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 A B S T R A C T

This paper presents a novel methodology for detecting and characterizing structural anoma-
lies in historical modular structures using satellite-derived displacement data. The proposed 
framework monitors short-term correlations among statistical features of different structural 
segments and identifies anomalies as individual deviations from the collective behavior. 
Segments exhibiting such deviations are classified as anomalous and further characterized with 
the aid of a simplified parametric model that requires only basic geometric information. This 
strategy enables the transfer of knowledge from simulated damage scenarios to real-world 
cases without the need for detailed mechanical modeling. The methodology is applied to the 
Portico di San Luca in Bologna, Italy, a historic arcade recently designated as a UNESCO World 
Heritage Site. Detected anomalies are validated against average velocity maps, a conventional 
product in satellite-based structural health monitoring. Whereas velocity maps require multi-
year datasets to estimate long-term trends, the proposed method computes an anomaly index at 
each acquisition, enabling near-real-time detection while explicitly filtering out environmental 
effects acting uniformly across the structure. The results demonstrate the potential of satellite-
informed structural health monitoring at the regional scale, offering a scalable, non-invasive, 
and cost-effective tool for the preservation and preventive maintenance of cultural heritage 
assets.

1. Introduction

Historical structures stand as enduring symbols of human ingenuity and cultural heritage. From ancient stone bridges to iconic 
landmarks, they have withstood the test of time, shaping the identities of cities and nations. However, aging materials, increased 
usage, and environmental changes pose growing threats to their conservation. The protection of these irreplaceable assets requires 
innovative and cost-effective monitoring strategies.

Structural health monitoring (SHM) provides valuable information on the condition of civil structures and historical monuments 
through nondestructive methods [1–5]. However, traditional SHM techniques often involve high costs due to on-site sensor 
deployment and data management.

Interferometric Synthetic Aperture Radar (InSAR) offers a powerful alternative for detecting and quantifying ground and 
structural displacements with millimeter precision by analyzing phase differences in radar signals acquired over time [6–8]. Initially, 
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InSAR was used primarily to monitor ground surface changes, such as subsidence and landslides [6,7], playing a crucial role in 
hazard assessment and mitigation. More recently, researchers have demonstrated its effectiveness in monitoring civil infrastructure 
and historical buildings.

In the context of heritage monitoring, Selvakumaran et al. [9] developed an approach to detect partial failures on the Tadcaster 
Bridge (England), identifying structural anomalies more than a month before collapse. Similarly, Gagliardi et al. [5] applied InSAR 
to monitor the Rochester Bridge (UK), successfully detecting areas prone to subsidence and downward displacement. Alani et al. [10] 
demonstrated the benefits of combining InSAR with ground penetration radar to assess the structural integrity of the 13th-century 
Aylesford masonry arch bridge (UK). Their study linked observed displacements with seasonal variations in water level, offering 
critical insight into the long-term stability of the bridge. Bonaldo et al. [11] applied InSAR to monitor Palazzo Primoli (Italy), 
a 16th-century structure, revealing long-term deformation trends by integrating satellite-based displacement analysis with on-site 
inspections.

Beyond SHM, recent studies have explored methodologies for predicting the remaining service life of structures experiencing slow 
deformation. Farneti et al. [12,13] introduced a multidisciplinary approach that combines InSAR displacement data with numerical 
collapse simulations using the applied element method. This methodology was applied to the Albiano-Magra bridge (Italy), which 
collapsed in April 2020. By integrating satellite-based monitoring with numerical modeling, the study analyzed the progressive 
failure mechanism of the bridge and provided an estimate of its residual service life. Although using numerical models has proved 
fundamental for interpreting structural anomalies, accurately modeling historical structures remains challenging due to uncertainties 
in their geometry and material properties.

Most studies employing satellite data for SHM have treated InSAR-derived displacements in a manner analogous to data from 
on-site sensors [9,10]. However, two key aspects differentiate satellite observations from traditional ground-based measurements. 
First, the location of persistent scatterers (PSs) (i.e., the points where displacement time histories are available) is affected by 
geolocation uncertainties and limited spatial resolution, especially compared to the typical size of civil structures and, more 
significantly, historical buildings [14]. These factors can complicate the direct association between measured points and specific 
structural components. Second, InSAR imagery offers global spatial coverage and extensive historical archives spanning several 
decades, allowing retrospective assessments of structures that have never been instrumented or monitored on site.

These distinctive characteristics make population-based SHM (PBSHM) particularly promising for InSAR applications [15,16]. 
PBSHM extends traditional SHM by exploiting statistical relationships across a population of structures, rather than relying solely on 
the historical data of a single asset. While structural differences often hinder direct comparison of their responses, PBSHM enables 
the transfer of knowledge between structures that share similar characteristics. In this framework, classifiers (such as those used 
for damage identification) can be trained using data from analogous structures, where larger and more diverse datasets, including 
damaged conditions, are typically available [17]. Building on this concept, Gardner et al. [18] introduced domain adaptation (DA) 
for vibration-based SHM, in which damage-sensitive features (e.g., natural frequencies) from different structures are projected into 
a common feature space, thereby allowing meaningful comparison and improved generalization across the structural population.

The first application of PBSHM with satellite data involved comparing multiple structures within the same geographic region 
(i.e., bridges along a river) that experience similar environmental conditions [15]. This approach enabled the detection of structure-
specific anomalies while filtering out environmental influences that affect all structures collectively. Although PBSHM has shown 
strong potential for civil infrastructures, applying it to cultural heritage structures presents unique challenges due to their diverse 
designs and construction methods. Nevertheless, for structures with periodic repeating modules, such as bridges, walls, or arcades, 
PBSHM can be used effectively by treating individual modules or structural segments as ‘‘similar’’ units.

This paper presents a new methodology to:

• apply PBSHM to historical modular structures using satellite data, enabling the identification of structural anomalies in 
individual segments while accounting for environmental variations;

• develop simplified parametric models of the monitored structure to facilitate simulation-to-real knowledge transfer for anomaly 
characterization.

A key advantage of the proposed approach is that anomalies are identified through instantaneous comparisons among structural 
segments, eliminating the need for large historical datasets typically required by conventional InSAR-based SHM methods that rely 
on long-term velocity trend analyses. Additionally, the framework does not rely on the precise geolocation of the PSs, but instead 
derives global statistical features at the segment scale. Moreover, the simplified parametric model employed does not require detailed 
geometric or material information, which is often unavailable or highly uncertain for historical structures.

Building on these elements, DA techniques are used to align features between a synthetic source model and real structural 
segments, thereby reducing discrepancies between them. This alignment allows a classifier trained on simulated anomaly scenarios 
(where structural damages can be explicitly modeled) to infer potential anomalies in the real monitored structure.

