
Springer Nature 2021 LATEX template

A Bayesian-based inspection-monitoring data

fusion approach for historical buildings and

its post-earthquake application to a

monumental masonry palace

Laura Ierimonti1*, Nicola Cavalagli1, Ilaria Venanzi1, Enrique
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Abstract

Many countries exposed to high levels of seismic risk, including Italy, are
facing a huge challenge in promptly quantifying post-earthquake dam-
ages to their built historical heritage. In this context, structural health
monitoring (SHM) plays a fundamental role allowing to continuously
track changes in selected damage-sensitive features. However, monitor-
ing data interpretation is often not univocal and may be affected by
large uncertainty, provoking false positives and false negatives. Hence,
this research proposes a novel approach for post-earthquake structural
condition assessment by exploiting the aggregation of different sources
of information, notably steering from both monitoring and visual inspec-
tion campaigns, in order to take risk-informed decisions. More in depth,
an automatic tool is proposed to detect and locate structural dam-
ages in monumental structures with the aid of a data fusion approach
including vibration-based system identification, static and dynamic mea-
surements, finite element (FE) and surrogate modeling, Bayesian-based
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model updating and visual inspections.
In a preliminary phase, potential damage-sensitive regions in the struc-
ture are identified through FE-based numerical analysis and engineering
judgment. Then, the solution of the inverse problem aimed at deriv-
ing the Bayesian posterior statistics of the uncertain parameters is
entrusted to a computational-effective surrogate model (SM). Finally,
the Bayesian-based updated parameters are adjusted considering the
different allowable sources of information to achieve a final assess-
ment. The effectiveness of the proposed approach is demonstrated by
using the recorded data acquired in the Consoli Palace, an historical
building located in Umbria, central Italy, which has been continu-
ously monitored since 2017 using dynamic, static and environmental
sensors and which has been hit by low-intensity earthquakes in 2021.

Keywords: Data fusion, Bayesian model updating, surrogate modeling,
post-earthquake damage classification, continuous monitoring, historic
masonry construction

1 Introduction

Structural damages suffered by monumental structures have confirmed that
those types of buildings are especially prone to aging problems, material’s
degradation, earthquakes, foundation settlments and more. Hence, non-
destructive SHM-based testing techniques are spreading out [1], focusing the
attention on evaluating the structural condition continuously over time in
order to properly plan restoration interventions. Usually, damage identifica-
tion can be defined as a five-level hierarchical problem [2], which consists of:
(i) detection; (ii) localization; (iii) classification ; (iv) assessment; (v) predic-
tion. Conventional SHM-systems typically allow to capture modifications of
the global behavior of the structure (novelty detection), which essentially rep-
resents step (i) above. Indeed, structural modal parameters can be related to
material’s damage and deterioration [3–7] , with a specific attention to the eval-
uation and the removal of the effects of changing temperature and humidity
[8]. Recent contributions deal with long-term SHM data and damage detection
[9–14] . A brief review on SHM for data-driven damage identification prob-
lems is given in [15]. An efficient tool for the design of the monitoring system
as well as the rapid post-earthquake damage assessment of precast reinforced
concrete industrial buildings is proposed in [16]. Several works achieve the
SHM-based damage assessment by making use of Bayesian model updating
techniques, in order to deal with different sources of uncertainty[17–22]. For
this purpose, the use of surrogate models can be considered as a valid tool
for handling uncertainties and reducing the computational effort [23, 24]. Fur-
thermore, probabilistic frameworks based on machine learning techniques are
explored in literature encompassing the SHM field [25–29].
As confirmed by the literature review, the complex nature of the real-world
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applications leads to high levels of uncertainties during the data pre-processing
and post-processing stages. This is especially true in the case of complex
masonry buildings, where both local and global damage mechanisms may acti-
vate and where an accurate numerical modeling is always a challenge, especially
when it comes to the non-linear range of behavior. In this context, making
assessments based on heterogeneous sources of information becomes imper-
ative. In particular, multisensory SHM systems, including both static and
dynamic, local and global features, as well as visual inspections and engineer-
ing judgements need to be part of an overall structural assessment strategy
that can reduce uncertainties and allow making robust decisions. As reported
in [30], a multi-sensor-based approach can be designated as data fusion, a class
of methods capable of combining information from several sources in order to
form a unified picture.
The concept of data fusion has been widely applied in various research fields
such as environmental monitoring, robotics, medical applications, quality con-
trol of manufacturing process and condition monitoring of complex machinery
[31]. Different works in the literature interface with data fusion approaches in
order to estimate the potential risk of damage as well as detect and quantify
a damage after a critical event. An overview of the state-of-the-art algorithms
implementing data fusion is presented in [15, 30–32].
Different levels of data fusion can be recognized [33]: (i) data-level; (ii) feature-
level; (iii) decision-level. Each level is schematically represented in Figure 1.
The data-level fusion consists of directly combining the raw data from mul-
tiple sources in the pre-processing phase. At this level it is necessary that
all the raw data have the same physical meaning. The feature-level fusion
can gather together heterogeneous input data which are conveniently concate-
nated prior (feature extraction) to further analysis. Finally, in decision-level
fusion all the data are separately investigated and the final decision is achieved
by means of selected combination rules (feature extraction and intermediate
results). Different works in literature embrace data fusion and a brief overview
is presented below. In [34] a transformed Subspace State-Space System Identi-
fication (SSID) and the Unscented Kalman Filter methods are compared with
their ability to localize damage including fusion of heterogeneous sources. In
[35] a technique to fuse sensor data into a single damage detection feature is
proposed, providing a simple and robust method for inspecting large numbers
of sensors without the need for complex model-driven approaches. A two-stage
structural damage detection approach using fuzzy neural networks (FNNs)
and data fusion techniques is proposed in [36]. In [37] an automated technique
is developed for residential buildings to yield a robust decision regarding the
attributes and condition of a target structure by fusing the results obtained
from several images. The results presented in [38] demonstrate the possibil-
ity to have a better design of the SHM system for the damage localization
where the benefits of different damage indices and evaluation methodologies
are explored by means of fusion of the identified results. In [39] a framework is
presented to support fusion of multiple nondestructive evaluation techniques
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Fig. 1 The different levels of data fusion [33]: data-level, feature-level, decision-level.

