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Abstract

Monitoring the structural health of bridges in road infrastructure is crucial for ensuring
public safety and efficient maintenance. This paper presents a multi-level semi-automatic
methodology for bridge monitoring, using Multi-Temporal Differential SAR Interferom-
etry (MT-DInSAR) data. The proposed approach requires a dataset of satellite-derived
MT-DInSAR measurements for the Area of Interest. The methodology involves creating
a georeferenced database of bridges which allows the filtering of measurement points
(generally named Persistent Scatterers—PSs) using spatial queries. Since existing datasets
often provide only point geometries for bridge locations, additional data sources such as
OpenStreetMaps-derived repositories have been utilized to obtain linear representations of
bridges. These linear features are segmented into 20 m sections, which are then converted
into polygonal geometries by applying a uniform buffer. Spatial joining between the bridge
polygons and PS datasets allows the extraction of key statistics, such as mean displacement
velocity, PS density and coherence levels. Based on predefined velocity thresholds, warning
flags are triggered, indicating the need for further in-depth analysis. Finally, an upscaling
step is performed to provide a practical tool for infrastructure managers, visually catego-
rizing bridges based on the presence of flagged pixels. The proposed approach facilitates
large-scale bridge monitoring, supporting the early detection of potential structural issues.

Keywords: MT-DInSAR data; infrastructures; monitoring; bridges; warning flags

1. Introduction

The continuous monitoring of bridge infrastructure is critical to safeguarding trans-
portation networks and ensuring public safety. Bridges, subjected to increasing traffic
loads, environmental degradation and material aging, are prone to various deterioration
mechanisms that, if undetected, may compromise structural integrity. Conventional moni-
toring techniques, such as periodic visual inspections and localized in situ instrumentation,
although widely adopted and effective for detecting a number of damage types, present
significant limitations in terms of difficulties in installation, spatial coverage, operational
costs and sensitivity to early-stage deformations that might underlie a structural prob-
lem. These constraints underscore the need for advanced, scalable and more efficient
monitoring approaches.

Remote sensing technologies, particularly satellite-based Interferometric Synthetic
Aperture Radar (InSAR), have revolutionized the field of structural health monitoring
over the past two decades. InNSAR enables the non-contact, high-precision measurement of
surface and structural displacements over wide geographic areas, enabling the detection of
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millimetric-scale displacements independent of ground accessibility or lighting conditions.
Within the InNSAR framework, multi-temporal techniques (MT-InSAR), such as Persistent
Scatterer (PS-InNSAR) and Small Baseline Subset (SBAS) methods, have been extensively
validated for their ability to detect subtle deformation patterns associated with processes
like ground subsidence, landslides and other geo-hazards [1-4]. Such capabilities position
MT-InSAR as a powerful complement to traditional inspection methods, particularly in the
early detection of structural vulnerabilities.

Recent technological advancements have further enhanced the potential applicabil-
ity of InSAR for infrastructure monitoring. The proliferation of new satellite missions—
including high-resolution constellations like TerraSAR-X, COSMO-SkyMed and the more
recent Capella Space and ICEYE platforms—provides increased spatial and temporal res-
olution, allowing for more frequent observations and finer-scale deformation analysis.
Moreover, the availability of data across multiple radar frequencies (e.g., X-, C- and L-
bands) enables tailored monitoring strategies depending on the structural characteristics
and environmental conditions. These developments, combined with improved processing
algorithms leveraging machine learning and cloud computing resources, are paving the
way for near-real-time deformation monitoring, dramatically expanding the potential for
early warning systems and proactive maintenance planning.

In this evolving context, MT-InSAR is increasingly recognized not merely as a com-
plementary tool to traditional inspections but as a cornerstone of integrated, data-driven
bridge management strategies.

While some applications are mainly focused on isolated infrastructure segments
and retrospective failure assessments [5-7], recent research has shifted towards more
proactive and large-scale monitoring approaches. For example, refs. [8,9] demonstrated
the potential of fully automated InSAR-based systems for the nationwide monitoring of
road and railway networks. Similarly, studies have proposed early-warning frameworks
for detecting anomalies in bridge behavior [10-12].

The scientific community has responded to these advancements with an exponential
growth in publications and conference sessions on InNSAR-based structural health monitor-
ing (SHM)), reflecting its rising relevance in civil engineering [13].

Bridges, in particular, have become a focal point in recent investigations. Multiple
validation strategies have been employed to enhance the reliability of InNSAR-derived
displacements. For instance, ref. [14] compared PS-INSAR measurements with terrestrial
LiDAR data to track long-span bridge deflections. Ref. [15] linked seasonal thermal effects to
girder deformations using TerraSAR-X imagery, while [16] applied D-TomoSAR techniques
to Sentinel-1 data, achieving high accuracy in displacement detection. In a more tailored
approach, ref. [17] developed a post-processing methodology specifically designed for
multi-span bridges, emphasizing the role of uncertainty quantification in infrastructure risk
assessment. More recently, ref. [18] introduced a satellite-based DINSAR approach for large-
scale bridge network monitoring, enabling risk classification by analyzing deformation
patterns at both territorial and local scales, showing an application on an Italian road artery
near Naples including 68 bridges.

As previously mentioned, recently launched commercial satellite constellations such
as ICEYE and Capella [19,20] are capable of delivering data with sub-meter spatial res-
olution and revisit times as short as one hour, offering the potential for near-real-time
monitoring [21]. Preliminary studies have demonstrated the potential of such new constel-
lations; for instance, ref. [22] shows the use of ICEYE data for the analysis of slope failures,
while ref. [23] presents various use cases and highlights the advanced capabilities of the
Capella constellation.
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Regarding bridge monitoring, ref. [24] emphasizes for railway bridges that advance-
ments in satellite technology—particularly the deployment of high-temporal-resolution
constellations such as ICEYE and Capella Space—can help overcome the challenges associ-
ated with limited revisit intervals. Integrating satellite observations with ground-based IoT
sensor networks offers a synergistic solution that enhances both spatial coverage and tem-
poral resolution, paving the way for near-real-time surveillance and data-driven predictive
maintenance strategies.

Finally, cloud-based frameworks for Interferometric Synthetic Aperture Radar (InSAR)
time-series processing are showing great promise. For example, ref. [25] showcases the
scalability of cloud computing approaches for generating interferograms and the use of
advanced processing tools to analyze time-series data over extensive and tectonically
active regions.

In this study, starting and extending a similar approach previously proposed by
the authors for the monitoring of historical buildings [26], we propose a semi-automatic
multi-level methodology that leverages MT-DINSAR data for large-scale bridge monitoring.
The proposed approach may utilize satellite datasets processed with specific algorithms
(e.g., SBAS as well as PS techniques) to generate displacement measurements. However, to
effectively analyze bridge-specific deformations, it is necessary to associate PS data with
accurate bridge geometries in a Geographic Information System (GIS) environment.

