
A New SAR Interferometry Approach to Linear Infrastructure Monitoring using Spatial
Displacement Gradients

Andreas Piter1, Mahmud Haghshenas Haghighi1, Mahdi Motagh2,1

1 Institute of Photogrammetry and GeoInformation, Leibniz University Hannover, Germany
- {piter, mahmud, motagh}@ipi.uni-hannover.de

2 GFZ Helmholtz Centre for Geosciences, 14473 Potsdam, Germany - mahdi.motagh@gfz.de

Keywords: InSAR, Gradient, Linear Infrastructure, Sentinel-1, TerraSAR-X

Abstract

Monitoring linear infrastructures such as railways and highways with Multitemporal Interferometric Synthetic Aperture Radar (MT-
InSAR) requires to identify spatial displacement gradients to assess related hazards. Estimating the spatial gradients involves the
retrieval of the displacement time series in MTInSAR for coherent pixels. However, the algorithms are computationally expensive
because pixels outside the linear infrastructure are processed as they are required to aid the phase unwrapping and atmospheric
phase filtering at the linear infrastructure. We propose a new approach which makes use of the known location of the linear in-
frastructure in the SAR images and estimate the differential displacement velocities along the infrastructure from the wrapped
interferometric phases. In this way, the effect of incoherent pixels from outside the linear infrastructure and the potential error
propagation during spatial phase unwrapping are mitigated. Our experiments based on TerraSAR-X and Sentinel-1 images show
good agreement between the estimated spatial gradient velocities from our method and the conventional MTInSAR results. The
sensitivity of the choice of grid size is evident in the resultant Root Mean Square Error (RMSE), which is approximately 0.1 cm/year
when compared to the conventional MTInSAR results. This is achieved with a grid size larger than 300 m, which smoothed small
variations in the differential velocity. Applying our method on Sentinel-1 images enables computationally efficient monitoring of
linear infrastructures exploiting the wide area coverage and availability of the SAR images.

1. Introduction

Multitemporal Interferometric Synthetic Aperture Radar (MT-
InSAR) has evolved into a powerful tool for observing displace-
ments at the Earth’s surface with long time series derived across
large areas. The availability of freely available Sentinel-1 im-
ages with extensive area coverage and regular acquisitions has
fostered the development of ground motion monitoring services
(Kalia et al., 2017; Crosetto et al., 2020; Morishita, 2021) in or-
der to assess natural (Gürboğa et al., 2025) and anthropogenic
hazards (Haghighi and Motagh, 2024).
While homogeneously subsiding infrastructures are less vulner-
able, spatially irregular displacements result in spatial displace-
ment gradients that might lead to damage (Barra et al., 2022).
Assessing infrastructure damage risk requires monitoring haz-
ard resulting from deformation. Spatial gradients are usually
derived as a product from MTInSAR in a post-processing step.
However, the differential displacement velocity between neigh-
bouring points often are an intermediate product during MT-
InSAR which is used to derive the displacement velocity and
the displacement time series (Ferretti et al., 2001; Mora et al.,
2003; Van Leijen, 2014). While the displacement time series is
valuable to assess hazards resulting from acceleration of the dis-
placement, it is discarded for the assessment of the spatial gradi-
ent velocities which is commonly computed from the mean dis-
placement velocities.
Monitoring linear infrastructures, such as railways and high-
ways, benefits from the spatial coverage of Sentinel-1 images
due to their elongated shape that covers hundreds of kilometers.
However, the narrow shape of the linear infrastructure typically
with a width of up to 40 m poses challenges for the MTInSAR
processing (Piter et al., 2024), for which the method underlying
a generic ground motion service is not tailored to. The num-