After a description of an exemplary historical modular structure, the Portico di San Luca in Bologna, Italy (Section 2), and the 
satellite data used in this study (Section 3), this paper introduces a parametric model designed to capture structural displacements 
in response to environmental factors, specifically air temperature, humidity, and soil moisture (Section 4). This model is general and 
can simulate the response of various modular masonry structures, including arcades and masonry bridges. A novel procedure for 
InSAR-driven PBSHM is then presented, along with a strategy to use the proposed parametric model for anomaly characterization 
(Section 5). The proposed methodology is then applied to the selected case study (Section 6).
2 



W. Alahmad et al. Journal of Building Engineering 118 (2026) 114893 
Fig. 1. Views of the Portico in April 2025: (a) Arco del Meloncello, (b) external view, (c) internal view.

2. Case study: the Portico di San Luca

The Portico di San Luca, located in Bologna, Italy, is a historical covered walkway that connects the city center (Porta Saragozza) 
to the Sanctuary of the Madonna di San Luca, atop Colle della Guardia. Constructed gradually over nearly a century, the structure 
was conceived in the mid-17th century to provide shelter for pilgrims during religious processions involving a revered icon of the 
Madonna [19–21].

Construction began in 1674, following architectural plans presented by Ercole Fichi and Camillo Saccenti and initially supervised 
by Giovanni Giacomo Monti. The initial flat portion, comprising 306 arches, was completed in 1701, stretching from the city center 
up to the foot of the hill at the Arco del Meloncello (Fig.  1(a)). Subsequently, architect Carlo Francesco Dotti designed the Arco del 
Meloncello, an iconic element marking the transition from the flat to the ascending hill section (Figs.  1(b,c)), completed in 1732. 
Additional segments of the uphill portion were built incrementally, finalizing the entire 3.8-kilometer structure, totaling 666 arches, 
by approximately 1739 [21]. Along the uphill portion, 15 chapels were also constructed, dedicated to the Mysteries of the Rosary 
(see circles I-XV in Fig.  2).

Over the following centuries, the Portico underwent multiple restorations and conservation efforts. Significant interventions 
occurred after structural damage, notably following the earthquake of 1768, for which the Portico required substantial repairs and 
structural consolidation throughout the late 18th century. Further restorations were carried out periodically, including major repairs 
in 1887–1888, addressing deterioration and renewing the structural integrity of walkway segments.

World War II and natural degradation led to additional restoration campaigns in the second half of the 20th century. In 1988, 
a dedicated Committee for the Restoration of the Portico di San Luca was established, aiming to organize preservation efforts. 
Significant restoration work took place in the year 2000 around the Arco del Meloncello, supported by community-driven fundraising 
associated with the Jubilee celebrations. In 2013, a crowdfunding campaign involving local citizens and international donors funded 
further comprehensive restoration. More recently, since 2014, additional preservation and restoration initiatives have continued to 
address structural and aesthetic concerns.

In 2021, recognizing its outstanding historical and cultural value, UNESCO officially designated the Portico di San Luca, along 
with other notable porticoes of Bologna, as a World Heritage site.

This study examines the hill portion as a representative example of a historical modular structure. Four structural segments with 
comparable geometries are defined. The first three segments encompass the arches within four consecutive Mysteries, while the 
fourth covers the uppermost portion of the Portico, located close to the Sanctuary. Fig.  2 provides an overview of the structure, the 
segmentation adopted in this study, and a schematic representation of a typical bay illustrating the approximate dimensions of its 
main elements.

3. Displacement and environmental data

The datasets used in this study include interferometric displacement measurements and environmental data, all retrieved via 
satellite observations.

Displacement data are sourced from the European Ground Motion Service [22], accessible through the Copernicus project, 
and derived from the Sentinel-1 satellite constellation. Sentinel-1 operates in the C-band at a central frequency of 5.405 GHz, 
corresponding to a wavelength of approximately 5.6 cm. In its interferometric wide swath (IW) mode, it achieves a ground 
resolution of 5 m in range (perpendicular to the travel direction) and 20 m in azimuth (parallel to the travel direction), with 
a swath width of 250 km. Specifically, this study uses the ‘‘calibrated product’’ (L2b) available on the EGMS portal. This product 
provides displacement time histories for stable, high-reflectivity ground points, known as persistent scatterers (PSs), identified using 
the PS-InSAR technique [7]. Displacements are measured along the line-of-sight (LOS) between the PS and the satellite, with the 
LOS inclination depending on the acquisition geometry. The L2b product is referenced to a GNSS-derived model, ensuring spatial 
3 
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Fig. 2. Overall views of the portico structure and approximate size of a bay. Measures in cm.

consistency and absolute measurements across regions. It also incorporates preprocessing techniques such as atmospheric correction 
and phase unwrapping [14,23].

The principle of InSAR relies on comparing the phase of radar signals backscattered from the same ground target across repeated 
satellite acquisitions. The differences in phase represent changes in the travel path of the radar wave, which can be translated into 
relative displacements along the LOS. When long temporal series are analyzed, atmospheric disturbances and random noise are 
statistically filtered, enabling millimetric precision in ground-motion detection. According to the EGMS technical specifications, the 
standard deviation of individual LOS displacement measurements is approximately 8 mm, depending on coherence [14]. Although 
a single static GNSS station typically achieves higher absolute accuracy, InSAR provides vastly denser spatial coverage without 
the need for in-situ instrumentation. Its main limitation lies in the one-dimensional nature of LOS measurements, which require 
geometric decomposition to separate vertical and horizontal displacement components.

The displacement dataset analyzed in this study covers the period from April 15, 2018, to September 16, 2022. Temporal 
resolution within this interval varies: when both Sentinel-1 A and Sentinel-1B were operational, data were acquired every 6 days. 
After the in-flight anomaly of Sentinel-1B on December 23, 2021, the revisit cycle was extended to 12 days [24]. The data were 
acquired by the satellites during ascending orbits (south-to-north trajectory). Since Sentinel-1 captures images in bursts by cyclically 
switching the antenna beam across multiple adjacent ‘‘sub-swaths’’, variations in acquisition geometry (i.e., track and incidence 
angle) occur. In the region of the selected case study, the EGMS portal provides data for different satellite tracks and sub-swaths, 
namely track 117-IW1 and track 15-IW3, which are analyzed separately in this study.

Fig.  3 illustrates the spatial distribution of the PSs in the four analyzed segments for each satellite track. The structural portion 
between segment 1 and segment 2 was excluded from this analysis due to the limited number of PSs available. This limitation was 
likely due to the specific orientation of that segment, similar to segment 3, where a modest number of PSs are available. It is worth 
mentioning that the missing segment was classified as critical during previous evaluation campaigns. Therefore, future analyses will 
be conducted using high-resolution InSAR data obtained from other satellite constellations. The present work, however, focuses on 
validating the proposed methodology, which is designed to operate effectively using freely available datasets.