in order to improve both detection and quantification accuracy while also
improving the visualization of NDE results. In [40] a multi-source Bayesian
framework is applied by fusing information obtained from crack growth rate
monitoring using acoustic emission, empirical crack growth model and peri-
odic inspections. In [41] a methodology based on the Bayesian data fusion
techniques applied to non-destructive and destructive tests for the structural
assessment of historical constructions is developed. The advantage of having
global (such as frequencies and mode shapes) and local (such as static strain,
crack amplitude and tilt rotation) information for damage detection is explored
in [42]. An automated SHM-based approach by simultaneously interpreting
data from a distributed sensor network in a civil infrastructure is proposed
in [43]. From the literature review it points out that an efficient methodology
capable of post-processing data by combining heterogeneous sources, including
visual inspections, to make robust decisions still remains a challenge and a fur-
ther research effort is needed. In particular, the idea is to overstep the existing
gap between real-world inspection surveys, expert judgment and numerical pre-
dictions made exploiting SHM data, going towards standard protocols. On the
one hand, the sole numerical predictions are often ill-posed, since the solution
of detected anomalies might be not unique or does not depend continuously on
the data. On the other hand, the sole visual inspections might disregard some
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structural anomalies, not clearly visible but captured by continuous SHM.
Finally, expert judgment and Bayesian model updating contribute to overcame
the main issue related to the unsupervised SHM, e.g., damage localization.
In this context, a decision-level-based methodology is presented, which includes
fusion of heterogeneous sensors, expert judgment and visual inspections, with
the main objective of formally aggregating all these independent sources of
information to achieve a more accurate assessment of the health of a masonry
structure after an earthquake by increasing reliability and improving defect
detection.
The case study is the Consoli Palace located in Gubbio, near Perugia, in Italy, a
complex historical masonry building. The structure has been monitored by the
Authors since 2017 and the SHM sensors’ network has been enhanced in 2020.
The results show the advantage of having long-term monitoring data combined
with visual inspections to improve confidence in damage identification.

The main novelties introduced in the present paper can be summarized as
follows:

� the fusion system architecture combines different sources of information in
a mathematically sound manner,

� Bayesian inference is used in fusing monitoring and visual inspection
information to mitigate uncertainties,

� the FE model and its surrogate representation allow to identify critical fac-
tors which can affect the outcome of the SHM-based post-processing data
analysis,

� the visual inspections and static measurements allow to improve accuracy
and reliability of results, clarifying the role of any modal features (MF)
variation in the structure and avoiding misleading results.

The rest of the paper is organized as follows. Section 2 presents the pro-
posed methodology for continuous SHM and Bayesian model updating. Section
3 describes the monumental building selected as case study, the continuous
monitoring system and the numerical models. Section 4 illustrates the results
and, finally, Conclusions are drawn in Section 5.

2 Multi-source Bayesian-based data fusion

The sequential steps of the proposed methodology are summarized in Fig. 2
and itemized as follows:

1. FE modeling and updating based on results of Ambient Vibration Tests
(AVT) and in situ material characterization tests.

2. Evaluation of damage-sensitive portions of the building on the basis of
nonlinear static analysis (NLSA) and Engineering judgment.

3. Calibration of a SM as a function of the uncertain parameters to be updated
associated to each damage-sensitive structural macro-element.
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4. Continuous SHM. Data acquisition from the monitoring system which typi-
cally comprises acceleration/velocity data, temperature/humidity data and
static measurements, such as crack amplitudes and tilt rotations.