ber of coherent pixels at the linear infrastructure derived from
Sentinel-1 images is limited and the pixel’s distribution is het-
erogeneous as a consequence of the sensor’s medium spatial
resolution of 5 m×20 m in range and azimuth, respectively. For
assessing the displacement at the linear infrastructure, the ma-
jority of the pixels which are processed with MTInSAR meth-
ods is not intersecting the object and thus is not relevant for the
application. Nevertheless, the displacement is often derived for
the surrounding area to capture hazards from e.g. landslides
(Raspini et al., 2019). The pixels outside the transport infra-
structure are needed to estimate and remove the atmospheric
effect which is the biggest error source in MTInSAR (Hanssen,
2001). Considering the large area that needs to be processed
with MTInSAR to monitor the whole linear infrastructure, the
pixels outside the object limit the processing in two ways. On
the one hand, the large number of pixels demands high compu-
tational resources for phase unwrapping and atmospheric filter-
ing. On the other hand, phase unwrapping errors can be caused
by noise in pixels outside the linear infrastructure and will be
propagated, which could, however, be avoided by reducing the
processing to pixels at the linear infrastructure itself. For this
reason, national ground motion services are often not ideal for
the transport infrastructure monitoring task. In this paper, we
aim at addressing these two major challenges.

We propose a new concept for linear infrastructure monitoring
using MTInSAR which considers the shape of the infrastruc-
ture. The novelty of our work is the preselection of pixels at
the linear infrastructure in combination with the estimation of
the spatial displacement gradients along the linear infrastructure
from the wrapped interferometric phases. The approach comes
with computational efficiency, reduces the impact of phase un-
wrapping errors and does not require atmospheric filtering. The
rest of the paper is structured as follows. First, we review the lit-
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erature about infrastructure monitoring and gradient estimation.
Second, we present our new gradient-based method. Third, we
demonstrate the performance of the method with a case study.
Finally we conclude our work.

2. Literature Review

For monitoring of linear infrastructures, such as highways and
railways, often off-the-shelf MTInSAR methods have been
used to derive displacement (Chang and Hanssen, 2015; Orel-
lana et al., 2020; Bernhard et al., 2024). A few works have con-
centrated on the methodological improvements to MTInSAR
for linear infrastructures. For example, MTInSAR methods
have been tailored to highways and railways including perform-
ance assessment of different pixel selection techniques (Piter
et al., 2024) and a relaxed threshold was proposed for pixels
on the linear infrastructure to increase the pixel density at the
object (Macchiarulo et al., 2022). In the postprocessing step,
i.e. after the displacement retrieval, the geolocation accuracy of
Point Scatterer (PS) pixels can be improved by combining the
MTInSAR results with laser scanning measurements (Chang et
al., 2020). To improve the interpretability of the displacement
results, the Line-of-Sight (LoS) measurements can be conver-
ted into an object-fixed coordinate system consisting of vertical,
longitudinal and transversal displacement components, which
is complemented by metrics for the sensitivity and observab-
ility of displacements along the linear infrastructure (Chang et
al., 2018). Infrastructure monitoring requires the assessment of
spatial and temporal gradients that can damage infrastructures
(Raspini et al., 2019; Barra et al., 2022; Zhang et al., 2025).
The spatial gradient describes the change of the displacement
between two points in space normalized by their distance, also
called angular distortion, while the gradient velocity represents
the change of the gradient over time (Ma et al., 2022; Daud et
al., 2026). In practice, the spatial gradient is implicitly ana-
lysed, e.g. through profiles or visual analysis of displacement
maps, or alternatively, the differential displacement velocity
between two points is computed to identify the hazard at in-
frastructures (Qin et al., 2017; Chang et al., 2020; Wang et al.,
2022). Chang et al. (2016) proposed a method to detect spati-
otemporal displacement anomalies at railway tracks which clas-
sifies the temporal displacement behaviour of differential dis-
placement time series between neighbouring PS pixels. How-
ever, the approach requires the final displacement time series to
estimate both, the temporal and spatial gradients, which is con-
nected to high computational costs. In this paper, we propose a
novel approach that estimates the differential displacement ve-
locity directly from the wrapped phases, to derive the spatial
gradient velocity in a computationally light manner.