This paper focuses on overcoming the limitations of existing bridge datasets by inte-
grating OpenStreetMap-derived repositories to obtain linear representations of bridges,
which are then transformed into polygons to facilitate spatial queries. The final goal is
to propose a methodology to automate the identification of bridges exhibiting significant
deformation trends and provide actionable insights for infrastructure managers.

Finally, the proposed procedure is applied to a network of bridges located along a
transport corridor between Tirano and Marghera, designated for exceptional transport op-
erations, analyzed as one of the Proofs of Concept (referred as POC2) [27] in the framework
of the National Recovery and Resilience Plan (NRRP) RETURN project, Spoke TS2.

2. Proposed Methodology
2.1. Workflow

The methodology proposed is schematically illustrated in the workflow of Figure 1
and is briefly outlined in this section. The first step requires the identification of the
infrastructure network of interest (referred to as the Area of Interest, AOI). Two key datasets
are then required for the AOI, described in more detail in Section 2.2:

1. A satellite data dataset in the AOL
The monitoring process relies on Multi-Temporal Differential Interferometric Syn-
thetic Aperture Radar (MT-DInSAR) analysis. Different satellite data can be adopted.
Among the most commonly used datasets, the data from the Sentinel constellation
processed and made available by the European Ground Motion Service (EGMS) are
well-suited for broad-scale applications, while, for example, data from the first- and
second-generation COSMO-SkyMed (CSK) constellations are more effective when
applied to smaller, localized areas.

2. A georeferenced database of bridges in the AOL
The proposed methodology requires the availability of polygons representing bridges
in order to enable spatial queries and the filtering of measurement points (also named
as PSs, Persistent Scatterers). However, existing datasets often only provide point
geometries indicating bridge locations (latitude and longitude coordinates) within
Geographic Information System (GIS) environments, thus requiring additional pro-
cessing to determine bridge lengths and, subsequently, potential widths.
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Figure 1. Workflow of proposed methodology.

The following step requires a spatial join operation, which is described in Section 2.3.
Such a spatial join shall be performed between the polygonal pixels of the bridges and the
PS datasets.

Starting from the spatial join, two different alternative approaches can be adopted to
compute the mean vertical and horizontal east-west velocities for each grid cell, depending
on the order in which the two operations—*combining ascending and descending datasets”
and “data reduction”—are carried out. Furthermore, the method for selecting the datasets
to be combined, when more than one is available, must be defined.

Finally, the methodology includes an alert system and an upscaling phase, which are
described in detail in Section 2.4.

2.2. Key Datasets
2.2.1. Satellite Data

The proposed methodology can be implemented using different types of satellite data.
In the following example, the EGMS dataset is adopted for applying the methodology
to the whole AOL It is worth noting that for smaller, localized areas, CSK data can be
effectively used to enhance the resolution and, consequently, the level of reliability required
when analyzing at the scale of individual structures.

The EGMS is an Earth observation product under the Copernicus Land Monitor-
ing Service, implemented by the European Environment Agency. It provides consistent,
millimeter-precision measurements of ground deformation across Europe (see Figure 2)
by processing imagery from the Sentinel-1 satellite constellation. The EGMS has been
operational since late 2022 and delivers open-access INSAR datasets derived from Sentinel-1
data acquired from 2015 onward [28-30]. Data are generated using multi-temporal SAR in-
terferometry techniques (specifically Persistent Scatterer Interferometry, PSI, and quasi-PSI
methods such as SqueeSAR [2]) which identify stable reflectors (which are the previously
defined Persistent Scatterers, PSs, or measure points) on the ground and track their motion
over time. This approach enables the detection of small structural displacements in the
order of a few millimeters.

Sentinel-1A and -1B, launched in 2014 and 2016, respectively, form a twin C-band
SAR satellite constellation in sun-synchronous near-polar orbit. The two satellites are
phased 180° apart, allowing a combined revisit time of about 6 days. Each Sentinel-1
satellite operates primarily in Interferometric Wide (IW) swath mode over land, achieving
a ground resolution of the order of about 5 m (range direction) by 20 m (azimuth direction)
with a 250 km swath. This relatively high spatial resolution and frequent repeat interval,
together with the open and free nature of its data, make Sentinel-1 well-suited for the
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interferometric monitoring of large-scale ground and structural movements. Furthermore,

its radar instrumentation permits acquisitions independent of daylight or weather, ensuring

a continuous data record. The EGMS capitalizes on these capabilities by systematically

processing Sentinel-1 IW SAR images to produce standardized deformation measurements

across Europe.

Legend across all datasets. Limits are in mm/year.

Figure 2. Overview of available EGMS data.

The EGMS provides three levels of INSAR-derived ground motion products (all ob-

tained from Sentinel-1 imagery) for user access [28-30]:

Basic (Level 2a): This provides displacement measurements along the satellite Line of
Sight (LOS) for single data tiles with respect to a local virtual reference point located
within each data tile. This means that every data tile has its own reference point,
making the velocities and displacement measures relative. It contains geo-localization
information (both in plan and in elevation), temporal coherence, displacement velocity
(both mean and standard deviation), acceleration (both mean and standard deviation)
and seasonal component (both mean and standard deviation), together with the full
time series of displacement for each PS. The full resolution (i.e., about 5 x 20 m) of
the Sentinel sensor is exploited. The product is delivered as separate datasets for the
different tracks and for both ascending and descending orbit geometries.

Calibrated (Level 2b): This provides data corrected using a GNSS-based deformation
model, thereby making all the displacement measures absolute (referenced to an
Earth-centered datum). This product contains the same information as the Basic
one and exploits the full resolution of the Sentinel sensor of about 5 x 20 m. In
this case the product is delivered as separate datasets for ascending and descending
orbit geometries.

Ortho (Level 3): Starting from ascending and descending L2b (i.e., calibrated) products,
these data are combined to solve for mean vertical and horizontal east-west velocities
at each location. To achieve this result, the ascending and descending L2b datasets are
down-sampled to a regular 100 m x 100 m grid. The resulting L3 dataset provides
the time series and velocities of ground motion in standard geographic directions,
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which can be easier to interpret for large-scale ground stability assessment. Ortho
products are anchored to the GNSS reference frame (i.e., the measures are absolute)
and are organized in 100 km x 100 km tiles for dissemination. Unfortunately, due to
the poor spatial resolution, this product cannot be used generally for structural health
monitoring, even at territorial scale.

For the purposes of this study, which focuses on local-scale deformation analysis
along an infrastructure network, the EGMS Basic (L2a) product was selected as the primary
data source for satellite data. The Basic product is the suggested product by the EGMS
for the analysis of buildings and structures in general, characterized by local deformation
phenomena [31], and preserving the highest spatial density of measurement points is a key
aspect for monitoring structures.