5. Features extraction, i.e., continuous post-processing over time of the avail-
able data: (i) vibration-based data in order to estimate the modal features
associated with the ith natural vibration mode from operational modal anal-
ysis; (ii) static measurements, such as crack amplitudes; (iii) environmental
measurements, i.e., temperature and/or humidity;

6. Novelty detection through the use of statistical pattern recognition meth-
ods. If a Novelty is detected, e.g. after an earthquake, perform the Bayesian
model updating and proceed with visual inspection in order to identify
possible structural damages. If a Novelty is not detected, go back to the
beginning of point 3.

7. Intermediate analysis. Perform the Bayesian model updating and assign
the Bayesian index (BI). Proceed with visual inspections and evaluate the
damage index (DI). Analyze data derived from static measurements and
assign the crack index (CI). The indexes BI, DI, CI are associated with each
selected damage-sensitive portions of the structure.

8. Data Fusion, i.e., adjust the posterior statistics by means of data fusion, e.g.,
combine the information derived from visual inspections (DI), measured
static data (CI) and Bayesian-based results (BI).

2.1 FE modeling

The FE modeling plays a key role in the proposed procedure in order to predict
and understand how the structure might behave under various physical con-
ditions. A numerical model M of the structure is built and calibrated on the
basis of expert judgment, documents available from archival sources and in-situ
inspections. The calibration procedure ofM consists of several steps aimed at
minimizing the difference between numerical and experimental responses. In
this work, modal characteristics are considered for this purpose and the model
updating problem is formulated as follows:

1. Identify the dynamic behavior of the structure , i.e., the frequency f exp
i ,

the mode shape Φexp
i and damping ratio ζexp

i associated with each ith

fundamental mode by means of AVTs with a dense sensor’s network;
2. Construct the FE model of the structure as a function of the vector Y =
{Y1, ..,Yu, ..,YU} collecting parameters to be calibrated (for i=1,2,...,M,
where M is the number of identified modes). In the context of this paper, Yu

is the vector collecting the Young’s modulus E, shear modulus G, Poisson’s
ratio ν and mass density w of the materials of pre-defined structural macro-
elements;

3. Perform the modal analysis and evaluate each FE-based ith natural
frequency fFEM

i and mode shape ΦFEM
i (for i=1,2,...,M);
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Fig. 2 The proposed data fusion Bayesian-based methodology.

4. Solve the optimization problem: calculate the optimum values of the
uncertain parameters Yopt via solving the following optimization problem:

Yopt = arg min
Y ∈D

M∑
i=1

p1ηf,i(X) + p2ηΦ,i(Y) (1)

where p1 and p2 represent the weights of the objective function; ηf,i(Y) =|
f exp
i − fFEM

i | /f exp
i ; ηΦ,i(Y) = 1−MACi(Y); MACi indicates the Modal

Assurance Criterion (MAC) between the ith experimental and numerical
mode shapes;

Besides the calibration of the elastic constants, the characterization of
the parameters of the damage model has has to be carried out through the
support of non-invasive diagnostic investigations [8].
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2.2 Identification of damage-sensitive regions

In order to define the damage-sensitive macro-elements, it is appropriate to
locate possible critical areas with respect to different damage mechanisms,
such as materials aging, foundation settling, local mechanisms and more on
the basis of Engineering judgment. Then, to accommodate for global dam-
age mechanisms, linear and/or nonlinear analyses can be used to numerically
identify structural regions that are critical with respect to mechanical dam-
age mechanisms associated to vertical and horizontal loads, such as dead
loads and earthquakes. The main goal is to select N damage-prone regions
R =

{
R1, ..,Rj , ..,RN

}
. Hence, the jth region can be considered as an

homogeneous macro element in terms of material’s mechanical characteristics
and the vector X(R) =

{
k1(R1), .., kj(Rj), .., kN (RN )

}
collects the damage

parameters which represent the multipliers of the Young moduli (kj) of all the
micro-elements comprised in each region, with 0 ≤ kj ≤ 1. For the sake of
simplicity, the dependence on R in the term X(R) is dropped hereafter.

2.3 Surrogate modeling

With the main objective of reducing the computational effort of the Bayesian-
based process, a SM is trained to reproduce the dynamic behavior of the
structure as a function of X(R). Among all the numerical surrogate models
available in literature, the Kriging model is considered given its largely docu-
mented effectiveness and computational efficiency [16, 23].
A Kriging model is a generalized linear regression model that uses a limited
set of sampled data points to estimate the value of the uncertain variables over
a continuous spatial field accounting for the mismatch between the regression
model and the observations. More details can be found in [16, 23, 44]. In the
present work, the Kriging-based model is used to provide the explicit function
to represent the relationships between frequencies, mode shapes and uncertain
parameters X. Then, in order to measure how well the SM replicates the FE
model, the coefficient of determination R2 can be evaluated [45]:

R2 = 1−
∑

T

(
y∗T − yT

)2∑
T

(
yT − y

)2 (2)

where T is the dimension of the training population; y∗T is the prediction for
the T th instance of the surrogate model, yT collects the T th FE model’s value
and y is the mean of the SM predictions. The R2 represents the percentage of
variance that is captured by the SM. Indeed, if R2 is close to 1 it means that
the SM well approximates the behavior the FE model very well, while if R2

approaches 0 the SM fails.
Furthermore, an index named JMAC can be introduced to estimate the
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consistency of modal shapes:

JMAC = 1− 1/Ns

∑
i

(1−MACi) (3)

with Ns number of samples, i.e., the number of mode shapes considered in the
analysis. The surrogate model well represents the FE-based mode shapes the
more JMAC approaches 1.