The environmental data considered in this study includes the temperature and relative humidity of the air measured at 2 m above 
the ground level and the moisture of the soil within the upper layer of 0–7 cm. These datasets are derived from satellite observations 
acquired through various technologies, including thermal, optical, and radar sensors, used within advanced soil hydrology models. 
Data were sourced from the ERA5-Land reanalysis project, which provides freely accessible global datasets at hourly temporal 
resolution on a 9 × 9 km spatial grid [25]. Given the relatively small size of the structure compared to the grid, a single time 
history was extracted for each quantity, represented in Fig.  4.

Displacement and environmental data were preprocessed before use. First, displacement data were interpolated daily. Then, the 
vertical component of the LOS displacements was estimated using the following equation [26]: 

𝑑(PS𝑗 , 𝑡) =
𝑑LOS(PS𝑗 , 𝑡)

cos 𝛽
(1)

where 𝑑LOS(PS𝑗 , 𝑡) represents the displacement of the LOS measured at time 𝑡 for the 𝑗th PS, and 𝛽 denotes the incidence angle of 
the LOS of the satellite (i.e., 𝛽 = 36.4◦ for track 117-IW1 and 𝛽 = 45.6◦ for track 15-IW3). This simple approach mitigates the scaling 
differences caused by the different satellite tracks and sub-swaths.

According to the data documentation, most acquisitions occurred around 5:00 PM; therefore, all displacement measurements 
were assumed to correspond to this time, with a daily sampling frequency. To ensure temporal consistency, the environmental data 
were downsampled to the same time grid as the displacement data by extracting daily values at 5:00 PM.
4 
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Fig. 3. Persistent scatterers (PSs) of the displacement data for the 2019–2023 interval (tracks 117-IW1 and 15-IW3).

Fig. 4. Environmental driver measurements in the area of the monitored structure: (a) air temperature at 2 m above ground level, (b) air 
humidity at 2 m above ground level, and (c) soil moisture in the upper 7 cm of the soil.

As a result, two displacement datasets (one for each satellite track) and a single environmental dataset, all sampled at the same 
time instants, were generated for each structural segment.

4. Parametric structural model

A simplified numerical model of the structure was developed with two main objectives: (1) testing the SHM methodology 
proposed in Section 5 using simulated anomalies and (2) characterizing real anomalous data using a classifier trained on synthetic 
data.

The proposed model is specifically developed considering its subsequent use within the transfer learning methodologies described 
in Section 5.2. Thus, it captures the primary physical mechanisms that drive vertical displacements without requiring detailed 
information on structural or material properties [27]. Following its formulation (Section 4.1), the model parameters linking structural 
displacements to environmental inputs are calibrated using real measurements from the specific case study (Section 4.2). Finally, 
controlled damage conditions are simulated (Section 4.3).
5 
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Fig. 5. Scheme of the parametric structural model used in the presented case study.

4.1. Model construction

The proposed model assumes that the displacements of PSs identified by satellites are primarily influenced by the behavior of 
the longitudinal arcades that supports the roof. This structure is considered identical on both sides, despite the presence of filled 
arches with walls on one side (see Fig.  1).

The simplified scheme of a single arcade used in this study is shown in Fig.  5. In this model, the pillars are represented as vertical 
truss elements. To account for their finite thickness, each pillar is modeled using two vertical truss members connected at the top 
by a horizontal link. The two vertical elements of each pillar are constrained to experience identical vertical displacements, thereby 
preventing relative rotation or deformation. The pillars support slender semicircular arches that, in turn, sustain a series of truss 
elements representing wall fillings, which provide support for the roof at a uniform level.

Although the mechanical behavior of masonry structures is inherently nonlinear, anisotropic, and governed by the interaction be-
tween compression, cracking, and joint behavior, the present model intentionally adopts a simplified representation. This formulation 
aims to capture the first-order response of the system to environmental loading while acknowledging the uncertainties inherent in 
satellite-derived displacement measurements. Accordingly, the model should be regarded as a reduced-order approximation capable 
of reproducing the dominant kinematic trends rather than the full nonlinear response of the masonry arcade.

For this study, the following parameters were set, with reference to Fig.  5, based on approximate measurements of the analyzed 
structure: ℎp = 4.5m, 𝑙 = 3m, ℎw = 0.5m, and 𝑙p = 1.7m.

The effects of environmental drivers, such as temperature and humidity, on porous materials (e.g., masonry bricks and mortar) 
have been extensively studied, with various models developed to characterize adsorption/desorption isotherms, induced strain states, 
and their impact on long-term material expansion and durability [28–34]. In this study, these complex interactions are not explicitly 
modeled. Instead, their effects are represented through a simplified linear regression, using approximated geometrical parameters 
and calibrated coefficients tuned to reflect observed trends.

Pillars and wall-filling elements are modeled as infinitely stiff components that only expand (or contract) axially in response 
to air temperature and humidity. The vertical displacement of the pillars (𝑑p) and the wall filling elements (𝑑w), is expressed as 
follows:

𝑑p(𝑡) = 𝛼Tℎp𝑇 (𝑡) + 𝛼Hℎp𝐻(𝑡 − 𝜏H) (2a)

𝑑w(ℎ𝑗 , 𝑡) = 𝛼Tℎ𝑗𝑇 (𝑡) + 𝛼Hℎ𝑗𝐻(𝑡 − 𝜏H) (2b)

where 𝑡 is a discrete time index, ℎp and ℎ𝑗 denote the height of the pillars and of the 𝑗th beam in the wall filling model, while 𝑇 (𝑡)
and 𝐻(𝑡) correspond to air temperature and percentage humidity over time, respectively. Here, 𝛼  and 𝛼  represent an equivalent 
T H
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linearized thermal expansion coefficient of the general material and an analogous linear coefficient that accounts for humidity-
induced expansion, respectively. Furthermore, 𝜏H is a time delay parameter that accounts for the delay between the measured 
humidity driver and its effect on the structure. Due to the long sampling period of satellite displacement data, thermal inertia is not 
considered, as it is mainly due to daily temperature cycles.

In this model, the arches deform exclusively due to environmental effects and horizontal thrust. Specifically, both temperature 
and humidity are assumed to cause elongation of the arch axis in the form of uniform thermal deformation. Given the modular nature 
of the structure, each pillar can be considered along a symmetry axis. As a result, arches are constrained to vertical displacements, 
expressed as: 

𝑑a(𝜃𝑗 , 𝑡) =
(

𝛼T𝑇 (𝑡) + 𝛼H𝐻(𝑡 − 𝜏H)
) (

𝜋𝑙 sin2 𝜃𝑗 + 𝑦𝑗
)

(3)

where 𝜃𝑗 is the angle formed by the 𝑗th point of the arch with the springing point, and, and 𝑦𝑗 (𝜃𝑗 ) is the vertical coordinate of this 
point relative to the impost.

Air temperature and humidity were selected as the most significant environmental drivers for masonry components, according 
to studies in the literature [2]. In this model, pillars, arches, and wall fillings all contribute to displacements at the roof level.