Concerning the temporal coverage, the EGMS adopts a rolling multi-year monitoring
strategy with the release of annual updates. Except for the initial release (published in 2022)
covering the period 2015-2021, the subsequent releases consider five-year moving windows.
Therefore, in 2023 the second release covering the period 2018-2022 was published, while
in 2024 the product released covered the period 2019-2023. During 2025, the publishing
of the fourth release covering the period 2020-2024 is expected. In the EGMS viewer the
most recent product is visualized, while users can also always download previous releases.
This strategy of the EGMS is particularly interesting because it allows the definition of
warning-activation criteria when the measurements for the current release depart from the
measurements of the previous releases.

To integrate the EGMS satellite data into the analysis framework, a dedicated data
collection process consisting of a specific processing workflow was followed. The work-
flow consisted of four main steps: Data Retrieval, Dataset Assembly, Data Export and
Conversion, and AOI Clipping. Each step is described and explained in detail below. All
the steps were performed using the open-source EGMS-toolkit (version 0.2.15 Beta, Apr.,
2025) [32] (a Python-based (version 3.10.5) API and toolset for EGMS data) and GDAL
(version 3.10.3) [33] (a translator library for raster and vector geospatial data), and standard
GIS software (opensource QGIS software (version 3.34.2)) was used in this work.

Data Retrieval: The first step involves the retrieval of the necessary satellite dataset;
this was performed by programmatically querying and downloading the EGMS Basic (L2a)
datasets for the selected study area (AOI) using the EGMS-toolkit Python API.

Using the toolkit, all ascending and descending orbit tracks covering the AOI were
identified, and all relevant Sentinel-1 burst datasets were obtained (in the EGMS, each
data file corresponds to a single Sentinel-1 IW burst within a given track and frame.) This
ensured the full coverage of the AOI from both viewing geometries. This was performed for
all the time windows available in the EGMS server (i.e., 2015-2021, 2018-2022, 2019-2023).

Dataset Assembly: The raw EGMS files from multiple bursts and frames were then
combined using the EGMS-toolkit API. All burst-level point datasets for each orbit direction
(ascending and descending) and track were merged to produce continuous point clouds

covering the entire AOL During this merging, overlapping points arising from adjacent
burst boundaries were identified as duplicates and removed [32]. This step prevents the
double-counting of the same measurement point which might appear in two neighboring
burst files. After merging, the result was a unified set of unique PSs for the AOI in each
geometry, with associated time series and mean displacement velocities.

Data Export and Conversion: The merged point datasets (one per geometry) were ex-

ported from EGMS-toolkit in the comma-separated value (CSV) format, containing columns
for point coordinates, mean velocities, time-series parameters and quality metrics. For more
efficient spatial analysis, the CSV data was converted into a geospatial database format
using the GDAL tool ogr2ogr. In particular, the data were converted into a GeoPackage
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(GPKG)—an open standard single-file GIS database. This conversion involved assigning
the appropriate coordinate reference system (ETRS89/LAEA Europe, EPSG:3035, as used
by EGMS products) and creating spatial index structures on the point data. The use of a
GPKG with spatial indexing greatly improved performance in subsequent queries, visual-
ization and spatial joins, especially given the large number of measurement points (that
can be even in the order of hundreds of thousands up to millions for large AOISs).

AOI Clipping: Finally, the geospatial dataset was clipped to the exact AOI boundaries.
Although the initial download was restricted to the general vicinity of the AOI, clipping
ensured that any points lying outside the buffer (e.g., the data downloaded if a burst
partially overlapped the AOI) were excluded from the analysis. The final result was
a clean point set of EGMS Basic measurements strictly within the AOI This dataset—
containing both ascending and descending data points for the different analyzed tracks—
forms the basis for the following spatial join and deformation analysis, providing time-
series displacement information for each Persistent Scatterer on or near the structures.

All the above steps were conducted in a systematic, automated manner to minimize
human error and ensure reproducibility. The use of EGMS-toolkit, together with command
line GDAL tools, allowed us to seamlessly handle the large volume of satellite data and
perform the necessary post-processing (merging, filtering, clipping) within a unified work-
flow. The processed EGMS Basic dataset was then ready for integration into the subsequent
analysis phases, such as identifying deformation trends, correlating with structural fea-
tures and validating against ground-based observations (as detailed in later sections of
this paper). By leveraging the Copernicus EGMS data and this processing approach, we
established a robust satellite-based data foundation for the structural health monitoring
framework.

2.2.2. Bridges Dataset

To enhance spatial representation, additional data sources can be used to derive at
least the linear extent of bridges (resulting in line geometries in the GIS) or, preferably,
the complete footprint of bridge decks (corresponding to polygon geometries in the GIS).
While the latter is preferable, it is not always readily available. In some cases, databases
contain only a single point representing a bridge’s location. This heterogeneity of data in
the available datasets requires the preliminary processing of bridge databases that must be
carried out before proceeding with the subsequent steps of the procedure.

Different repositories can be used for obtaining information about bridges belonging
to a selected AOI. Among others, a very effective one is the open-data repository created by
the OpenData SiciliaHub community based on OpenStreetMap data [34], containing georef-
erenced data for all the bridges in Italy, categorized by region. The dataset includes all types
of bridges—highway, road and pedestrian/cycling bridges—represented as linear features.

As an example, Figure 3 illustrates the bridges located in northeast Italy, with a
zoomed-in view of Venice, where it can be verified that the dataset includes not only road
and railway bridges, but also all pedestrian ones.

When the geo-dataset comprises surface geometries representing the decks of the
bridges, the polygons can be discretized into pixels in order to apply the proposed pro-
cedure. When the geo-dataset instead represents bridges as single-point geometries, a
surface or at least a linear geometry for each bridge must be created. If the AOI is limited
with a relatively small number of bridges, this operation can be performed manually using
ancillary data that can be obtained (e.g., ortho-photo, technical charts, satellite optical data,
etc.). On the other hand, when the AOI is large and includes a high number of bridges,
the operation can be performed automatically by means of spatial joining with a database
including linear geometries like the one above mentioned based on OpenStreetMaps.
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(b)

Figure 3. Representation of bridge dataset: (a) Overview of bridges in northeast Italy; (b) zoomed-in

view of Venice area (highlighted with red square in (a)).

Finally, if the geo-dataset represents the bridges as linear geometries, an algorithmic
procedure must be applied to convert these lines into a set of regular grids or pixels
corresponding to the different bridges. Specifically, in this study, each bridge line (shown in
yellow in Figure 3) was segmented into sections with a maximum length of 20 m, enabling
the reliable assessment of the deformation distribution along the bridges.