2.4 Feature extraction

In order to investigate continuously over time the modal features, an auto-
mated tool based on the covariance-based stochastic subspace identification
(SSI) technique, implemented in MOSS integrated software [46, 47], is used to
convert vibration data into modal properties.
In order to avoid ambigous results, environmental effects are removed from
original signals by means of statistical models after analyzing the time series of
ambient and material temperature measurements during the training period,
tipically 1 year. In this study, the Multiple Linear Regression (MLR) is used to
predict the values of the post-processed data. More in detail, the Least-Angle
Regression (LAR) algorithm [48] and the Bayesian Information Criterion (BIC)
are implemented and used to identify the optimal set of predictors among all
the generated models. A classical approach for novelty detection uses control
charts and statistical measures. For the present paper, the presence of dam-
age, e.g. anomalies in the residual E(t) evaluated at time t, is calculated by
means of the Hotellings T 2 control chart [49], where the novelty is related to
the estimation of the square Mahalanobis distance T 2 of the residuals. The
Mahalanobis distance is a statistical measure able to consider both the dis-
tance of the ith observation from the centroid of the data, and the shape of
the data. T 2 can be defined as follows:

T 2(t) = (E(t)− E)TΣ−1(E(t)− E) (4)

where E represents a vector collecting the mean values of the residuals empir-
ically estimated in the training period and Σ the corresponding covariance
matrix.

2.5 Intermediate analysis

2.5.1 Bayesian-based model updating

The Bayesian model updating at time t is used for evaluating the posterior
statistics p(X(R) | d, t,M ) of the uncertain parameters X(R) defined in Sect.
2.1, conditional on the experimentally measured data d(t), i.e., observations,
and a selected mathematical model M by means of the likelihood of measured

Enrique GM
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Once the set of estimators are identified and collected in an observation matrix $\textbf{Y}$, the presence of environmental effects can be eliminated through a statistical pattern recognition approach. To this aim, Multiple Linear Regression (MLR) models represent a popular approach. Such models learn the linear correlations between the adopted estimators and a set of $N_p$ predictors $\textbf{X}$ in the shape of a vector of linear coefficients $\bm{\beta}$. Nonetheless, the definition of the optimal set of predictors is not a trivial task at all in practice. For instance, it is common to find hidden correlations between combinations of predictors, as well as time-delayed correlations induced by capacitance effects. In this light, the Least-Angle Regression (LAR) algorithm [48] is used to define a sparse version of the classical MLR algorithm where some of the coefficients in $\bm{\beta}$ may be zero. The LAR algorithm extracts a series of MLR models adding new predictors from $1$ to $N_p$ (refer to [48] for further theoretical details). This translates into a set of $N_p$ models with decreasing sparsity levels (number of non-zero coefficients in $\bm{\beta}$). In this light, it is possible to select the optimal combination of predictors through a certain metric assessing the quality of the corresponding model. In this work, the Bayesian Information Criterion (BIC) has been adopted. Once selected, the optimal MLR model defined by a coefficients vector $\bm{\beta}^*$ can be used to predict the estimators as new measurements of the predictors arrive in the system as $\hat{\textbf{Y}} = \bm{\beta}^*\textbf{X}$.  It is important to remark that, since the sparse MLR model has been trained using only data from a training period where the structure is assumed to remain healthy. In this lighte, when the structure experiences damage, damage-induced effects concentrate in $\textbf{Y}$ while the predictions in $\hat{\textbf{Y}}$ represent the healthy condition of the asset. Therefore, the residuals at time $t$ between the experimental data and the predictions by the statistical pattern recognition problem $E(t)=\textbf{Y}(t)-\hat{\textbf{Y}}(t)$ can be used to highlight the presence of damage.
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data and the prior knowledge acquired at t − 1. The general formulation can
be obtained by the Bayes theorem as follows:

p(X(R) | d, t,M ) = c · p(d | X(R), t,M ) · p(X(R) | t,M ) (5)

where:

� p(d | X, t,M ) is the likelihood function of the data d and indicates how
likely the measured data are reproduced by the numerical model;

� c = 1/
∫
p(d | X(R), t,M )p(X(R) |M )dX(R) is the evidence of the model

class M ensuring that the posterior PDF integrates to 1;
� p(X(R) | t,M ) is the prior distribution of X(R) , i.e., the a-priori knowledge

on the uncertain parameters, evaluated as the posterior distribution at t−1
p(X(R) | d, t− 1,M ).