In addition, soil moisture was considered an environmental factor influencing soil properties. While the response of soft soils (such 
as those in the studied area [35]) is governed by complex interactions affecting shear strength, cohesion, and compressibility [36,37], 
a simplified representation is adopted here. The soil is modeled using a Winkler-type foundation, idealized as an elastic bed of springs 
whose stiffness varies with the soil moisture level. The base displacement of each pillar due to the effective weight of the structure 
𝑊  applied on a time-varying elastic soil can be expressed as: 

𝑑s(𝑡) =
𝑊

𝑘M(𝑡 − 𝜏M)
(4)

where 𝑘M is the soil stiffness function of 𝑡 and 𝜏M, which is a lag parameter. Since 𝑘M is assumed to vary inversely with the moisture 
content (𝑀(𝑡)), the relation can be conveniently reformulated in an equivalent linearized form as: 

𝑑s(𝑡) = 𝛼M𝑀(𝑡 − 𝜏M) (5)

where 𝛼M is an empirical coefficient combining the effects of weight and soil stiffness. This formulation represents a first-order 
correlation between the structural displacement and the measured soil moisture variations, sufficient for capturing the environmental 
contribution within the considered time scale.

To generate displacement time histories compatible with satellite observations, PSs are randomly selected from the top points of 
the model (see Fig.  5), with the total number specified by the user. The selected displacements are influenced by air temperature, 
humidity, and soil moisture, following the physical models described above, and are expressed as: 

𝑑(PS𝑗 , 𝑡) = 𝑑p(𝑡) + 𝑑w(ℎ𝑗 , 𝑡) + 𝑑a(𝜃𝑗 , 𝑡) + 𝑑s(𝑡) + 𝜖(𝑡) (6)

Notably, a noise term 𝜖(𝑡) is included, modeled as a Gaussian process with zero mean and standard deviation 𝜎𝜖 .

4.2. Model calibration

Once the geometric parameters of the model (𝑙, 𝑙p, ℎp, ℎw, and the number of arches 𝑁a) are defined to match the selected case 
study, the environmental driver parameters must be calibrated. These include 𝛼T, 𝛼H, 𝛼M, the time lags 𝜏H and 𝜏M, and the standard 
deviation of the noise 𝜎𝜖 . The calibration is performed through a two-step optimization process.

First, for a given number of iterations or until a specified error tolerance is reached, the mean displacement across all PSs within 
a given time interval is compared to the mean displacement observed in real data at the corresponding time samples. In this step, 
the noise standard deviation is set to zero. At each iteration, the parameters are adjusted, and the discrepancy between simulated 
(𝜇s(𝑡)) and observed (𝜇r (𝑡)) mean displacements is quantified. To this aim, the root mean square error (RMSE) was used to define a 
cost function (𝐽 ) as follows: 

𝐽 (𝛼T, 𝛼H, 𝛼M, 𝜏H, 𝜏M) =

√

√

√

√
1
𝑡tot

𝑡tot
∑

𝑡=1

(

𝜇s(𝑡) − 𝜇r (𝑡)
)2 (7)

with:

𝜇s(𝑡) =
1
𝑁s

𝑁s
∑

𝑗=1
𝑑(PS𝑗 , 𝑡) (8a)

𝜇r (𝑡) =
1
𝑁r

𝑁r
∑

𝑗=1
𝑑(PS𝑗 , 𝑡) (8b)

Here, 𝑡tot is the total number of time samples available for real displacement measurements 𝑑(PS𝑗 , 𝑡), while 𝑁s and 𝑁r denote the 
number of PSs used in the simulation and those available in the real dataset, respectively, which may differ. Any linear trend (such 
as a uniform movement affecting the entire monitored area) is removed from 𝜇r (𝑡) before fitting. Thus, in Eq.  (8b), 𝜇r (𝑡) represents 
mean displacements with the linear trend removed.
7 
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Table 1
Calibrated parameters of the simulated segments.
 Segment 𝛼T [◦C−1] 𝛼H [−] 𝛼M [mm] 𝜏H [days] 𝜏M [days] 𝑁a RMSE [mm] 
 1 117-IW1 2.89×10−5 5.30×10−5 −68.4 90 90 62 4.3  
 2 117-IW1 3.36×10−5 5.30×10−5 −57.9 10 10 61 4.4  
 3 117-IW1 4.31×10−5 5.30×10−5 −57.9 40 40 71 4.3  
 4 117-IW1 5.26×10−5 5.30×10−5 −57.9 40 40 33 4.3  
 1 15-IW3 3.84×10−5 5.30×10−5 −68.4 80 80 62 3.8  
 2 15-IW3 2.42×10−5 5.30×10−5 −78.9 30 30 61 4.8  
 3 15-IW3 1.94×10−5 5.30×10−5 −68.4 90 90 71 4.3  
 4 15-IW3 2.89×10−5 5.30×10−5 −68.4 90 90 33 4.4  

Fig. 6. Comparison between the detrended mean of real displacements (segment 1 117-IW1) and the mean of displacements provided by the 
calibrated model.

Since the model includes the lag parameters 𝜏H and 𝜏M, a systematic search over predefined parameter ranges was performed to 
identify the global minimum of the cost function and to avoid convergence to local minima that may arise from the non-convexity 
induced by the lag terms. Specifically, the following ranges were used for each parameter: 𝛼T = [10−5, 10−4] ◦C−1, 𝛼H = [−10−1, 10−1], 
𝛼M = [−102, 102]mm, each discretized into 20 equally spaced values. Furthermore, positive lags up to 100 days, discretized every 
10 days, were tested for 𝜏H and 𝜏M, separately.

Since environmental drivers are not measured directly on site but estimated through complex hydrogeologic models [25], they 
involve multiple inputs beyond the three primary drivers considered here. Therefore, the coefficients (and lags) used in this model 
should not be interpreted solely as relating to the relevant drivers; instead, they should be seen as global coefficients that account for 
multiple underlying phenomena with the general aim of minimizing the difference between modeled and measured displacements.

The second step of the optimization process focuses on determining the noise level in the simulated displacements. In this study, 
the noise parameter 𝜎𝜖 is set to 2.5 mm, ensuring a 97% probability that the measured displacement lies within ±5 mm of the true 
value. This level was found to produce statistical characteristics consistent with those observed in the real displacement data.

Eight synthetic structural segments were generated to replicate the data of the four real segments described in Section 3, with each 
satellite track considered separately. Table  1 presents the parameters obtained through calibration, selecting the global minimum 
of the cost function described in Eq.  (7). The table also includes the number of arches 𝑁a for each simulated model and the RMSE 
of the final mean displacement (before noise was added). A total of 100 PSs were extracted from each simulated segment.