It is worth noting that the maximum length should be chosen accounting for the
satellite data considered, with particular reference to the resolution and the geo-localization
precision. Then, to transform the linear bridge geometries into pixel-shaped polygons,
a constant-width buffer should be applied. This approach, although a simplification,
provides an approximation of the bridge deck width, which typically varies among different
structures. It is worth noting that this dimension should also account for the resolution
and positional uncertainty of the satellite dataset used. In this study, a buffer width of
10 m was chosen, resulting in polygon pixels with a total cell size of 20 m for subsampling
PS measurements in the subsequent phases. Depending on the resolution of the available
satellite data (e.g., CSK vs. Sentinel-1) and the monitoring scale, different criteria could
be adopted for defining the buffer width. Since this study focused on methodological
development by using EGMS dataset, a 20 m width was selected as it aligned better with
the Sentinel-1 system’s spatial resolution.

Following this processing step, the dataset consists of rectangular grid cells (or pixels)
subdividing each bridge, as illustrated in Figure 4 for a sample area including two bridges,
one per direction of travel.

2.3. Spatial Join and Deformation Analysis

Once the bridge dataset has been structured, a spatial join is performed between the
polygonal pixels of the bridges and the PS dataset. This operation enables the extraction of
key statistical indicators of the PS points falling within each grid cell, including

- The number and density of PS points;

- The mean coherence of the PS points;

- The mean and standard deviation of the LOS velocities;
- The mean time series of displacement.

During this process, additional filtering criteria can be applied to refine the selection
of measurement points. For example, filters based on coherence thresholds or elevation
values can be used to ensure that only PS points belonging to bridge decks are considered.
However, at a large scale, such filtering is not trivial and was not applied in this study,
meaning that all the available PS points within the grid cells were included.
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Figure 4. View of two bridges (one per direction of travel) in sample area, segmented into rectangular
sections. Ascending (up-pointing triangles) and descending (down-pointing triangles) PSs for time
window 2015-2021 superimposed.

It is worth noting that usually the north-south component is assumed as zero since the
sensitivity of the satellite sensor to that direction is very small. The vertical and horizontal
east-west components can be derived by combining one ascending and one descending
acquisition using LOS velocity and the corresponding LOS direction cosines. This is
obtained by solving the following system written in matrix form:

A A A
UBOS _ C}’f:) cg | vE
10s CE Cu ou

where vl and vP ¢ are the mean velocities along the LOS for the ascending and descend-

M

ing orbits, respectively; vr is the east-west mean velocity; vy is the mean vertical velocity;
and cg, cfl, CED and cg are the east and vertical cosine directors of the LOS for the ascending
and descending orbits.

As anticipated in Section 2.1, two different approaches can be adopted to compute the
mean vertical and horizontal east-west velocities for each grid cell, depending on the order
in which the two operations—"”combining ascending and descending datasets” and “data
reduction”—are carried out. Specifically, two possible approaches can be followed.

Left-Hand Path (as indicated in the workflow in Figure 1): According to this approach,

each available ascending dataset is combined with each available descending dataset

to obtain the mean vertical and horizontal east-west velocity values for each cell (taking
into account the various possibilities provided by the availability of ascending and descend-
ing datasets, which can range from zero to two per type, e.g., ASC1, ASC2, DES1, DES2).
Then, a data reduction process is performed to yield a single mean vertical velocity value
and one mean horizontal east-west velocity value. For example, this can be achieved by
selecting the maximum vertical value and the corresponding horizontal east-west value.
This operation can be executed on a pixel-by-pixel basis; however, this may lead to a
situation where different pixels within the same bridge have values derived from different
dataset combinations (e.g., one pixel has a value obtained from combining ASC1 and DES1
while another from ASC1 and DES2). Alternatively, a bridge-by-bridge evaluation can be
conducted by maintaining consistent dataset combinations for all pixels within the same
bridge—that is, for the same bridge, all mean vertical and horizontal east-west velocity
values are derived from the same two datasets.

It should be noted that, in theory, significant differences in mean vertical and horizontal
east—west velocities should not occur in overlapping zones.
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Right-Hand Path (as indicated in the workflow in Figure 1): According to this approach, a

data reduction process is executed by choosing one ascending and one descending dataset.
This can again be performed either on a pixel-by-pixel basis or on a bridge-by-bridge basis.
The key here is to make the selection based on parameters obtained from data statistics
(e.g., mean coherence, number of points). At this point, a single ascending and a single
descending track are selected, along with their mean vertical and horizontal east-west
component values.

It is worth noting that a further possibility could be considered: the use of all available
datasets for ascending and descending geometries combined together to solve the system
and derive the velocity/displacement components. Some preliminary tests using this
approach showed encouraging results, even if more tests remain necessary to define a good
strategy for solving the system: Ordinary Least Squares considers all the available tracks
equally, while Weighted Least Squares can be used for weighting more reliable tracks.

At the end of the process, it is possible to visualize deformation trends along the bridge,
as shown in Figure 5 for the previously defined sample area, where the mean velocities
for ascending orbit for the time window 2015-2021 are mapped to identify potential areas

of concern.

Figure 5. A map of mean velocity for a sample area for ascending orbit and the time window
2015-2021. Ascending PSs (up-pointing triangles) for the same time window are superimposed. The
transparent pixels denote portions where ascending dataset information is not available.

2.4. Alert System and Upscaling

The alert system for bridge monitoring is based on a multi-criteria framework applied
to each grid cell. This system integrates multiple displacement indicators, including mean
vertical and horizontal east-west velocities as well as ascending and descending mean
velocities. An effective warning is triggered, for example, when the computed mean vertical
or horizontal east-west velocity exceeds a predefined threshold within any pixel of the
bridge. This threshold serves as an early indicator for potential structural instabilities,
prompting further investigation with higher-resolution monitoring techniques tailored to
the scale of the individual bridge.

To enhance the robustness of the alert system, statistical measures are incorporated to
assess the reliability of the computed velocity estimates and to evaluate spatial consistency
among adjacent grid cells that are part of the same bridge. One key parameter considered
is the Standard Error of the Mean (SEM), defined as, per ref. [35],

)
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where 0; is the standard deviation of the velocity of the i-th PS within the cell and N is
the number of PS points contained in the cell. The SEM provides a quantitative measure
of the uncertainty associated with the estimated mean displacement velocity, ensuring
that grid cells with a limited number of points are appropriately weighted in the analysis.
Furthermore, confidence intervals for the mean displacement velocity can be computed
based on the SEM, allowing for an estimation of the range within which the true mean
displacement velocity is expected to fall with a given level of confidence.