3. Methodology

The goal of our proposed method is to estimate the spatial
displacement gradient velocities along the linear infrastructure
from the SAR images. We limit our analysis to the linear in-
frastructure and directly estimate the spatial gradients from the
wrapped interferometric phases. This approach does not require
phase unwrapping and explicit estimation of the atmospheric ef-
fect. The gradients are estimated between neighbouring points
whose phase difference cancels the atmospheric phase contri-
bution for close-by pixels such that the atmospheric effect is
negligible.
With our method, we perform a single-look analysis to avoid
incoherent averaging of the pixels on the linear infrastructure
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Figure 1. Illustration of the processing steps for the projection of
the coherent points to the infrastructure line (a-b), to form a
regular 1D grid (c), where each grid cells is represented by a
virtual point (d). The results are the differential displacement

velocities (e) or, if normalized by the distance, the spatial
gradient velocities.

through multilooking. Nevertheless, the spatial distribution of
the coherent pixels can vary significantly along the linear in-
frastructure. Therefore, we apply a sampling strategy with grid
cells which eases the interpretation of the estimated gradients
along the linear infrastructure. We assume that the displace-
ment signal is spatially correlated and, hence, we can use a reg-
ular grid that is computed along the linear infrastructure to ag-
gregate coherent pixels within each grid cell.
The input to our method are the co-registered and geocoded
Single-Look Complex (SLC) stack and a line from Geographic
Information System (GIS) data with the centre coordinates rep-
resenting the linear infrastructure, here referred to as infrastruc-
ture line. The map coordinates of each pixel in the image and
of the infrastructure line has to be known in order to find pixels
on the infrastructure and to construct a local coordinate system.
The output of our method are the differential displacement ve-
locities between neighbouring grid cells from which the spatial
gradient velocities are computed.

3.1 Pixel Selection

We select pixels at the linear infrastructure from which the spa-
tial gradients can be computed. The position of the linear infra-
structure in the radar image can be inferred from GIS data. If
we assume that the geolocation of the coregistered image stack
is accurate and the terrain is flat at the linear infrastructure, we
can match the map coordinates of the infrastructure line with
the map coordinates of the pixels in the radar image. A buf-
fer is created along the infrastructure line in the radar image to
mask the pixels belonging to the infrastructure.
Within the infrastructure mask, pixels which show a coherent
scattering behaviour during the whole study period are selec-
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ted (Figure 1a). Coherent pixels can comprise PS and Dis-
tributed Scatterer (DS) pixels, each requiring dedicated selec-
tion methods, e.g. amplitude stability analysis (Ferretti et al.,
2001), phase noise estimation (Hooper et al., 2007), or phase
linking (Guarnieri and Tebaldini, 2008; Ferretti et al., 2011).
The choice of the pixel selection method is not specific to our
proposed method.

3.2 Local Coordinate System

The gradients are analysed in a local coordinate system follow-
ing the shape of the linear infrastructure. The selected coherent
pixels are projected orthogonally onto the infrastructure line
and the distance along the infrastructure relative to a starting
point is computed. The infrastructure line comprises a series of
straight lines, thereby enabling the projection of the points. The
local coordinate system is one-dimensional and is given by the
distance along the infrastructure (Figure 1b). The direction or-
thogonal to the infrastructure line is not required for our task as
the coherent points are already selected with the buffer around
the infrastructure line. An equidistant grid is computed along
the infrastructure line and the coherent pixels are assigned to
the grid cells (Figure 1c). Empty grid cells are discarded. Each
grid cell is represented by its centre point, which is called vir-
tual point hereafter.

3.3 Spatial Gradient Velocity Estimation

The spatial gradient velocity is estimated from arcs that connect
two neighbouring grid cells. The arcs are not redundant. Nev-
ertheless, reliability is increased by the aggregation of all pixel
information within each grid cell into a virtual point, which thus
serves as a cell representation (Figure 1d). Outlier checks could
be applied on the coherent pixels before aggregating them. The
virtual points are connected by arcs along the transport infra-
structure which eases the interpretation of the gradients.
First, the interferometric phases of each coherent pixel are com-
puted from the interferogram network. The phase ϕ in inter-
ferogram i of the virtual point p is the argument of the sum of
complex phasors of all points in the grid cell Q

ϕi
p = ̸

(∑
q∈Q

ejϕ
i
q

)
(1)

where ̸ (·) denotes the phase of a complex number. Then the
arc phase φ is given by

