intersection for
PS1, PS2, and PS3. Ellipsoids in blue and red indicate PS
from Radarsat-2 and ALOS-2, respectively. The green dots
indicate the cross volume.
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Fig. 6. Vertical deformation time series and the best temporal
models of PS1, PS2, and PS3, respectively. The gray color
represents σ̂.

5. DISCUSSION AND CONCLUSIONS

In space, our method considers geolocation uncertainty for
identifying common points (tie-points) from different SAR
sensors. This does not cause any loss in spatial resolution or
change in the observed phase values. Our application iden-
tified four factors that potentially influence the number and
quality of the recognized tie-point pairs: (1) The different
temporal coverage of Radarsat-2 and ALOS-2, required dif-
ferent Amplitude Dispersion Index threshold values to select
PS, being equal to 0.45 and 0.15 for Radarsat-2 and ALOS-
2, respectively. It possibly resulted in points selected for
Radarsat-2 that were not selected for ALOS-2 or vice-versa.
(2) A reference alignment bias could cause an erroneous tie-
point registry. (3) Oversized error ellipsoids would produce
unnecessarily complicated intersection types, causing false
recognition of tie-point pairs. (4) The physical matching of
tie-points needs to be further developed.

In time, it is challenging to include all potential deforma-
tion models and defining deformation observation error un-
certainty, because of the absence of contextual information
and a-priori knowledge.

This study demonstrates and applies a method to syner-
gize SAR multi-sensors in time and space, thereby expanding
the long-term deformation time series monitoring capability
of InSAR. It also contributes to further develop a probabilis-
tic model that estimates, predicts, and links deformation time
series.

6. ACKNOWLEDGMENTS

We thank the Netherlands Space Office (NSO) for offering
Radarsat-2 data, the Japanese Space Agency (JAXA) for pro-
viding ALOS-2 data (Project No.: ER2A2N126), and the
Delft radar group for sharing the DePSI toolbox.

7. REFERENCES

[1] Bin Zhang, Ling Chang, and Alfred Stein, “Spatio-
temporal linking of multiple SAR satellite data from
medium and high resolution Radarsat-2 images,” IS-
PRS Journal of Photogrammetry and Remote Sensing,
vol. 176, pp. 222–236, 2021.

[2] Alessandro Ferretti, Claudio Prati, and Fabio Rocca,
“Permanent scatterers in SAR interferometry,” IEEE
Transactions on Geoscience and Remote Sensing, vol.
39, no. 1, pp. 8–20, Jan. 2001.

[3] Bert M. Kampes, Radar Interferometry: Persistent Scat-
terers Technique, Springer, Dordrecht, The Netherlands,
2006.

[4] Freek van Leijen, Persistent scatterer interferometry
based on geodetic estimation theory, Doctoral disser-
tation. Delft University of Technology, TU Delft, 2014.

[5] Nicholas Metropolis and Stanislaw Ulam, “The Monte
Carlo method,” Journal of the American Statistical Aso-
ciation, vol. 44, no. 247, pp. 335–341, 1949.

[6] Ling Chang and Ramon F. Hanssen, “A probabilistic
approach for InSAR time-series postprocessing,” IEEE
Transactions on Geoscience and Remote Sensing, vol.
54, no. 1, pp. 421–430, 2015.

[7] Peter J. G. Teunissen, Dick G. Simons, and Christian
C. J. M. Tiberius, Probability and observation theory,
2005.

[8] Jan De Jager and Clemens Visser, “Geology of the
groningen field–an overview,” Netherlands Journal of
Geosciences, vol. 96, no. 5, pp. s3–s15, 2017.

[9] Fengming Hu, Freek J van Leijen, Ling Chang, Jicang
Wu, and Ramon F. Hanssen, “Monitoring deformation
along railway systems combining multi-temporal insar
and lidar data,” Remote sensing, vol. 11, no. 19, pp.
2298, 2019.

[10] Ling Chang, Nikhil P Sakpal, Sander Oude Elberink,
and Haoyu Wang, “Railway infrastructure classifica-
tion and instability identification using sentinel-1 sar
and laser scanning data,” Sensors, vol. 20, no. 24, pp.
7108, 2020.

5190