This information can also be used for estimating the uncertainty of vertical and east—
west mean velocities. System (1) can be rewritten in compact matrix form:

0108 = A-v (3)
And the solution of the vertical and east-west components is simply
v=A"9.05 (4)

Assuming the uncertainties along the LOS for the ascending and descending orbits are
uncorrelated, in line with other studies, e.g., refs. [17,36], their covariance matrix is diagonal:

(5)

SEM? 0
Li0s = [ 4 1

0 SEM?3

The propagation of uncertainty through the linear system permits us to obtain the
covariance matrix for the vertical and east-west components Zy gw as follows:

Zvew=A"Eos- (471 ©

Finally, the uncertainty of the vertical and east-west components can be determined

OVEW = (ZV,EW)ll (7)

vy = (ZV,EW)zz

By integrating these statistical approaches, the alert system achieves a higher level of
reliability, ensuring that warnings are based not only on deterministic displacement values
but also on the statistical robustness of the observations.

To facilitate decision-making for infrastructure managers, an upscaling procedure is
introduced. A bridge is classified as critical if at least one of its pixels contains an active
warning flag. This method enables the rapid identification of structures requiring further
inspection, thereby supporting proactive maintenance strategies and mitigating the risk of
structural failures.

3. Case Study: Definition of AOI and Data Collection

The case study concerned the transport corridor connecting the Swiss border (Tirano)
with Maghera port, passing through Milano and under investigation as Proof of Concept
number 2 (referred as POC2) within the Return project in the framework of the NRRP [27].

The proposed methodology was applied to the whole corridor using datasets obtained
from the European Ground Motion Service (EGMS) within the Copernicus framework as
satellite data.

The corridor was selected to ensure the safe transit of the exceptional transports that
are significantly growing in the northeast of Italy. Five alternative routes to the main one
were selected in the project. The corridor traverses two Italian regions, Lombardy and
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Veneto, and encompasses various types of roadways, ranging from minor urban streets to
state and provincial roads. It is important to note that highways were excluded from the
corridor, as the transit of Heavy Goods Vehicles (HGVs) is prohibited on these routes.

A total of almost 300 bridges were included along the corridor (including the alterna-
tive routes), featuring a wide variety of structural types and construction materials. In terms
of materials, the bridges are made of concrete, masonry and steel, while the main structural
typologies include arches, caissons, slabs, simply supported beams, continuous beams
and Gerber beams. Moreover, the total bridge lengths varied significantly, ranging from a
minimum of approximately a few meters up to hundreds of meters. Correspondingly, the
number of spans extended from a single span to about 10 spans.

The majority of the bridges span watercourses—although only a few cross major rivers
with significant flow, with most structures passing over small streams or drainage channels.
Approximately one-third of the bridges are road overpasses, whereas the remaining struc-
tures either span railway lines or feature mixed crossings. The latter include combinations
such as road and river crossings, river and railway crossings, railway and road crossings or
even crossings involving all three—river, railway and road simultaneously. Finally, a small
number of bridges did not span any crossings but were instead constructed to overcome
natural topographic discontinuities [27].

Concerning the Data Retrieval described in Section 2.2.1, the Area of Interest (AOI) of
the case study was defined as the corridor encompassing the POC2 path (the monitored
structure’s path) with a 1 km buffer on either side, see Figure 6. Each bridge belonging to
the POC2 corridor had a progressive identifier, referred to in this paper as POC2-IDn, with
n the progressive number of the bridge.

0 2 4 6 8km
| .

(a) (b)

Figure 6. AOI selected for downloading and processing EGMS data: (a) view of whole AOI, (b) zoom-
in on red squared portion of AOI near Mantova showing POC2 corridor (blue line), bridges of POC2
corridor (green dots), case study bridge POC2-ID6 (red point) and 1 km buffer (gray shaded area)
selected as AOL

This buffered AOI polygon was used to filter EGMS data to only those points suffi-
ciently near the structure. As stated in Section 2.2.1, using EGMS-toolkit, all ascending
and descending orbit tracks covering the AOI were identified, and all relevant Sentinel-1
burst datasets were obtained for the three time windows available on the EGMS servers
(i.e., 20152021, 2018-2022, 2019-2023). Figure 7a,b show, respectively, the ascending and
descending bursts individuated and downloaded for each time window. Specifically,
22 bursts for the ascending dataset including tracks 015, 044 and 117 were downloaded,
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while 27 bursts for the descending dataset including tracks 066, 095 and 168 were down-
loaded. In Figure 7 the different tracks are represented with different colors.

0 30 60- 90 120 km 0 30 60- 90 120 km

| Emm |

-—
@ (b)

Figure 7. Bursts individuated for downloading with EGMS-toolkit for (a) ascending orbit tracks,
(b) descending orbit tracks. Each track indicated with different color.

After obtaining the raw EGMS files from multiple bursts and frames, the other three
steps detailed in Section 2.2.1—Dataset Assembly, Data Export and Conversion, AOI
Clipping—were carried out for the selected AOI. After all these operations, a clean dataset
of PS points in the AOI consisting of about 2 million points for ascending orbit tracks and
about 2.6 million points for descending orbit tracks was obtained.

It is worth noting that the proposed procedure uses EGMS data as an input without
directly addressing the reliability of this data. Obviously, however, verifying the reliability
of the input data is a necessary step. This can be achieved, for instance, through two main
approaches: (i) the use of on-site sensor systems; (ii) comparison with data from other
satellite constellations.

The first approach—on-site instrumentation—is undoubtedly the most accurate. In
this context, the RETURN research project includes the installation of sensors on three
selected bridges of the corridor used as case studies, which will enable future data validation
and comparison.

As for the second approach, a comparison between EGMS data and CSK data is
presented below. Figure 8 shows results obtained over the same area, representing one
of the corridor bridges near Venice, using Sentinel-EGMS and CSK-SBAS dataset. The
colors of the points indicate the mean annual velocity. The two datasets yield qualitatively
comparable results; however, the much higher spatial resolution of the CSK imagery is
evident, as reflected in the significantly greater density of measurement points over the
same area.

It should also be noted that the EGMS has implemented standardized procedures to
validate its results, both in terms of measurement point density and spatial coverage, as
well as through comparisons with GNSS and other independent datasets, e.g., refs. [37,38].

The corridor selected as the AOI included the dataset of bridges accompanied—when
available—by preliminary information such as structural typology, length, owner and other
relevant attributes. The only geometrical information available was one point for each
bridge, as visible in Figure 9. As explained in detail in Section 2.2.2, at least a line geometry
representing each bridge is needed for the subsequent phases of the workflow. In this study
the open dataset created by the OpenData SiciliaHub community based on OpenStreetMap
data was used. In particular, the datasets for the Lombardia and Veneto regions were
considered (see Figure 10) and the line features (representing bridges) along the corridor
were selected. After this operation, the final dataset of bridges along the corridor consisted
of approximately 480 entries, including bridges that cross or provide access to the corridor.
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It is worth noting that a careful bridge-by-bridge check could be performed to further
improve the dataset quality.

