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ABSTRACT

Structural Health Monitoring (SHM) plays a crucial role in supporting decision-makers
by providing vital information on the structural integrity of bridges. Traditional SHM
systems typically rely on in-situ sensors, which can be time-consuming to install and
vulnerable to failure during extreme weather events. In contrast, Synthetic Aperture
Radar Interferometry (InSAR), leveraging active radar sensors mounted on satellites,
has emerged as a promising remote sensing alternative. This technique enables the
monitoring of any structure visible from the satellite’s orbit, eliminating the need for
on-site sensor installation. Furthermore, depending on the availability of satellite
imagery, InSAR allows for retrospective analysis of structural behavior. Historical
displacement data can be used to detect anomalous trends, potentially serving as an early
warning for hazardous structural conditions. This paper presents an anomaly detection
procedure based on InSAR displacement time series. The proposed method is applied
to a riverine bridge that collapsed in 2023. The displacement datasets are sourced from
the European Ground Motion Service (EGMS), which utilizes Sentinel-1 satellite

imagery.

1. INTRODUCTION

Bridges and viaducts play a crucial role in road networks. Their reduced functionality
or collapse can strongly impact the economy and safety of entire communities [1].
Several bridge collapses in recent years have shown the societal economic impact of
bridge closures resulting for example from increased travel distances [1], beyond the
direct cost of collapse [2]. Due to the aging of those infrastructures and the increase in
traffic demand, structural degradation of bridges is becoming a crucial problem. Design
errors, construction mistakes, natural hazards, collision, and overload are the top five
leading causes of bridge failures, resulting in more than 70% of bridge failures [3].
Furthermore, leading to flood-induced scour which is one of main causes of riverine
bridge collapse [3]. In this context, Structural Health Monitoring systems (SHMs)
provide valid resources to decision-makers. P. Clemente shows how a proper
maintenance plan combined with a monitoring strategy, could have provided in advance
valuable information about the operational state of the Polcevera bridge [2].
Technological evolution has made available a wide choice of SHM devices and
algorithms [4]. Despite the advantages provided by in-situ SHM systems, their
widespread adoption is limited by skepticism of owners and decision-makers primarily
linked to the up-front cost they have to sustain without a consistent estimation of the
benefit they bring. Recently, due to the development of advanced Differential InSAR
(DInSAR) algorithms and the increase in the temporal and spatial resolution of SAR
images, InSAR technology can provide low-cost measurement of deformations of
human artefacts like bridges and viaducts [5—7]. However, despite several studies have
shown the capability of InNSAR in detecting collapse precursors displacement patterns,
anomaly detection procedures based on InSAR time series remain undeveloped. The
aim of this paper is to provide an anomaly detection strategy based on the InSAR time
series. In the remainder of this paper, Section 2 presents the principles of InSAR,
Sections 3 and 4 introduce the methodology and the case study, respectively. The results
are presented in Section 5, and the conclusions are provided in Section 6.