Notably, in all cases, 𝜏H = 𝜏M, indicating a correlation between the two. Moreover, the optimal 𝛼H was consistent in all segments.
An example of the optimization result is shown in Fig.  6 for segment 1 117-IW1, comparing the detrended mean displacement 

of all real PSs with that of simulated PSs over the analyzed period. The figure demonstrates that the simulated displacement closely 
follows the trend observed in the real data (with an RMSE of 4.3 mm, as summarized in Table  1), confirming the effectiveness of 
the simplified linearized model in capturing the structural response to environmental drivers.

4.3. Simulated anomaly scenarios

Once the model parameters are calibrated, anomaly scenarios can be simulated to replicate expected anomalies that may impact 
the observed vertical displacements. This study considers two types of structural anomalies: settlements and uplifts, which affect 
different portions of the structure to varying extents. Table  2 summarizes the simulated anomaly scenarios that will be used later 
to train a classifier. The intensity parameter represents the average displacement imposed at the base of consecutive pillars in the 
affected structural portions. Fig.  7 illustrates these concepts, showing examples of settlement and uplift scenarios as well as the 
superposition of time-dependent environmental effects.

5. Proposed SHM methodology

The proposed SHM procedure involves the following steps: (1) extracting features sensitive to structural anomalies from satellite 
displacement data for each segment of the structure, (2) harmonizing these features through domain adaptation to eliminate 
8 
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Table 2
Anomaly types considered in the study with corresponding intensities.
 Anomaly type Description Intensity 
 1 Settlement of 1/10 of the pillars in the segment 5 mm  
 10 mm  
 15 mm  
 2 Settlement of 1/5 of the pillars in the segment 5 mm  
 10 mm  
 15 mm  
 3 Uplift of 1/10 of the pillars in the segment 5 mm  
 10 mm  
 15 mm  

Fig. 7. Example of the effects of environmental drivers and different anomaly configurations on the proposed model.

segment-specific characteristics that are not related to structural conditions, (3) defining an anomaly detection criterion based on 
direct comparisons between segments, and (4) characterizing detected anomalies using synthetic labels derived from the simplified 
parametric model.

Fig.  8 summarizes the methodology described above, which is further detailed in the following.

5.1. Feature extraction

The locations of PSs extracted from InSAR imagery are affected by geolocation uncertainties arising from the displacement 
retrieval process. In addition, individual Sentinel-1 displacement time series have moderate single-epoch accuracy. To mitigate 
these limitations, the proposed analysis relies on the statistical characterization of displacement data rather than attempting a one-
to-one correspondence between PSs and specific structural elements. Interpreting InSAR measurements through aggregated statistical 
descriptors minimizes the impact of PS positional uncertainty, reduces sensitivity to noise in individual time histories, and ensures 
consistent parameter extraction across all structural segments.

Previous research on bridges has demonstrated that statistical moments can effectively capture structural anomalies, such as 
settlements and uplifts, as well as data anomalies (e.g., outliers) [15]. Building on these findings, the present study adopts the same 
set of statistical features, listed in Table  3, computed from the satellite-based displacement time histories. Each feature is evaluated 
at every time instance; for example, 𝑓1 corresponds to the mean displacement of all PSs within a given structural segment, while 
𝑓2 represents the standard deviation of the displacement values at the same time. Additional statistical descriptors are computed in 
an analogous manner for the remaining features.

5.2. Feature harmonization

Due to potential variations in segment geometry and orientation, features extracted from different segments may exhibit different 
trends, making direct comparison and detection of anomalous segments challenging.

To address this issue, SA is used as a domain adaptation technique. SA is designed to align the feature spaces of distinct domains 
(referred to as a ‘‘source’’ domain and multiple ‘‘target’’ domains) by reducing the differences in their marginal distributions [38]. 
This method operates under the assumption that, while the source and target domains may exhibit distributional differences, they 
share an underlying latent structure. By projecting data from both domains onto a common subspace, SA enables cross-domain 
analysis.
9 



W. Alahmad et al. Journal of Building Engineering 118 (2026) 114893 
Fig. 8. Workflow of the proposed methodology. The structural segments shown here are for demonstration purposes and do not correspond to 
those used in the analyses.

Table 3
Set of selected statistical features for each segment.
 Feature Description  
 𝑓1 Mean value of the instantaneous vertical displacements  
 𝑓2 Standard deviation of the instantaneous vertical displacements  
 𝑓3 Distribution skewness of the instantaneous vertical displacements  
 𝑓4 Distribution kurtosis of the instantaneous vertical displacements  
 𝑓5 Minimum value of the instantaneous vertical displacements  
 𝑓6 Maximum value of the instantaneous vertical displacements  
 𝑓7 Median of the instantaneous vertical displacements  
 𝑓8 Vertical displacement component with maximum variance over the analyzed interval 

In this framework, a selected structural segment serves as the reference (source domain) for constructing the aligned subspace 
into which the features of all target segments are projected. Typically, the reference segment is chosen based on the availability of 
more detailed information about the structure, such as known labels indicating anomalous conditions or its simplicity in inspection. 
This facilitates knowledge transfer to all target segments. Further clarification on this concept is provided in Section 5.4.

Let 𝐅(𝑠) ∈ R𝐷×𝐾 represent the feature matrix for structural segment 𝑠, which collects 𝐷 instances of the features listed in Table  3 
(one for each column of this matrix). Here, 𝐷 is the number of instances in a ‘‘baseline’’ interval (i.e., the time span of the dataset), 
while 𝐾 denotes the number of extracted features (in this case, 8). Without loss of generality, segment 1 is designated as the source 
domain.

The first step involves mean-centering each column of 𝐅(𝑠) and normalization such that it has a unitary standard deviation. It is 
important to note that the mean and standard deviation values used to normalize this baseline dataset will also be used to normalize 
future data.

Then, principal component analysis (PCA) is applied to extract the top 𝑟 ≤ 𝐾 principal vectors from each domain, corresponding 
to the 𝑟 largest eigenvalues. These vectors, collected in 𝐕(𝑠) ∈ R𝐾×𝑟, serve as the basis for the subspace of each domain. Specifically, 
𝐕(1) ∈ R𝐾×𝑟 defines the source subspace, while 𝐕(𝑠) ∈ R𝐾×𝑟 represents the target subspaces for each segment 𝑠 ≠ 1.

To align the target data with the source subspace, a projection matrix is computed as follows: 
𝐖(𝑠) = 𝐕(𝑠)𝐕(𝑠)⊤𝐕(1) (9)

This matrix enables the transformation of the target subspace into the coordinate system of the source subspace by aligning their 
basis vectors. Consequently, the source and target baseline data projected onto this common ‘‘latent’’ space are given by:

𝐏(1) = 𝐅(1)𝐕(1) (10a)
10 
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Fig. 9. Proposed approach for anomaly detection.