In the present work, the uncertain parameters kj collected in vector
X(R) are assumed as statistically independent [9, 50], meaning that they are
separately updated over time and Eq. (5) can be rewritten as follows:

p(kj | d, t) = c · p(d | kj , t) · p(kj | µ(t− 1)) (6)

As can be deduced from Eq. (6), the standard deviation of the prior distribu-
tion is assumed as known, while the mean value µ is updated step by step. This
assumption guarantees to correctly and promptly identify a possible damage
occurrence, even in the case of a large number of ”undamaged” monitoring
data. Indeed, the large amount of data might make the prior barely sensitive
to the occurrence of damage due to a small standard deviation (or variance) at
time t−1, meaning that the distribution of the uncertain parameter is narrowly
concentrated around the mean (undamaged value). Instead, the updating of
the sole mean value µ can give information on which value of damage-sensitive
parameter is more plausible or believable, given the evidence of new data d(t)
and, consequently, which region might be subjected to damage.
Particular care has to be given to the definition of the likelihood function to
ensure that the model updating produces relevant variations in the prior knowl-
edge. In the present paper, the likelihood is modeled as a Gaussian distribution
with zero mean, as in [9, 16, 50]. More details in the numerical formulation
are given in [16].
For completeness, a probabilistic damage identification is associated to the
Bayesian model updating. In particular, according to [9, 51], the probabil-
ity P dam

j that the updated jth parameter kup
j in a possibly damaged state is

reduced from the undamaged state kref
j can be written as:

P dam
j = P

(
kup
j 6 (1− kj)kref

j | dref,ddam
)

= F

 (1− kj)kref
j − k

up
j√

(1− kj)2σ2
kref
j

+ σ2
kup
j


(7)
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where F (·) is the standard Gaussian cumulative distribution function, kj ∈
[0, 1], which represents the reduction of kref

j , is a damage threshold selected for

the jth damage-prone region and kref
j = 1 is the reference undamaged state.

Changes in P dam
j are studied as a sign of possible damage and the probability-

based damage threshold is designated as P al
j , as specified in Table 1.

Additionally, a damage factor DF can be introduced as:

Case No. kupj Pdam
j Meaning

1 = (1 − kj)krefj = 0.5 damage threshold reached Pdam
j = Pal

j

2 > (1 − kj)krefj < 0.5 damage threshold not reached

3 < (1 − kj)krefj > 0.5 damage threshold exceeded

Table 1 Probability-based damage identification, possible values of kupj and Pdam
j .

DF =
kref
j − k

up
j

kj
(8)

From Eq. (8) it is possible to obtain DF=0 (undamaged) if kup
j = kref

j and

DF=1 if kref
j − kup

j = kj (damaged). Otherwise, DF increases with values

higher than 1 as kj tends to zero, meaning that the damage might be com-
pletely developed. However, given the complexity of the problem, there is
always the risk of incurring in a false alarm. In order to tackle this problem, a
data fusion strategy is proposed in this paper where heterogeneous informa-
tion is used to achieve more reliable predictions. Hence, it is appropriate to
assign a coefficient, named Bayesian Index BI, to the Bayesian-based results,
i.e., assign BI=1 if the updated values are reduced more or equal 10 % with
respect to the undamaged state, otherwise assign BI=0;

2.5.2 Visual inspections

The level of knowledge of a masonry structure in terms of structural and
geometrical properties depends on many factors including the structural knowl-
edge at the time of construction, the experience of the inspector, the seismic
hazard of the site, just to mention the most influential parameters [52]. Fur-
thermore, the use or occupancy of the structure may vary over time inducing
unexpected loads. Hence, structural damage, failure or total structural collapse
may occur suddenly during moderate or strong earthquakes. Thus, it is essen-
tial to evaluate the capacity of existing historical structures through on-site
inspections designed to estimate safety and usability of the building in order to
eventually plan further relief and retrofit measures [53] before an earthquake
strikes. This stage should be carried out through a rapid screening, filling out
easily understandable and standard forms.
As a support for the purpose, a detailed catalogue of the main damages on
masonry buildings is reported in MEDEA (Manual for Earthquake Damage
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Evaluation and safety Assessment) tool [54]. In the aforementioned catalogue
two principal mechanisms are identified: 1) global mechanisms (reported in
Table 2) affecting the whole structure and related to the evolution of crack pat-
terns in a number of elements sufficient to compromise the static and dynamic
equilibrium of the structural system; 2) local mechanisms (reported in Table 3)
affecting marginal parts of the structure and whose evolution generally affects
the individual element and does not compromise the global structural behav-
ior.
Furthermore, field inspections results can be numerically quantified [55, 56]
and, for the purpose, a damage index DI is proposed in order to determine the
damage of the jth region:

DIj =

m∑
i=1

Gji ·K1ji ·K2ji (9)

where m is the the total number of damages associated with the jth region, G
stands for the weight (importance) of the damage, K1 describes its extension
and K2 its intensity. The numerical values associated to the aforementioned
coefficients are summarized as follows:

� G=0 absence of damage; G=1 local mechanism; G=5 global mechanism, as
reported in Tables 2 and 3.