φi = ̸
(
e
jϕi

Q1 · e−jϕi
Q2

)
(2)

ensuring that the gradient is always computed in the same dir-
ection along the infrastructure as grid cell Q1 is closer to the
starting point of the infrastructure line than Q2.
We model the phase contributions in the arc phase with the dif-
ferential mean displacement velocity ∆v (Figure 1e), and with
the difference in the Digital Elevation Model (DEM) error ∆h.
We choose the linear model for the displacement because we
assume that the displacement signal is spatially correlated. For
each arc, we estimate the two parameters by maximizing the
temporal coherence from M interferograms

argmax
∆v,∆h

γ̂arc =
1

M
·

∣∣∣∣∣
M∑
i=1

ejφ
i
res(∆v,∆h)

∣∣∣∣∣ (3)

which measures the model fit based on the phase residuals φi
res.

The phase residuals are computed based on the model for the

displacement gradient and DEM error

φi
res (∆v,∆h) = φi − 4π

λ

(
Bi

t∆v +
Bi

⊥
r sin θ

∆h

)
(4)

where λ is the radar wavelength, Bi
⊥ is the perpendicular

baseline, r is the average distance between the sensor and the
point, θ is the average local incidence angle of the arc, and Bi

t

is the temporal baseline (Ferretti et al., 2000). Low-quality es-
timates can be removed by a threshold on the temporal coher-
ence γ̂arc. Finally, the spatial gradient velocity β is computed

β =
∆v

d
(5)

using the distance d between the two grid cell centres.

4. Experiments

4.1 Study Area and Datasets

We selected a study area in Germany close to the city Düren de-
picted in Figure 2. The study area covers two open-pit mines,
Hambach and Inden, and is characterized by subsidence related
to the mining activities (Tang et al., 2020). Several highways
and railways pass the study area of which two are selected for
the validation of our method. The selected highway and railway
sections cover 14 km and 12 km, respectively.
Two datasets from Sentinel-1 and TerraSAR-X are chosen. The
C-band sensor from Sentinel-1 has a medium spatial resolution
of 5 m×20 m, while the X-band sensor of TerraSAR-X has high
spatial resolution of 3 m×3 m in range and azimuth, respect-
ively. Both image stacks from Sentinel-1 and TerraSAR-X are
separately coregistered with Gamma software (Wegmüller et
al., 2016) using the Shuttle Radar Topography Mission (SRTM)
DEM. The image stack of Sentinel-1 spans the period from
04-01-2021 until 30-12-2021 with 58 images from descending
track. The image stack of TerraSAR-X contains 29 images from
descending track in the period from 06-01-2021 until 04-01-
2022. The study area covered by both sensors (red rectangle in
Figure 2b) has an extent of about 12 km×8 km. The LoS view-
ing direction of the two sensors are almost the same for our
study area with an incidence angle of around 35◦ which allows
the direct comparison of the displacement results in LoS.

4.2 Processing Parameters

We processed the two image stacks from Sentinel-1 and
TerraSAR-X independently using the same parameters for our
method. Moreover, the linear infrastructures, railway and high-
way, are processed independently. We create a mask in the radar
image coordinate system from the OpenStreetMap (OSM) lines
of the linear infrastructure by buffering the line with 20 m on
each side. The buffered line is subdivided into grid cells with a
width of 200 m. Without loss of generality, we select PS pixels
using the Temporal Phase Coherence (TPC) approach (Zhao
and Mallorqui, 2019) and select coherent pixels within each
mask which exceed a TPC value of 0.8. Using TPC compared
to other commonly used methods like the amplitude dispersion
(Ferretti et al., 2001) has the advantage that the phase noise is
directly assessed and leads to a low false-positive detection rate
(Zhao and Mallorqui, 2019). Therefore, we do not apply any
further outlier checking before aggregating the coherent pixels
to a virtual point in each grid cell. Arcs with a temporal coher-
ence below 0.6 are removed.
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(a) Sentinel-1.

(b) TerraSAR-X.

Figure 2. LoS velocity maps estimated from MTInSAR over the
study area in Germany with the two open-pit mines Hambach

and Inden with the spatial reference point depicted by the white
triangle. The study area covers several railway tracks and

highways. The start and end points of the railway and highway
segments analysed in our experiments (see Figure 3) are

indicated by R1-R2 and H1-H2, respectively. Background
image: ©ESRI.