(b)

Figure 8. View over same area of ascending (triangles pointing up) and descending (triangles pointing
down) points for (a) EGMS dataset (product L2a); (b) CSK dataset.
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Figure 10. Dataset of bridges from OpenData SiciliaHub community based on OpenStreetMap data;
green represents highway bridges.
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4. Results

This section shows the results obtained by applying the proposed methodology to the
case study area, highlighting the partial results obtained through the different steps of the
proposed methodology described in Section 2, concerning the spatial join, deformation
analysis, alert system and upscaling.

After the creation of bridge pixels and the operation of the spatial join, the dataset
consisted of a total of 2999 pixels associated with 480 bridges. The number of pixels per
bridge reached an average of 40.9 and a median of 13, with a minimum of 1 and a maximum
of 193.

4.1. Spatial Join and Deformation Analysis

As previously shown in Figure 7, there is a significant overlap between satellite tracks.
Consequently, each pixel may contain information from more than one ascending track
(up to a maximum of two) and more than one descending track (also up to two). Table 1
reports the number of pixels corresponding to all possible combinations of ascending and
descending track availability (i.e., zero ascending and zero descending, one ascending
and zero descending, zero ascending and one descending, etc., up to two ascending and
two descending).

Table 1. Number of pixels corresponding to all possible combinations of ascending and descend-

ing tracks.
Number of Number of Number of Pixels
ASC, DES Tracks Possible Combinations
0,0 0 342 (11.4%)
1,00r0,1 0 455 (15.2%)
2,00r0,2 0 333 (11.1%)
1,1 1 493 (16.4%)
1,20r2,1 2 1245 (41.5%)
2,2 4 131 (4.4%)

It is worth noting that in approximately 10% of the pixels, no information is available
from either ascending or descending orbits, thereby not permitting us to perform any
further analysis. For around 15% of the pixels, information is available from only one orbit
(either ascending or descending), while in another 10% the data is limited to only two
tracks from the same orbit direction (i.e., two ascending or two descending). In these cases,
it is not possible to reliably estimate both mean vertical and horizontal east-west velocity
components; however, some of the flags discussed later in the paper may be still activated.

For approximately 16% of the pixels, exactly one ascending and one descending orbit
are available, allowing for an unambiguous estimation of the mean vertical and horizontal
east-west velocity components. In the remaining 45% of cases, the estimation of these
components is ambiguous due to the presence of multiple possible ascending—descending
pair combinations.

The distribution of pixel-track combinations is illustrated in Figure 11 for a specific
bridge near Mantua (bridge POC2-ID6 in the POC2 corridor) considering three different
time windows, 2015-2021, 2018-2022 and 2019-2023. It is worth noting that the distribution
of available track combinations per pixel can vary over time. In particular, a portion of
the bridge area becomes data-void in the 2019-2023 window. This is further emphasized
in the zoomed-in view shown in Figure 12, which highlights a significant increase in
the number of pixels lacking data points during the 2019-2023 period compared to the
2015-2021 window.
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Figure 11. Distribution of pixel-track combinations for specific bridge near Mantua (bridge POC2-
ID6): (a) 2015-2021 time window; (b) 2018-2022 time window; (c) 2019-2023 time window.
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Figure 12. Zoom-in on portion of bridge POC2-ID6: (a) 20152021 time window; (b) 2019-2023 time
window; (c) legends.

To address this issue, a data reduction technique was proposed and applied in two
distinct approaches, as described in Section 2.

According to the first approach (left side of the workflow depicted in Figure 1), all
possible combinations of ascending and descending tracks are considered. To reduce
the dataset, the maximum absolute values of the mean vertical and horizontal east-west
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velocities are selected. This reduction can be performed either at the pixel level or at the
bridge level.

Figure 13 schematically illustrates the pixel-by-pixel approach for bridge POC2-IDe6,
where different track combinations are selected for each pixel individually. An alternative
approach is the bridge-by-bridge method, where the most frequently used track combina-
tion across the pixels of a given bridge is identified (in this example, 117A and 095D), and
then uniformly applied to all the pixels of that bridge. Naturally, this may result in lower
velocity values for some pixels compared to the pixel-by-pixel approach.

';Q‘ combined tracks

[ o15.A-095D
[ o5A-168D
B 117.A1-095D
' Il 117.A-1680

Figure 13. Different track combinations for each pixel for bridge POC2-ID6 for time window
2015-2021, obtained using pixel-by-pixel approach.

The final result, in terms of mean vertical velocity for each pixel across the three time
windows, is shown in Figure 14 using a pixel-by-pixel approach.

To further investigate this outcome, in Figure 15 all four possible track combinations for
the selected bridge (bridge POC2-ID6) are shown (top: ascending 015; bottom: ascending
117; left: descending 095; right: descending 168). Notable differences can be observed—
particularly in the southeast area, which appears red in some combinations and blue in
others. The differences between left and right (i.e., between descending tracks) appear to
be more pronounced than those between top and bottom (i.e., between ascending tracks),
suggesting that the variation in measurements could mainly have been introduced by the
descending tracks.

This observation is further supported by Figure 16, which presents pair plots for the
same bridge pixels for the mean vertical and horizontal east-west velocities.

In the second approach to data reduction, the selection of one ascending and one
descending track is performed prior to the combination step. As with the previous method,
this selection can be performed either on a pixel-by-pixel basis or on a bridge-by-bridge basis.

By evaluating the temporal coherence and the number of PSs available in each pixel, a
selection metric QI can be defined as follows:

QI =wy -y +wy-np (8)

where 7 represents temporal coherence, 1, is the number of points in the considered pixel
and w, and w;, are weighting factors. In this work the values assumed are w, = 1.0 and
wy= 0.25 to account for the ratio between the area of the analysis cell (20 x 20 = 400 m?)
and the nominal area of the satellite pixel (5 x 20 = 100 m?).

Figure 17 illustrates, for each pixel, the selected track combination based on the metric
defined by Equation (1).
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Mean vertical velocitylmmiyr)
Figure 14. Mean vertical velocity for each pixel for bridge POC2-ID6 obtained using pixel-by-pixel
approach across three time windows: (a) 2015-2021 time window; (b) 2018-2022 time window;
(c) 2019-2023 time window.

DES 095 DES 168

ASC 015

ASC 117

a
Mean vertical velocity(mmiyr)

Figure 15. Four possible track combinations for bridge POC2-ID6 for time window 2015-2021:
(a) ascending 015-descending 095; (b) ascending 015-descending 168; (c) ascending 117-descending
095; (d) ascending 117—-descending 168.
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Figure 16. Pair plots for pixels of bridge POC2-ID6 using different tracks available: (a) mean vertical
velocity; (b) mean horizontal east-west velocity.

Figure 17. Track combination for each pixel of bridge POC2-ID6 according to metric defined by
Equation (1): (a) ascending tracks; (b) descending tracks.