� K1=0.2 restricted extension; K1=0.5 relevant extension; K1=1 the damage
is affecting the whole element/region.

� K2=0.2 minor intensity; K2=0.5 medium intensity; K2=1 the damage is
completely developed.

For data fusion purposes, a region is considered ”damaged” if DI > 0.
In this context, a general guide for the visual inspection is here proposed,
developed according to the information provided in MEDEA [54] and in the
Applied Technology Councils Procedures for Post-earthquake Safety Evalua-
tion of Buildings documents [57–59], which represent a complete guideline for
post-earthquake safety inspections of buildings by assigning a classification tag
that designates the building structural condition.
More in depth, a visual inspection form should be filled for each prede-

fined macroelement of the building enabling a rapid post-earthquake structural
safety assessment by conferring a green, yellow or red classification tag, cor-
responding to different safety levels, which can be summarized as follows
[16]:

� INSPECTED, i.e., apparently safe, corresponding to a green classification
tag (GT);

� RESTRICTED USE, corresponding to a yellow classification tag (YT);
� UNSAFE, corresponding to a red classification tag (RT).
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Mech. No. Mech. type G Graphical representation

1 shear mechanisms 5

2 upper levels storey shear mechanisms 5

3 whole wall overturning 5

4 partial wall overturning 5

5 wall vertical instability 5

6 wall bending rupture 5

7 horizontal sliding failure 5

8 foundation failure 5

9 irregularity between adjacent structures 5

10 floor and roof beam unthreading 5

Table 2 Masonry-dependent global mechanisms [54].

2.5.3 Static measurements

The influence of the static measurements is evaluated by means of an index,
designated as crack index CI, evaluated for each region potentially involved.
More in detail, assign CI=1 if the crack measurement exhibits a permanent
closure or opening, otherwise assign CI=0.
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Mech. No. Mech. type G Graphical representation

11 lintel or masonry arch failure 1

12 material irregularity, local weakness 1

13 roof gable wall overturning 1

14 corner overturning in the upper part 1

15 overturning of the wall supporting the roof 1

16 vault and arch overturning 1

Table 3 Masonry-dependent local mechanisms [54].

2.6 Data fusion

The main idea behind this work is to propose a method combining information
from both visual inspections and monitoring-based model updating data, since
the sole model updating problems might be subjected to ill-posedness and ill-
conditioning issues, especially because of a large number of potential damage
patterns and because of measurement noise. Hence, all the information sources
are combined as follows: calculate the data fusion results on the basis of indexes
BI, DI and CI by means of the well-known 2-out-of-3 (2oo3) method [60],
named 2oo3 voter, on the basis of majority, i.e., assign 1 if the specific region
has the majority of BI,DI and CI higher than 0, assign 0 otherwise. In the
absence of crack information for a specific region, the value of DI is counted
twice.
Then, the posterior value of kup

j is adjusted by means of a correction coefficient

ΨVI
j on the basis of the 2oo3 voter as follows:

kup,VI
j = ΨVI

j · k
up
j (10)

where kup,VI
j is the updated value of the damage-sensitive parameter after data

fusion (Bayesian model updating and visual inspection). The coefficient ΨVI
j

can assume the following values:
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� If the 2oo3 voter is 1 (damaged state), ΨVI
j = 1

� If the 2oo3 voter is 0 (undamaged state), ΨVI
j = kref

j /kup
j .

This methodology allows a prediction of damage to be made, based on
Bayesian numerical simulations, progressively updated with new information
collected during visual surveys.

3 The case study

3.1 Description of the Consoli Palace and the monitoring
system

The Consoli Palace is one of the most audacious architectural complexes con-
structed in the 14th century and is located in Gubbio, Umbria, central Italy.
Since 1909 the Consoli Palace has housed the Civic Museum whose collections
illustrate the history and culture of Gubbio and its community. The palace,
with its 60 m of height, overlooks the main square of the town, suspended
on an arched structure. It is accessed through a staircase and it is composed
by a central body, a panoramic loggia and a bell tower. Figs. 3a)-c) illustrate
some architectural details of the structure. The East and West side façades are
characterized by round arched windows and merlons in the rooftop. The load-
bearing walls have a thickness of about 1.2 m and each floor of the building
is characterized by vaulted ceilings, differently oriented and distributed. The
Palace is built in calcareous stone masonry with a regular and homogeneous
texture.
According to the Italian technical standard NTC2018 [61], Gubbio is assigned
to the seismic area 2, which is characterized by 0.15 < PGA ≤0.25, PGA being
with a probability of exceeding of 10% in 50 years. The city is located near the
Gubbio normal fault, a 22-km-long pre-orogenic fault reactivated in a post-
orogenic stage [62]. The high seismicity of the aerea is constantly monitored
by a dense network of seismic stations (Alto Tiberina Near Fault Observatory
- TABOO) [63].
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Fig. 3 The case study: a) aerial view; b) main façade; c) staircase; d) loggia; e) horizontal
masonry vaults; f) rooftop.