4.3 Validation Strategy

We verify the spatial gradients estimated with our proposed
method compared to a state-of-the-art MTInSAR method im-
plemented in the SARvey open-source research software (Piter
et al., 2024, 2025). With this conventional approach to linear
infrastructure monitoring, we estimate the velocity map and the
displacement time series for the whole study area. For MTIn-
SAR, we estimate the TPC from a single-reference interfero-
gram network and use the same threshold of 0.8 to select co-
herent pixels as it is applied for our proposed method. A two-
step approach is chosen which first estimates the atmospheric
effect from the first-order points and then densifies the set of
second-order points. The phases are unwrapped temporally
and spatially, the latter using the Phase Unwrapping MAx-flow
(PUMA) method (Bioucas-Dias and Valadao, 2007; Boykov
and Kolmogorov, 2004).
We compare the MTInSAR results from the conventional
method with our proposed approach. On the one hand, we per-

form a visual assessment of the results on the level of the dis-
placement velocities, i.e. we integrate the gradients of the arcs
from our method to the velocity at each grid cell. For this, we
assume that one grid cell is stable to serve as a reference and in-
tegrate the gradients of the connected arcs. Multiple reference
cells are needed if grid cells are not connected.
On the other hand, we compare the results on the level of the
differential displacement velocities. For this purpose, we also
derive the differential displacement velocities from the mean
velocity map of the MTInSAR method. We use the same grid
cells and arcs as in the proposed method to average the velocit-
ies of all coherent pixels inside a grid cell and compute the ve-
locity difference between neighbouring cells. Finally, the Root
Mean Square Error (RMSE) is derived from K arcs between
the grid cells along the linear infrastructure

RMSEarc =

√√√√ 1

K

K∑
i=1

(∆v̄i −∆vi)2. (6)

with the differential displacement velocities from the conven-
tional MTInSAR denoted by ∆v̄ and from the proposed method
by ∆v. This metric, however, does not reflect how well the pro-
posed method captures the details of the velocity profile along
the linear infrastructure. Therefore, we assess how the estim-
ated spatial gradients agree with the displacement velocities at
the level of the coherent pixels resulting from MTInSAR. We
formulate this assessment as a regression analysis, in which the
fit of the gradient velocity βi of the i-th arc is evaluated against
the velocity estimates vq of all coherent points from the two
adjacent grid cells Q1 and Q2 at distances dq

rq = dqβi − vq (7)

yielding the residual velocity rq of the coherent pixel q. We
compute the RMSE over all arcs

RMSEpoints =

√√√√ 1

Ñ

K∑
i=1

(∑
q∈Q1

(rq − r̄i)2 +
∑
q∈Q2

(rq − r̄i)2

)
(8)

with the mean of the residuals r̄i per arc. The total number of
residuals Ñ used in this calculation depends on the number of
coherent pixels Ni in the two grid cells Q1 and Q2 adjacent to
arc i

Ñ =

K∑
i=1

Ni,Q1 +Ni,Q2 . (9)

The assessment is done for each sensor and each linear infra-
structure separately.

4.4 Results and Discussion

The displacement maps are shown in Figure 2 with the LoS
mean velocity estimated from Sentinel-1 and TerraSAR-X im-
ages. The same overall displacement signal has been retrieved
from the data of both sensors showing a diverse displacement
field related to subsidence in the urban areas and on the linear
infrastructures with a maximum velocity of about 4.5 cm/year
away from the satellite and displacement related to uplift at the
open-pit mines and in their vicinity. While a dense coverage of
the railway and highway has been achieved in the TerraSAR-
X results, the linear infrastructures are sparsely covered in the
Sentinel-1 results. These displacement maps, being a stand-
ard product of MTInSAR, show the overall displacement signal.
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(a) Railway from R1 to R2. (b) Highway from H1 to H2.

Figure 3. Absolute spatial gradient velocities (first and second row) along the linear infrastructures estimated from Sentinel-1 (grey)
and TerraSAR-X images (orange). The differential displacement velocities between the grid cells are shown for each arc (third and

fourth row). The first grid cell of an arc serves as reference and is set to zero, while the displacement velocity of the second grid cell
displays the displacement velocity of the arc relative to the first grid cell. Empty grid cells in the Sentinel-1 results lead to different arc

length compared to the TerraSAR-X result. The velocities at the grid cells (bottom) result from integrating the differential
displacement velocities along the linear infrastructure relative to the first grid cell, depicted by a triangle. In case of missing arcs, a
new reference point is deployed. The velocities of coherent points derived from conventional MTInSAR analysis are provided for

comparison.