𝐏(𝑠) = 𝐅(𝑠)𝐖(𝑠) (10b)

These equations can also be used to project future data instances 𝐟 (𝑠)(𝑡) ∈ R1×𝐾 (i.e., obtained at instant 𝑡 > 𝐷) onto the latent 
space, as follows:

𝐩(1)(𝑡) = 𝐟 (1)(𝑡)𝐕(1) (11a)

𝐩(𝑠)(𝑡) = 𝐟 (𝑠)(𝑡)𝐖(𝑠) (11b)

Here, vectors 𝐟 (𝑠)(𝑡) and 𝐩(𝑠)(𝑡) have the same structures as the rows of the matrices 𝐅(𝑠) and 𝐏(𝑠), respectively.
In this study, 𝑟 is set equal to 𝐾 since dimensionality reduction is not the objective of the proposed approach.
Given the similarities in segment configurations and environmental conditions, the principal components and transformation 

matrices derived for each structure are expected to be consistent across all segments.

5.3. Anomaly detection

Under healthy conditions, the features of different segments within the same structure should exhibit similar variations in the 
latent space, when influenced by time-dependent environmental factors. However, when structural anomalies occur, the underlying 
physics of the affected segments change, altering the relationships between features. Consequently, data from ‘‘anomalous’’ (or 
‘‘damaged’’) structural segments will deviate from the expected patterns observed in the rest of the structure. Furthermore, if multiple 
segments experience the same anomaly, their features will cluster within the same region of the latent space.

Building on this principle, Quqa et al. [15] introduced a damage index based on the Euclidean distance of each feature instance 
from the instantaneous centroid of all monitored segments (i.e., the mean of each instantaneous feature across all structures in 
the monitored population at a given time). The centroid is expected to follow a trajectory representing the overall behavior of 
the structure in the feature space (which will approximate the healthy behavior if the anomaly affects a limited subset of the 
population). An anomaly threshold can then be defined as the maximum distance of each individual in the population from the 
centroid, and any feature instance beyond this threshold is considered indicative of an anomaly. This concept is illustrated in Fig. 
9 in a two-dimensional projection of the latent space (i.e., 𝑝1 − 𝑝2).

Including noisy or anomalous data in the centroid calculation may bias the centroid itself, shifting it away from the true healthy 
condition and leading to incorrect identification of anomalies during the detection process. To address this issue, this study proposes 
an improved approach in which the centroid position is predicted based on historical feature measures using an autoregressive model 
with exogenous inputs (ARX): 

𝐩̂(𝑡) =
𝑁
∑

𝑖=1
𝐩̂(𝑡 − 𝑖)𝐀𝑖 +

𝑀
∑

𝑗=1
𝐮(𝑡 − 𝑗)𝐁𝑗 + 𝐞(𝑡) (12)

Here, 𝐩̂(𝑡) ∈ R1×𝑟 represents the position of the centroid, while 𝐮(𝑡) = [𝑇 (𝑡),𝐻(𝑡 − 𝜏H),𝑀(𝑡 − 𝜏M)] ∈ R1×3 is the vector of 
environmental drivers. The matrices 𝐀𝑖 ∈ R𝑟×𝑟 and 𝐁𝑗 ∈ R3×𝑟 are the corresponding coefficient matrices, while 𝑁 and 𝑀 denote the 
number of past time instances considered in the model for the past feature data and exogenous inputs, respectively (i.e., the orders 
of the model, here selected as 𝑁 = 𝑀 = 10). Finally, 𝐞(𝑡) represents the residual error.

This model is initially trained to determine the optimal coefficients of the matrices 𝐀𝑖 and 𝐁𝑗 using a baseline data interval 
(specifically, 30% of the analyzed time period), assuming that all segments are non-anomalous. This baseline period can also coincide 
with the interval used to define the SA projection matrices. During training, the centroid is calculated as the mean of each feature 
across all segments. Once trained, the model can predict the centroid position for unseen feature data.

By learning the relationship between past features and environmental drivers, this model offers a more robust estimate of 𝐩̂(𝑡), 
which mitigates the variability of the centroid due to the changing environment and outliers in the individual features.
11 
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Fig. 10. Comparison of two methods for centroid prediction during a growing-intensity anomaly. The figures show two two-dimensional 
projections of the latent space.

Fig.  10 compares the centroid positions obtained using the mean-based approach and those predicted by the ARX model. In 
this example, green points represent healthy data for synthetic segment 1 117–IW1 within a selected time interval, while yellow 
points represent the same segment subjected to a progressive type-1 anomaly (settlement increasing from 0 to 20 mm) over the 
same interval. The centroids are computed considering all eight modeled segments when 1 117-IW1 is anomalous and all the others 
are healthy. The centroids derived from the mean-based approach (blue points) are more dispersed and more strongly influenced 
by the anomaly, whereas the ARX-based predictions (magenta points) remain compact and aligned with the healthy region. This 
directly affects the computation of the damage index, as discussed in the following section.

The damage (or anomaly) index (DI) for each structural segment is defined as the Euclidean distance at time 𝑡 between the 
feature vector of segment 𝑠 and the estimated centroid: 

DI𝑠(𝑡) = ‖𝐩(𝑠)(𝑡) − 𝐩̂(𝑡)‖ (13)

Fig.  11 shows the DI evaluated for three simulations. Each simulation involves monitoring the 8 synthetic structural segments 
calibrated as explained in Section 4.2. In each simulation, a different anomaly type is imposed on one single segment starting on 
December 5, 2019, with an intensity that increases linearly over time up to 20 mm by December 25, 2022. The three anomaly types 
used in the three simulations are those described in Table  2.

In each simulation, the DI is calculated using Eq.  (13), where 𝑠 denotes the index of the anomalous segment. For comparison 
purposes, the centroid position 𝐩̂(𝑡) was estimated using both the ARX-based and the mean-based methods, producing two 
corresponding DI curves, shown in Fig.  11 in black and orange, respectively. A threshold for damage detection (green dashed line) 
was defined to achieve a false positive rate (FPR) of 1% within the baseline interval for the ARX-based DI (gray-shaded region). 
This threshold can be adjusted by the user depending on the acceptable false-alarm rate.

The resulting DI increases nearly proportionally with the simulated anomaly intensity in all cases. The DI computed using the 
ARX-based method shows slightly higher sensitivity to damage, as indicated by larger deviations beyond the anomaly threshold with 
respect to the mean-based DI. This improvement arises because mean-based centroids are more influenced by transient anomalies in 
individual segments, whereas the ARX-based centroids maintain greater stability within the feature space (see Fig.  10). Nevertheless, 
due to measurement noise, anomalies with amplitudes below approximately 5 mm remain below the detection threshold and are 
typically indistinguishable from background variability.

5.4. Anomaly characterization

The rationale behind the anomaly characterization procedure proposed in this study is that, by projecting the features of different 
segments onto a common latent space, the same changes in structural behavior will shift the feature instances in the same direction 
for all harmonized segments. As a result, different anomaly types will define distinct regions in the latent space. For instance, Fig. 
12 illustrates the anomalies listed in Table  2 imposed on synthetic segment 1 117-IW1, shown in two different views of the latent 
space.