A continuous monitoring system was installed in 2017 with an improve-
ment in terms of number of sensors in July 2020. The system has been designed
and managed by the Department of Civil and Environmental Engineering of
University of Perugia in the context of European and National projects. The
system, schematically illustrated in Fig. 4, is composed by: a mixed data acqui-
sition system to which some sensors are wired (model NI CompactDAQ-9132
equipped with NI 9234 acquisition modules for accelerometers with 24-bit reso-
lution, 102-dB dynamic range, and anti-aliasing filters, and NI 9219 acquisition
modules with 24-bit resolution, ±60 V range, 100 S/s for LVDTs and ther-
mocouples) and a wireless network (LoRaWAN system technology); twelve
unidirectional accelerometers A1-A12 (model PCB393B12 with a measurement
range ± of 0.5 g, a frequency range of 0.15-1000 Hz, a broadband resolution 8
µg and a resonant frequency ≥ 10 kHz); four linear variable transducers D1-
D4 (model S-series with a measurement range of 0-0.5 mm and a resolution of
0.31 m) and six thermocouples T1-T6 (model K-type).
Acceleration data are stored in 30 min-long files with a sampling frequency of

40 Hz, while crack amplitudes and temperature values are sampled every 30
minutes. Data are continuously saved in a cloud storage and can be accessed
through a web-based platform.
With the main objective of evaluating the dynamic characteristics of the build-
ing for finite element model updating purposes, an AVT was carried out on
the Consoli Palace on May 7th, 2021 by adding channels A13-19 (Fig. 4).
The channels A13-A16 allow to better define the rooftop dynamic behavior
and channels A17-A19 permit to characterize the role of the bell tower in the
dynamic identification. The main characteristics of the sensors’ network are
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Fig. 4 Schematic rapresentation of the SHM system.

summarized in Table 4. Finally, Fig. 5 illustrates the experimental set-up of
channels A1-A19.

The identified modes and the comparison between the experimentally iden-
tified frequencies during the AVT and the continuous SHM are summarized in
Table 5. More details on the dynamic identification were given in [8, 64] and
then upgraded in [65].

It is worth noticing that the bell tower plays a fundamental role in the
dynamic identification of the structure. Indeed, as reported in [65], both local
and global modes are found in the range from 0 to 10 Hz, i.e., Ly1-Lx1 and
Fy1, due to the high complexity of the structure.
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Channel Level Measure Direction SHM AVT
A1 rooftop acceleration y • •
A2 rooftop acceleration x • •
A3 rooftop acceleration y • •
A4 Nobili acceleration y • •
A5 Nobili acceleration x • •
A6 Nobili acceleration y • •
A7 Arengo acceleration −y • •
A8 Arengo acceleration x • •
A9 Arengo acceleration −x • •
A10 rooftop acceleration −y • •
A11 rooftop acceleration x • •
A12 rooftop acceleration −x • •
A13 rooftop acceleration −x •
A14 rooftop acceleration −y •
A15 rooftop acceleration −x •
A16 rooftop acceleration y •
A17 bell tower acceleration y •
A18 bell tower acceleration x •
A19 bell tower acceleration x •

D1-D3-D4 Nobili crack’s length − •
D2 Campanari crack’s length − •

T1-T3-T4 Nobili temperature − •
T2-T6 Campanari temperature − •

T5 rooftop temperature − •
Table 4 SHM and AVT sensors’ network within the building.

Mode no. Label Mode type fAVT [Hz] fSHM (± var. range) [Hz]
1 Fx1 flexural mode along x 2.32 2.32 (-5.80%+5.10%)
2 Ly1 bell tower’s local mode along y 2.99 3.02 (-8.65%+14.29%)
3 Lx1 bell tower’s local mode along x 3.54 3.53 (-8.54%+14.10%)
4 Fy1 flexural mode along y 3.75 3.75 (-6.36%+5.77%)
5 T1 torsional 4.2 4.2 (-8.28%+7.34%)
6 Fx2 flexural mode along x 5.65 5.53 (-7.78%+8.02%)
7 LT1 bell tower’s torsional mode 5.91 6.46 (-7.75%+8.27%)

Table 5 Comparison between the experimentally identified frequencies during the AVT
and the continuous SHM.