However, their interpretability for hazard assessment is limited
especially for the linear infrastructures with their narrow shape.

The results of the linear infrastructure-oriented analysis pro-
posed in this paper are shown in Figure 3 for the railway and
highway segment. The results are presented in three ways:
the absolute values of the spatial gradient velocities (first and
second row), the differential velocities between two arcs (third
and fourth row), and integrated velocities in comparison to the
MTInSAR velocities (bottom row). The grid cells derived from
TerraSAR-X data are all filled with coherent pixels, thus, all
arcs have the same length. Moreover, it was possible to estim-
ate the gradient for all arcs, except for one arc at the highway,
leading to a continuous representation of the spatial gradient
velocity along the two linear infrastructures. Although not all
grid cells derived from the Sentinel-1 data are filled with co-
herent points, the gradient was estimated for all, except for two
arcs. A few arcs are longer than the regular sampling distance
of 200 m as a consequence of the empty grid cells. This leads to
an undersampling of the displacement gradients along the linear
infrastructure, which is, however, not due to the proposed meth-
odology, but depends on the availability of coherent pixels.
The primary outcomes of our approach are the spatial gradient
velocities along linear infrastructures (first and second row of
Figure 3). The retrieved gradient velocities demonstrate con-
sistency with the MTInSAR velocity profiles, but differences

between the results from the two sensors are apparent. These
differences can be attributed to the spatial resolution and the
availability of coherent points. For example, the high gradient
velocities along the railway at 4 km to 6 km distance are consist-
ently retrieved from Sentinel-1 and TerraSAR-X images. How-
ever, the gradient velocities along the highway at 8 km to 9.5 km
are estimated from TerraSAR-X but not from Sentinel-1 due to
insufficient number of coherent pixels.
Another product of the proposed approach are the differential
displacement velocities (third and fourth row of Figure 3). To
enhance the readability of the differential velocities, the first
point of each arc is set as a local reference, while the second
point is representing the velocity difference away or towards
the sensor. Obviously, the overall displacement signal is not
directly visible from the differential velocities, however, local
differences in the displacement at segments of the linear in-
frastructure are highlighted. Finally, the differential velocities
from the proposed approach are integrated relative to a refer-
ence grid cell in order to compare it with the velocity profiles
from MTInSAR (bottom row of Figure 3). In case of a missing
arc, a new reference point is set, which happens twice in the
Sentinel-1 and once in the TerraSAR-X results. This repres-
entation allows to assess the global displacement signal similar
to the displacement maps in Figure 2 and might be more fa-
miliar to the reader. The velocities resulting from integration
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Figure 4. Integrated velocities along railway segment derived
from Sentinel-1 data for different grid sizes.

are not the output of our method, because the integration will
lead to drift which increases along the velocity profile. The
results from our method and from MTInSAR follow the same
overall displacement pattern for both Sentinel-1 and TerraSAR-
X. From the figure, only small differences are visible resulting
from undersampling of the displacement signal through a grid
cell size of 200 m such that the averaging effect of the sampling
becomes apparent. At the railway, there is a larger discrep-
ancy between Sentinel-1 and TerraSAR-X results around kilo-
metres 10 to 11. Notably, the velocity of coherent pixels derived
from MTInSAR varies along the profile in the range of 0.5 and
1 cm/year. In contrast, the velocities from our approach do not
show any variation as the phases are averaged in the beginning
on the grid cell level.