Table 2 reports, for each track and orbit combination, the number of pixels for which
each geometry was selected. It is possible to observe that most pixels exhibit better met-
rics for descending track 168 over 021, and similarly, for ascending acquisitions, track
015 outperforms track 117.

By applying the selection at the bridge level, tracks 015 (ascending) and 168 (descend-
ing) are chosen, thereby reducing the dataset to a single ascending—descending pair. The
mean vertical and horizontal east-west velocity components computed using these two
orbits correspond to the results shown in Figure 15b. These are also presented numerically
in Figure 18. A slight mismatch between the two approaches can be observed for bridge
POC2-ID6.
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Table 2. Number of pixels for each track and orbit combination.

Track and Orbit Combination Number of Pixels
015 (A) 59
117 (A) 40
095 (D) 21
168 (D) 80

v_vert App 1
v_ew App 1
[=] Hoom L S

-1

-2

v_wert App 2 w_vert App 1
(@) (b)

Figure 18. Pair plots comparing velocities computed with approach 1 (pixel-by-pixel strategy) and
with approach 2 (bridge-by-bridge strategy): (a) mean vertical velocity; (b) mean east-west velocity.

The main difference lies in the final combination of tracks selected. For example, with
reference to Figure 19, consider the orange pixel near the light blue area in approach 1 (left)
compared to the green pixel in the same location under approach 2 (right), marked by a
purple circle. In approach 1, tracks 117 (ascending) and 168 (descending) are combined,
as they yield the highest absolute value of mean vertical velocity. In contrast, approach
2 considers the quality of the available tracks. In this case, descending track 095 has a much
lower quality index (QI = 0.74) compared to track 168 (QI = 1.93).

(b)

-5 a 5
Mean vertical velocity{mmjyr)

Figure 19. Mean vertical velocity for different pixels in portion of bridge POC2-IDé: (a) approach 1;
(b) approach 2. The purple circle indicates a pixel with significant difference between the two approaches.



Remote Sens. 2025, 17,2377

21 of 30

This discrepancy is attributed to both the average temporal coherence (0.49 for track
095 vs. 0.68 for track 168) and the number of Persistent Scatterer (PS) points available
(only one for track 095 versus five for track 168, see the pixels marked by a purple circle in
Figure 20), making the measurement from track 168 significantly more robust.

Mean vertical velocity(mm)/yr)

Figure 20. Portion of bridge POC2-ID6 with PSs colored based on mean displacement velocity:
(a) descending track 095; (b) descending track 168. The purple circle indicates a pixel with significant
difference between the two approaches.

4.2. Alert System and Upscaling

The following set of multi-criteria flags are activated for each pixel as part of the
alert system:

1. A mean vertical velocity higher than a threshold of 4 mm/yr;

A mean horizontal velocity higher than a threshold of 4 mm/yr;

An ascending mean velocity along the LOS higher than a threshold of 4 mm/yr;

A descending mean velocity along the LOS higher than a threshold of 4 mm/yr;
Variation with respect to the previous time window larger than 100% for each of the
above mentioned data points.

SN

The third and fourth criteria are particularly relevant for pixels where only one orbit
(ascending or descending) is available, which prevents the calculation of the vertical and
east-west mean velocity components. The last criterion highlights whether significant
differences have emerged since the previous EGMS release. It is worth noting that the
threshold selected for criteria 14 (expressed in mm/years) does not directly affect the last
criterion. Specifically, regarding this last criterion, the proposed value of 100% is not based
on statistical considerations but is intended only as a trial value for testing the procedure.

Clearly, a proper calibration of all the proposed threshold values will be necessary for
the assessment of individual bridges. This calibration can be performed, for example, once
on-site sensor data become available from the monitoring systems that will be installed in
the near future on three selected bridges along the corridor.

Additionally, especially when the velocities are low, the percentage difference can be
very high even when the absolute value of the velocity is limited. Therefore, it may be
helpful to set a velocity threshold below which the activation of the last flag is disregarded:
in the proposed application the last flag is not applied when the velocity is below 0.5 mm/yr.
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Specific threshold values can be selected based on the structural typology (e.g., slender
vs. stiff bridges) following more detailed analyses. However, this aspect is not addressed in
the present work, as the focus is primarily on illustrating the methodology rather than on
calibrating thresholds for individual cases. Accordingly, the proposed thresholds should
be considered as preliminary and illustrative suggestions. Nevertheless, modifying the
threshold does not compromise the validity of the proposed methodology, which remains
flexible and adaptable to different structural configurations and performance criteria. In
this work, a value of 4 mm/yr was selected.

It is worth noting that the aim of the proposed procedure is to analyze satellite data
on a large scale, to provide a prioritized list of bridges. The results do not directly identify
bridges that have suffered damage, but rather those that should be highlighted for further
investigation. This approach is intended to support a comparative, not absolute, evaluation,
assuming the consistent application of the methodology across all bridges.

As mentioned in Section 2.4, to enhance the robustness of the alert system a statistical
measure is included. In particular, the SEM for the ascending and descending mean veloci-
ties together with the uncertainty propagation for mean vertical and east-west components
are computed.

As an example, Figure 21 shows the mean vertical velocities with the associated
uncertainties obtained by applying approach 2 for combination and data reduction along
bridge POC-ID6 for the three time windows available. A similar plot is shown in Figure 22
for the mean east-west velocity.

According to the proposed procedure, a flag is triggered when either the mean vertical
velocity or the mean east-west velocity exceeds a fixed threshold (e.g., 4 mm/yr in this
application). This condition can be evaluated either by considering only the mean values
or by incorporating the uncertainty in their estimation. In the proposed example, the uncer-
tainty was calculated using & one standard deviation, which corresponds to approximately
a 68% confidence interval. This implies that the flag is activated when there is more than a
156% probability that the true mean velocity exceeds the threshold.

As for Figures 21 and 22, it is possible to observe that the uncertainty in time window
2015-2021 is significantly smaller than the two newer time windows. This may be attributed
to the larger number of images available for the first time window, which covers two
additional years compared to the more recent ones. Indeed Figure 23 shows the standard
deviation of velocity provided by the EGMS for POC2-ID6 across the different tracks and
the three time windows. It is evident that the standard deviation is significantly higher
for all the tracks in the two most recent time windows. Consequently, the SEM is also
significantly higher in these recent time windows, leading to an increase in the propagated
uncertainty. Furthermore, it is possible to observe that, in general, the central portion of the
bridge is stable for all the time windows, indicating a certain stability in the whole period
of 2015-2023; the right portion of the bridge shows some uplift and east-bound velocities,
with larger values in the time window 2015-2021 that tend to reduce moving towards the
subsequent time windows. Finally, it is possible to observe that in the last time window the
left portion of the bridge shows an increased uplift and east-bound velocity.

This error evaluation improves the flagging process by taking into account measure-
ment uncertainty rather than relying only on the mean value exceeding a threshold.