Thus, labels can be assigned to different regions of the latent space based on damage scenarios modeled through the proposed 
simplified model, as shown in Fig.  12. The characterization of anomalous feature instances is then performed by examining the 
regions of the latent space populated by each feature instance.

The anomaly classification method proposed in this study relies on the 𝑘-Nearest Neighbors (KNN) algorithm, a widely used 
machine learning technique for classification tasks [39]. KNN is a non-parametric, instance-based learning method that classifies 
new data points by examining the majority class of their nearest neighbors in the feature space. The algorithm works by calculating 
the distance between an unseen data point and all existing labeled data points, selecting the 𝑘 closest neighbors (in this paper, 
𝑘 = 25), and assigning a class label based on the majority vote.

The labeled datasets used in the KNN process were generated from simulated data instances under the anomaly scenarios detailed 
in Table  2. To evaluate the reliability of the classification procedure, 100 unseen data instances were generated using segment 1 
117-IW1 under each simulated damage condition. These instances were then classified using the trained KNN model, and the results 
12 



W. Alahmad et al. Journal of Building Engineering 118 (2026) 114893 
Fig. 11. Damage index evaluated for the simulated segments during linearly increasing anomaly intensity: (a) simulation 1 (anomaly type 1), 
(b) simulation 2 (anomaly type 2), (c) simulation 3 (anomaly type 3). The green dashed line indicates the anomaly threshold.

Fig. 12. Feature distributions of simulated anomaly types.

are presented in the confusion matrix shown in Fig.  13. Here, the true positive rate (TPR), false negative rate (FNR), precision, and 
false discovery rate (FDR) are reported for each class as performance indicators.

The classification outcomes are consistent with those obtained for damage detection: scenarios with small damage amplitudes 
(5 mm) are frequently misclassified, indicating a lower detection confidence.

Furthermore, Fig.  14 illustrates the anomaly classification results obtained using the KNN model for the simulations shown in 
Fig.  11. In the figure, the varying circle sizes represent the intensity of the anomalies in the assigned labels, while the annotations 
at the top of the figure indicate the actual simulated anomaly intensity. The circles representing classification outcomes are 
partially transparent in the figure, with persistent anomalies (and thus overlapping circles) resulting in a more solid color. Only 
the data identified as anomalous in Fig.  11 (i.e., those exceeding the anomaly threshold) have been classified. Additionally, some 
over-threshold data points were classified as ‘‘healthy’’, indicated by small black dots in the figure.

The classifier successfully assigned the correct labels to most anomalies above the threshold, with intensities increasing over 
time. Consistent with the confusion matrix results, the method demonstrates reliable performance for anomalies with amplitudes 
exceeding approximately 5–6 mm, which suggests a threshold for anomaly significance.

6. Application to the real structure

This section presents the results obtained by applying the proposed methodology to the real segments of the Portico di San Luca 
described in Section 3. The two datasets from tracks 117-IW1 and 15-IW3 are used independently, resulting in a total of 8 structural 
segments for the analysis.

First, features are extracted from the displacement data following the procedure outlined in Section 5.1. The features obtained 
during the interval from April 15, 2018, to December 5, 2019 (600 instances, approximately 30% of the available dataset) are used 
to construct the projection matrices 𝐖(𝑠), as described in Section 5.2, assuming that all segments of the structure are ‘‘healthy’’ 
during this period. Notably, the source domain still consists of the synthetic structure calibrated on segment 1 117-IW1, which is 
13 
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Fig. 13. Confusion matrix obtained from simulated unseen data samples.

Fig. 14. Classification results for the simulated scenarios.

used to construct the projection matrix 𝐕(1) for the same time interval. In this way, synthetic damage simulated in the source domain 
will be used to characterize anomalous feature instances found in the target domain (i.e., the real structure).

The entire real dataset is then projected onto the latent space (Eq. (11a)), where the DI is calculated for each individual segment, 
as explained in Section 5.3. The results obtained are shown in Fig.  15, where the green line represents the anomaly threshold, set 
at the mean of the DI within the baseline interval plus 3 standard deviations. Notably, the DI measures the relative behavior of 
each segment in comparison to the overall trend (i.e., the centroid trajectory), effectively filtering out effects that impact the entire 
structure, such as common environmental conditions and global ground movements (see also Appendix  A). Both satellite tracks for 
segment 1 show a consistent increase in the DI starting from mid-2020. A similar trend is observed for segment 2, beginning in 
early 2021, with some differences between the two satellite tracks. These differences may be attributed to the varying coverage of 
the PSs in the different satellite tracks. As shown in Fig.  3, the acquisition 15-IW3 covers the entire segment, while 117-IW1 only 
covers the southern portion. For the other segments, occasional outliers exceed the threshold without a clear trend.

Then, similar to the simulations conducted in Section 5.4, the instances found anomalous in Fig.  11 have been classified in 
the labels generated through the simulated model. Fig.  16 presents the classification results for the analyzed period between 2018 
and 2022. In this figure, the circles on the timeline for each segment and satellite track represent the classified anomaly at each 
date, with their color indicating the anomaly type and their size proportional to the anomaly intensity (based on the cases used for 
training, see Table  2).

Anomalies in both satellite tracks of segment 1 are classified as ‘‘anomaly type 2’’, corresponding to a settlement affecting 1/5 of 
the pillars in the segment, with the smallest simulated intensity. Although these anomalies are not uniformly observed over time (as 
14 



W. Alahmad et al. Journal of Building Engineering 118 (2026) 114893 
Fig. 15. Damage index evaluated for the monitored segments during the 2018–2022 interval.

Fig. 16. Classification results for the 2018–2022 interval.

seen in the early anomaly cases shown in Fig.  14), a noticeable increase in their occurrence is observed at the end of 2021 for track 
117-IW1. Previous evaluation campaigns reported rising damp within the masonry between Mysteries III and V and considerable 
plaster detachment in both the arch structures and vaults (see Fig.  17(a)).

A plausible interpretation is that localized settlements may have induced microcracking in the masonry, facilitating capillary 
water rise and moisture accumulation. Conversely, water saturation can lead to a progressive reduction in the load-bearing capacity 
of the masonry, while salt crystallization cycles can alter the pore structure, exacerbating material degradation [40]. The concurrent 
occurrence of settlement and rising damp therefore suggests coupled hydro-mechanical processes that modify the structural behavior 
and are reflected in the observed increase of the damage index. Extensive restoration works recently carried out along the Portico 
further confirm the need for maintenance interventions in this area.

This result is further supported by the average velocity map in Fig.  18, which shows the average velocity of movement for each 
PS calculated throughout the analyzed time interval.