The impact of the chosen grid size on the integrated velocit-
ies retrieved with our proposed approach is shown in Figure 4
with grid sizes in the range of 10 m to 500 m. Two effects
can be observed. Firstly, the displacement velocities become
smoother with increasing grid size. This effect is expected be-
cause the interferometric phases of all pixels inside each grid
cell are averaged. Secondly, as the grid size decreases, there is
an increase in the number of arcs whose large phase noise pre-
vents the estimation of the displacement velocity. The use of
a smaller grid size amplifies the impact of noise from incoher-
ent pixels, whereas a larger grid size smooths the differential
velocities which prevents the assessment of local displacement
anomalies.
The comparison between the MTInSAR results and the pro-
posed approach is shown in Figure 5. The results on the level
of the arcs (Figure 5a) correspond more closely with increas-
ing grid size. This demonstrates that the long-wavelength dis-
placement signals can be better captured, while the high RMSE
at short arcs reflect the variability of the displacement velocit-
ies from individual coherent pixels along the velocity profile
of the infrastructure. Moreover, the L-shaped RMSE-curves
indicate that local displacement signals have a minor impact
on the differential velocities of grid sizes larger than 300 m.
An exception is the RMSE-curve corresponding to railway ob-
served by TerraSAR-X, which in general shows significantly
lower RMSE values for all grid sizes and exhibits a bend in the
L-shaped curve already at 200 m grid size. The low RMSE for
the railway depicted in TerraSAR-X images could result from
the high spatial sampling of the displacement due to the high
number of and homogeneously distributed coherent pixels at
the railway.
The comparison of the spatial gradient from the proposed ap-

(a) RMSEarc. (b) RMSEpoints.

Figure 5. RMSE between MTInSAR results and proposed
approach for different grid sizes.

proach with the velocities at the coherent points from MTIn-
SAR is shown in Figure 5b. All RMSE-curves (rail- and high-
way, from both sensors) exhibit a similar behaviour as they
grow with increasing grid size. It confirms that less velocity
variations are captured with larger grid sizes. The values range
from 0.11 cm/year to around 0.30 cm/year. Interestingly, there
is only a slight increase in the RMSE of less than 0.05 cm/year
between grid sizes 50 m to 300 m, while for the same grid sizes
the RMSE on the arc level decreases drastically (difference up
to -0.25 cm/year, Figure 5a). This indicates that the velocit-
ies estimated from MTInSAR show themselves a variation of
around 0.2 cm/year along the linear infrastructures.
Discrepancies between our approach and MTInSAR could be
explained by the different processing strategies. However, they
cannot be assigned to one method because a ground-truth is not
available for the study area. In our approach, the pixels in the
neighbourhood of the linear infrastructure do not have an ef-
fect on the estimation, whereas the phase unwrapping and time
series retrieval in MTInSAR depend on the distribution and
quality of all pixels in the study area. Averaging the phases of
the coherent pixels within each cell in our approach can either
reduce or increase the impact of individual pixels depending on
the total number of pixels in the cell. Another reason for the
differences could be the linear displacement model which is as-
sumed in our approach but is not appropriate for pixels with a
non-linear displacement which the MTInSAR method is able to
retrieve.
Our method uses a regular grid spacing which works well for
the homogeneously distributed coherent pixels from TerraSAR-
X, but might not be optimal for the heterogenous spatial dis-
tribution of coherent pixels in Sentinel-1 images. The regular
grid spacing could segregate coherent pixels, which are spa-
tially clustered, into grid cells with only one or few pixels. An
unsupervised clustering approach could help to group pixels by
their spatial distribution.

5. Conclusion

In this paper, we introduced a new concept for linear infrastruc-
ture monitoring. The approach estimates the spatial gradient
velocities directly from the wrapped interferometric phases in
contrast to MTInSAR which is commonly used for this task.
Our methodology works for both high and medium spatial
resolution SAR images from TerraSAR-X and Sentinel-1, but
provides opportunities for large scale linear infrastructure mon-
itoring if applied on Sentinel-1 images. We showed that al-
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though a larger grid size leads to smoothing of the displace-
ment velocities, the success rate of the displacement velocity
estimation increases with increasing grid size. The experi-
ments demonstrated that regional displacement signals can be
effectively estimated with our method from Sentinel-1 images
to leverage the wide-area coverage of the sensor. In future work,
we will focus on the identification of temporal anomalies to
complement the spatial gradients. Moreover, we will apply our
method to larger areas and combine the LoS gradients from dif-
ferent orbit directions in order to decompose the signal into an
object-fixed coordinate system.
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