2. INSAR PRINCIPLES

SAR satellites are active devices that irradiate electromagnetic waves at different
bands of the microwave domain towards a certain area of interest or target. A fraction
of the signal is backscattered and returned to the sensor, where amplitude and phase are
recorded. The amplitude of the backscattered signal depends on the amount of
electromagnetic backscattered energy which depends on acquisition geometry, radar
carrier frequency, radar resolution, wavelength and polarization, size of the scatterers,
surface roughness and orientation [8]. Signals backscattered from exposed rocks and
urban areas show strong amplitudes, whereas smooth flat surfaces (like water basins)
backscatter low amplitude signals. The phase of the signal is proportional to the target-
sensor distance. In the ideal case where the phase is correlated only to the target-sensor
distance, analyzing phase variations among two radar images of the same area of interest
can inform about the area movement. Based on this concept, DInSAR techniques aim
at obtaining the deformation rate of the target by analysing radar images acquired over
the same area at different times. However, the signal phase is also affected by
atmospheric pressure, water vapour and soil moisture [9,10] may alter the quantification
of the distance. Furthermore, decorrelations linked to errors in satellite orbit and surface
elevation determination limit the use of the phase difference between two images to
assess the target displacement. Accounting for all these factors, the phase change among
two images can be described as follows [11]:
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Arr; represents the phase change due to the movement in the Line of Sighr (LOS)
direction, Aa; the atmospheric phase contribution, 4An; the decorrelation noise and
Etopo,i 18 the phase contribution due to possible errors in the Digital Elevation Model
(DEM). The main challenge of DInSAR techniques is to assess the phase change Ary;
removing or reducing the effect of the other parameters. To address this challenge,
advanced (or Multi-Temporal) DInSAR techniques have been developed over the past
decades, supported by the growing availability of SAR satellites with diverse footprint
sizes, acquisition modes, bandwidths (typically X-, C-, and L-band), and revisit times.
These methods enable the accurate monitoring of surface displacements over time
reducing the uncertainty by computing the phase difference between several couples of
images. They produce displacement time series and mean deformation velocity maps
achieving up to sub-centimeter accuracy depending on the type of sensor and relevant
bandwidth. The European Space Agency (ESA) has recently launched the European
Ground Motion Service (EGMS) as part of the Copernicus program. Operational since
2022, EGMS utilizes MT-DInSAR techniques combined with GNSS calibration,
providing user-friendly services through a dedicated portal with annual updates. It
processes data collected by the Sentinel-1 constellation, which consists of two twin
satellites operating in the C-band.



3. ANOMALY DETECTION

The process used for anomaly detection involves the computation of the time histories
of the ‘representative’ displacements [12], the computation of the expected
displacements in reference conditions, based on a regression model and the anomaly
detection based on control charts. The Measurement Points (MPs) provided by satellites
acquisitions are generally distributed on the structure in a non-uniform way. To use
these measurements for the analysis of the structural condition, the MPs are grouped
into zones. The displacement of each zone is calculated as the average of the LOS
displacements of the MPs within that zone. Using average MPs time series from the
ascending and descending tracks and neglecting the displacements along the North-
South direction, the Up and East deformation components can be estimated using the
following relationships [7].
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where 8,054 and 8,05 p represent the LOS displacements measured from ascending
and descending tracks, respectively. Cg 4 and Cg p represent the cosines of the angle
between the East and LOS direction, and Cy 4 and Cy p are the cosines of the angle
between the Up and LOS direction for each track. The expected displacements in
reference condition are computed through a regression model built considering the
displacement changes in the longitudinal direction due to temperature in the reference
condition. Following reference [13] in this study, a linear regression model is used to
represent the relationship between temperature and displacement (dependent variable).
A training period is defined to identify the regression model for the reference
displacement. This model is then used to predict expected displacements based on
temperature data. The regression equation is shown in Equation (3), where y is the
displacement vector for the training period, Z is the matrix of the temperatures and £ is
the unknown vector that offers the relationship between the two variables. The vector €
is included to simulate the variability of the data due to uncertainties connected to the
measurements and to the process to extract displacement time histories from InSAR
data. This noise represents random variations of the data, with a distribution that follows
a normal distribution.

y=Z-f+c¢ 3)

The main goal of regression analysis is to estimate the vector f that best fits the observed
data based on the independent variable. This is typically done using the least squares
method, which minimizes the sum of squared errors[13]. Using this approach, the
estimated parameters § are calculated with the Equation (4):

B=Z"2) "y (4)

Once the vector B has been obtained, using data relating to the training period, the
formula (3) can be used to calculate the predicted displacements, using measured
temperature values. A Control Chart is applied to the residual £ between actual and
predicted displacements and defined as the absolute value of their difference, as shown



in Equation (4), where &g 5y and 8z.p denote respectively the measured and predicted
displacements obtained from the regression model previously described.
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The T? statistic is calculated using Equation (6) [13], where E represents the average of
residuals over the past r observations, E is the average of residuals when the process is
under control, and S is the covariance matrix of the process, estimated based on the
actual displacement vector g.p over the reference period.

T2=v(E-E) s (E-F) (6)

The normal variability of the structural condition is defined by the range between the
Lower Control Limit (LCL) and the Upper Control Limit (UCL). Since the T? statistic
is always positive, the LCL is assumed to be zero. The UCL, instead, is defined as the
critical values for 5% observations.