The regions of segment 2 exhibiting high DI values were predominantly classified as uplifts affecting approximately 1/10 of the 
pillars. Since this anomaly was detected only in track 15-IW3, it is likely confined to the northern portion of the segment, which is 
exclusively covered by 15-IW3, as confirmed by the velocity map in Fig.  18. The DI did not remain consistently above the threshold 
over time, and several over-threshold instances were not successfully classified (as indicated by the black dots in the later part of 
track 117-IW1). This behavior suggests either a low anomaly intensity or the need to extend the range of simulated scenarios for 
improved characterization. It is also worth noting that a structural disconnection was introduced in the past between segments IX 
and X, which may explain the different movements observed in this area (Fig.  17(b)).

Outliers detected in the remaining segments appear as isolated points with inconsistent classifications and no clear temporal 
persistence. This pattern suggests that they likely correspond to noise-induced artifacts or transient physical phenomena not 
represented in the simplified model adopted in this study, rather than to permanent damage conditions. This interpretation is 
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Fig. 17. Pictures of structural details: (a) efflorescence caused by rising damp between Mysteries IV and V, documented in 2020, (b) structural 
disconnection between Mysteries IX and X, documented in 2025.

Fig. 18. Average yearly velocity map for the 2018–2022 interval (aggregated from all satellite tracks).

consistent with findings from previous evaluation campaigns, which did not identify any significant structural issues in segments 3 
and 4.

It is important to note that the anomalous displacements observed in this study do not necessarily correspond to purely vertical 
movement, as the measurements are taken along the LOS, then scaled according to the incidence angle. Therefore, ‘‘uplift’’ should 
be interpreted as a shift of the PSs towards the satellite position, while ‘‘settlements’’ represent movement in the opposite direction, 
potentially including horizontal components.

Appendix  B presents the results shown in Figs.  15 and 16 for a different time interval, from 2019 to 2023, also available on 
the EGMS portal. Overall, the results are consistent with those discussed in this section, further supporting their validation. These 
results show that the intensity of the anomalies and their uniformity in time increase for segments 1 and 2, suggesting an evolving 
scenario.

7. Conclusions

This study presents a methodology for detecting and characterizing structural anomalies in modular historical structures using 
satellite-based measurements. The proposed approach combines anomaly detection through the comparison of harmonized features 
from different structural segments and anomaly classification based on synthetic labels derived from simplified structural models. 
The methodology was applied to the Portico di San Luca, a historical arcade in Bologna, Italy.

The use of a damage index defined as the distance of each segment from the overall structural behavior, combined with the 
application of an ARX model for its prediction, proved robust against measurement noise and environmental-induced variability.
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Analysis of four Portico segments during the 2018–2022 period revealed consistent anomaly patterns across different satellite 
tracks, particularly in segment 1, where a clear increase in the DI was observed starting in mid-2020. This anomaly was classified as 
a settlement, aligning with findings from average velocity maps. The five-year data span enabled the derivation of velocity maps that 
effectively filtered environmental influences, facilitating direct comparison. Results from the extended 2019–2023 dataset further 
confirmed the robustness and reliability of the proposed approach.

The study also highlighted the limitations of the current modeling framework. The simplified structural model adopts a vertically 
constrained representation of the arcades that captures only the first-order kinematic effects of environmental loading. Consequently, 
damage mechanisms unrelated to ground-induced settlements are not represented. Moreover, the assumption of symmetry between 
opposite sides of the Portico neglects potential asymmetries arising from wall fillings or boundary conditions. Future developments 
will focus on studying more refined mechanical models and using high-resolution InSAR data.

The proposed methodology provides a valuable and scalable framework for population-based, satellite-informed structural health 
monitoring. Its applicability to historical modular structures demonstrates its potential as a cost-effective and non-invasive tool for 
the preservation and preventive maintenance of cultural heritage assets.
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Appendix A. Investigation of mean displacement variations

For comparison with a traditional SHM approach, Fig.  A.19 presents an alternative damage indicator for the real segments 
considered in this study. This indicator is calculated as the evolution of the mean displacement obtained from the PSs of each 
segment (corresponding to 𝑓1 in Table  3), adjusted by subtracting the mean displacement of the baseline interval. Two thresholds 
are plotted, representing positive and negative 3 standard deviations of this damage indicator within the baseline interval.

The key differences observed compared to the proposed DI are: (1) some plots exhibit clear periodic trends driven by 
environmental factors (e.g., segment 2 15-IW3 and segment 4 15-IW3); (2) most plots show a decreasing trend over time (all 
segments except segment 2), likely reflecting a general displacement of the entire area, which is not critical for structural condition 
if uniform; (3) segment 2 appears stable over time. The effects described in points (1) and (2) are removed in the proposed DI, as 
only outliers from the general trend are identified as ‘‘anomalous’’.

Moreover, the anomalies identified in segments 1 and 2 (settlement and uplift, respectively) are not immediately apparent in 
these plots. The lack of visibility of the settlement in segment 1 may be due to its impact on other statistical moments more than on 
the mean displacement, which is similar to that of the other segments. In contrast, the absence of the uplift anomaly in segment 2 
could be explained by one portion of the structure experiencing uplift while the other portion follows the general trend of decreasing 
displacement, resulting in a mean displacement that fluctuates around zero.

Thus, interpreting structural behavior solely by examining mean displacements in specific areas is not straightforward. To 
properly detect and interpret anomalies using this approach, it would be necessary to calculate displacements for smaller parts 
of the structure. However, the limited ground resolution of PSs in medium-resolution InSAR data poses a significant challenge to 
such localized analyses.
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Fig. A.19. Mean displacement variation from the baseline interval.

Fig. B.20. Persistent scatterers (PSs) of the displacement data for the 2019–2023 interval (tracks 117-IW1 and 15-IW3).

Appendix B. Analysis of the interval 2019–2023

For validation purposes, the proposed method was also applied to another dataset obtained for the interval from January 2, 
2019, to December 25, 2023, available on the EGMS portal. Notably, while this interval partially overlaps with the one presented in 
the rest of the paper, the displacement data differ, as they were obtained by applying the PS-InSAR algorithm with different master 
images and calibration parameters [14,23]. The distribution of PSs has slightly changed, as shown in Fig.  B.20. In these analyses, 
the baseline condition is taken from the previous dataset (shown in gray in Fig.  15), along with the threshold value.

Fig.  B.21 presents the DI obtained for the new dataset, where an increasing trend is observed for segments 1 and 2 in both 
satellite tracks, starting at the same time as discussed in Section 6. Additionally, Fig.  B.22 shows that segment 1 continues to 
exhibit settlement, progressing to the second intensity level by the end of 2023. Meanwhile, the initial signs of uplift in segment 2 
are confirmed, with more recurrent anomalies observed in the new interval.

Data availability

Data will be made available on request.
18 



W. Alahmad et al. Journal of Building Engineering 118 (2026) 114893 
Fig. B.21. Damage index evaluated for the monitored segments during the 2019–2023 interval.

Fig. B.22. Classification results for the 2019–2023 interval.
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