Therefore, looking for instance at Figures 21 and 22, the flag will be activated on those
pixels for which the error bar is outside the threshold (see the left portion of the bridge).

With these flag criteria, the activated flags for the bridge POC-ID6 are depicted in
Figure 24. It is possible to see that in one pixel the mean vertical velocity and the mean
east-west velocity are above the selected threshold of 4 mm/yr (as was evident also from
Figures 21 and 22). For one pixel the mean velocity for the ascending orbit is above the
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selected threshold, while the mean velocity for the descending orbit is above the threshold
for three pixels. Several pixels instead show a percentage difference between two adjacent
time windows higher than the selected threshold of 100%.
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Figure 21. Mean vertical velocity for POC2-ID6 bridge with approach 2 across three time windows:
(a) 2015-2021 time window; (b) 2018-2022 time window; (c) 2019-2023 time window.

As explained in Section 2.4, in order to help stakeholders by providing a clear and
concise overview of the condition of the bridges within the relevant network, an upscaling
procedure is applied: a bridge is flagged if at least one of its pixels has an active warning
flag. As an example of this result, obtained by applying approach 2 for combination and
data reduction, Figure 25 shows the whole AOI of the corridor, indicating which bridges
(shown in red) are characterized by having at least one pixel with an activated flag. In
total, 199 bridges have an activated flag. All the 199 bridges activated a flag because in at
least one pixel a significant difference (higher than 100%) was detected between the time
windows of 20152021 and 2018-2022. If one disregards the flags related to differences
between adjacent time windows, only 65 bridges show the activation of a flag (due to
velocities along the LOS for descending orbit higher than 4 mm/year). Considering vertical
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and east-west component flags, only 31 bridges show a vertical and/or east-west velocity
higher than 4 mm/yr.

East-West Velocity with Uncertainty per Cell (2015_2021)
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Figure 22. Mean east-west velocity for POC2-ID6 bridge with approach 2 across three time windows:
(a) 2015-2021 time window; (b) 2018-2022 time window; (c) 2019-2023 time window.

For comparison, if one considers 2 mm/yr as the threshold, 199 bridges still activate a
flag because of the significant differences between adjacent time windows. Disregarding
this last flag, 261 bridges have a flag activated because of their velocity along the LOS for
descending orbit is higher than 2 mm/yr. Considering instead only vertical and east-west
component flags, 191 bridges activate a flag.

A flag should not be interpreted as direct evidence of structural damage, but as
an indication that further bridge-level assessment is needed, ideally combining satellite
observations with in situ data.
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Figure 23. Standard deviation of velocity provided by EGMS for POC2-ID6 for different tracks and
three time windows.
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Criterion 1: v_vert Criterion 2: v_ew

Figure 24. Flags activated for each pixel of bridge POC-ID6: green indicates flag not raised, while red
indicates flag raised.

Figure 25. A view of the whole AOI: The green bridges indicate bridges with no flags activated, while
the red bridges indicate those that have at least one pixel with an activated flag.
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5. Discussion

The results obtained through the proposed methodology highlight both the potential
and the inherent complexities of leveraging EGMS data for large-scale bridge monitoring.
A significant finding relates to the heterogeneous availability of satellite tracks across the
study area. While approximately 16% of the pixels benefit from a complete ascending—
descending pair enabling reliable 2D velocity decomposition, nearly half of the dataset
presents ambiguous configurations, where multiple track combinations complicate the
derivation of consistent deformation parameters. This heterogeneity emphasizes the im-
portance of robust data reduction strategies capable of adapting to varying data quality
and coverage.

The comparison between the two proposed data reduction approaches—max-absolute
(Approach 1) versus quality-informed (Approach 2)—reveals fundamental trade-offs be-
tween sensitivity and reliability. The pixel-level selection in Approach 1, while effective
at identifying extreme velocity values, may be more susceptible to artifacts arising from
low-coherence or sparsely sampled tracks. Approach 2, by incorporating a quality index
that accounts for temporal coherence and the number of PS points, prioritizes data robust-
ness. The observed differences in selected tracks and resultant velocities for the same pixels
(e.g., Figure 19) underscore the critical role of quality-driven data processing. Ordinary
Least Squares, or better Weighted Least Squares can be explored as a third approach for
considering all the available information for the different tracks while weighting them with
their quality measure.

The temporal component of the analysis performed also warrants discussion. The
reduction in data quality observed in the most recent time windows (2018-2022 and
particularly 2019-2023), as evidenced by increased standard deviations and SEMs, probably
stems from the reduced number of acquisitions in those periods respect to the first time
window (i.e., 2015-2021) that is characterized roughly by 40% more radar images. This
affects both the reliability of velocity estimates and the uncertainty bounds used in the
alerting mechanism.

The alert system itself proves effective in translating raw satellite data into structured,
interpretable signals for decision-makers. In particular, the inclusion of both absolute
velocity thresholds and temporal variation criteria provides a nuanced framework ca-
pable of flagging both persistent and emerging anomalies. Another critical observation
relates to the spatial distribution of flagged pixels. As an example, in bridge POC2-ID6,
certain sections exhibited localized uplift or east-bound motion that seems to be evolved
across the time windows. This kind of intra-bridge spatial variation, when consistently
detected, can inform targeted inspections and even structural assessment if integrated with
engineering models.

The results from the upscaling procedure confirm the practicality of this method for
prioritizing interventions. The significant number of bridges flagged when only temporal
variation is considered (199 bridges), compared to those flagged based on absolute displace-
ment thresholds (31 bridges), suggests that change detection can reveal early-stage trends
that absolute thresholds might miss, even if care should be paid in selecting a significant
change of velocity in time respect to unsignificant noise.

6. Conclusions

This study presents a semi-automatic methodology for the large-scale monitoring of
bridges using MT-DInSAR data, with a focus on practical implementation for infrastructure
management. By integrating satellite-derived measurements with enhanced geospatial
representations of bridge assets, the proposed approach enables a systematic evaluation
of deformation patterns at the bridge scale. The methodology includes key phases such
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as spatial data enrichment, PS-InSAR data processing, component-wise velocity estima-
tion and an alert system incorporating statistical uncertainty, which together support the
early detection of potential structural issues. Applied to the transport corridor between
Tirano and Marghera, designated for exceptional transport operations, studied within the
NRRP RETURN project, the approach demonstrates its ability to identify bridges exhibiting
anomalous displacement behavior. While the defined thresholds serve as illustrative exam-
ples, the framework remains flexible and can be adapted to different structural typologies
and monitoring requirements. In particular, the possibility of using different threshold
values depending on the type of bridge should be considered. Overall, this methodol-
ogy provides a scalable tool that enhances current practices in bridge health monitoring,
offering valuable support for data-driven maintenance planning and risk mitigation.
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