4. THE CASE STUDY

The Ortiano 2 Viaduct, commonly known as the Longobucco Bridge, is located along
State Road 117 "Sila-Mare." crossing the Trionto River with the axis approximately
oriented from West to East. The bridge was inaugurated in 2015 to improve connections
between the Sila Plateau and the Ionian coast. However, the viaduct suffered a structural
collapse on May 3, 2023, only nine years after its opening. The bridge extends in an
almost east-west direction, measuring approximately 210 meters in length and 10 meters
in width (see Figure 1). The bridge was designed with prestressed reinforced concrete
beams supported by six piers of varying heights. Publicly available information about
the bridge’s detailed dimensions or structural design is limited. However, based on the
analysis of images available online, it can be inferred that the beams were simply
supported by the piers. According to news reports, early signs of failure were observed
as early as November 2022. The final collapse occurred at the joint between the third
and fourth spans and was triggered by the flooding of the Trionto River, following heavy
rainfalls in the region. The analysis in this study focuses on detecting differential
displacements of the bridge, monitored using Sentinel-1 satellite data from 2018 to
2022. The study aims to identify any signs of structural anomalies in the years before
the collapse.



Figure 1: The Longobucco Bridge

S. RESULTS

In this study, the InSAR data provided by the European Ground Motion Service
(EGMS) portal are used combining displacements retrieved from ascending (ASC) and
descending (DESC) tracks. Sentinel 1 data from 03/01/2018 to 31/12/2022 are used in
this study. The MPs are organized on two zones, namely Zona A and Zona B.
Combining the displacements from the ascending and descending tracks, the
displacements in the Up (vertical) and East (approximately longitudinal) bridge
displacements are estimated. The analysis concentrates on longitudinal (East)
displacements on which seasonal deformation effects are typically more pronounced
[6]. Longitudinal displacements are estimated using the procedure described in section
3. In Figure 2 The triangles indicate MPs from ASC track, the squares MPs from the
DESC track, respectively. In Figure 3 the West-East displacement of Zone A (in red)
and Zone B (in blue) are plotted. The displacement predicted using equation (3),
considering a 10% Gaussian noise is indicated by the dashed line. The measured
displacement is indicated by the solid line. Both Zone A and Zone B exhibit a deviation
of the predicted with respect to the measured displacement. However, the deviation
starts in May 2022 for Zone A and approximately one year before, in May 2021, for
Zone B.

Figure 2: Clustering of MPs in two zones.
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Figure 3: The West-East displacement time sheets of the two zones defined on the bridge.

This is more clearly shown by the residuals reported in in Figure 4. Figure 5 shows the
control chart used for anomaly detection. The blue vertical lines indicating heavy rain
occurred, which could have potentially increased the hydraulic load on the bridge
substructures. Starting from October 2021, several T2 values exceed the threshold,
suggesting an anomalous behavior. An analysis of the most significant rainfall events
showed that in October 2021, there was a heavy rain event.
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Figure 4: The red line shows residual time series of zone A, the blue line shows the residual time series
of zone B.
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Figure 5: Control chart with a threshold corresponding to the upper 5% of observations.
6. CONCLUSIONS

In this paper, an anomaly detection procedure based on InSAR is applied to identify
pre-collapse anomalies in the Longobucco Bridge in Italy, which collapsed on May 3,
2023, during a flood event involving the Trionto River. The proposed methodology
employs linear regression to model the bridge’s longitudinal displacements as a function
of temperature. The residuals—i.e., the differences between the predicted and observed
displacements—are used as damage indicators. A T? control chart is introduced as the
statistical detection tool. The results indicate that certain areas of the bridge exhibited
anomalous displacement trends several months prior to the collapse. Notably, the
residuals between the predicted and actual displacements began to increase well before
the failure event. It is important to acknowledge that this study is based on a low-
resolution InSAR dataset, which provides a limited number of MPs on the structure.
More precise analyses using high-resolution SAR imagery, in conjunction with physics-
based modeling, would enable a more detailed assessment and more robust conclusions
regarding the collapse mechanism. Despite these limitations, the study demonstrates the
potential of open-access INSAR data for preliminary anomaly detection in riverine
bridges. This approach could serve as a valuable early warning tool to support
infrastructure risk management.
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