3.2 FE/surrogate model calibration

In order to account for the results obtained by the AVTs on May 2021, the FE
model of the structure, as presented in [8, 16], has been adjusted by solving the
optimization problem introduced in Eq. (1) with u = 9 and Y = {k1, .., k9},
meaning that the model has been sub-divided in 9 regions, as is depicted in
Fig. 6: R1 comprises the Arengo floor and the underlying areas; R2 represents
the Nobili arched ceiling; R3 the rooftop and its annexes; R4 the loggia; R5 the
bell tower; R6 and R7 the potential cracking patterns that can be activated
by an earthquake evaluated as reported in [16] through non-linear static anal-
ysis (NLSA); R8 the vertical walls along the x direction; R9 the vertical walls
along the y direction. An isotropic material is assigned to each macro-element
of the FE model and the non-linear behavior of the material is reproduced
by using the well known concrete damage plasticity (CDP) model, introduced
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Fig. 5 Pictures of A1-A19 channels.

in [66]. The nominal values of the parameters associated to the FE model-
based macro-elements and kj values after calibration are reported in Table 7.
From the results it can be noted that k4 = 0.8 representing the poor connec-
tion between the loggia and the central body of the palace. The parameter
k5 = 1.4 reflects the actual structural condition of the bell tower character-
ized by recent metallic internal reinforcement installed during the repairing of
damages caused by past earthquakes. Parameters k6 and k7 equal to 0.6 agree
well with the crack pattern already existing in the palace (e.g. the crack ver-
tically oriented along the north wall) indicating that some of the damaging
mechanisms may be already activated. Finally, the lower value of k8 (vertical
walls along the x direction) with respect to k9 (R9 the vertical walls along
the y direction) is probably due to the marked torsional effects suffered by the
complex architectural composition of the Consoli Palace.
The results in terms of MAC, ∆f and global mode shapes between the FE

model and the reference values extracted from the AVT are illustrated in Fig.
7. From the figure it can be noted that MAC values are higher than 0.7 for the
first 5 modes and ∆f are smaller than 4 %. In order to make the procedure
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Fig. 6 Selected regions with reference to both FE model and real structure (in red): R1,
R2, R3, R4, R5, R6, R7, R8, R9.

computational-effective, a surrogate model is calibrated with a total number of
1000 samples (Ns) randomly simulated for the uncertain parameters collected
in vector X. The surrogate is proposed to reproduce the numerical relationship
between FE-based frequencies and mode shapes and uncertain parameters X.
The correspondence of the models is confirmed by the values of R2 and JMAC

evaluated from the FE model and the Kriging model and reported in Table 7.
Hence, the surrogate model is assumed as the reference model for the numer-
ical analyses.
The AVTs allow to well characterize the dynamic behavior of the building,

given the relatively large number of adopted sensors (19 channels). Fig. 8a)
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Region E [MPa] kj ν ρ [t/m3]
1 3510 1 0.34 1.9
2 3327 1 0.34 1.9
3 3327 1 0.34 1.9
4 3327 0.8 0.34 1.9
5 3450 1.4 0.34 1.9
6 3327 0.6 0.34 1.9
7 3327 0.6 0.34 1.9
8 3327 0.65 0.34 1.9
9 3327 1.22 0.34 1.9

Table 6 Nominal values of parameters associated to the FE model-based macro-elements
and kj values after calibration.

Fig. 7 Results of FE model calibration with respect to AVT: a) MAC; b) ∆f ; c) global
mode shapes: Fx1, Fy1 and T1.

Parameter f1 f2 f3 f4 f5
R2 0.999 0.989 0.989 0.995 0.994

JMAC 0.997 0.984 0.995 0.997 0.996

Table 7 Calibration of surrogate model: values of R2 and JMAC for frequencies f1, f2, f3,
f4, f5.

represents the relative difference ∆f between the surrogate nominal frequen-
cies and those evaluated by simulating a possible damage, i.e. considering
a reduction of the Young’s Modulus of each region of 20%, separately. For
instance, the ∆f values of region no. 1 are evaluated by considering k1 = 0.8
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Fig. 8 Frequencies’s percentage difference and MAC modification as a funcion of regions
R1-R9 corresponding to k = 0.8 (stiffness reduction of 20 %): a) ∆f ; b) MAC.

and k2, .., k9 = 1. The term ∆f is evaluated as follows:

∆f = −fsur − fnom

fsur
(11)

where the negative sign means that a positive value of ∆f entails a frequency
decay. As expected, the simulation of a damage occurrence induces a certain
value of frequency decay (positive ∆f) for each region. Fig. 8b) shows the
1-MAC values evaluated between the nominal mode shapes and those corre-
sponding to the simulated damage. More in depth, a graphical representation
of the frequencies and MAC which are mostly affected by the damage occur-
rence within the jth region is illustrated in Table 8, where the color black
stands for strongly dependent (∆f higher than 4% and 1-MAC higher than
0.2) and the color light gray for slightly dependent (∆f less than 1% and
1-MAC approximately 0). From the figure it can be depicted that a reduc-
tion of k5 (bell tower) strong influences the dynamic behavior of the building,
confirming that global modes has a local component.

Region Fx1 Ly1 Lx1 Fy1 T1
f1 MAC f2 MAC f3 MAC f4 MAC f5 MAC

1 �
2 � �
3 � �
4 �
5 � � � � � � � �
6 � �
7 �
8 � � � � � �
9 � � � � � � �

Table 8 Qualitative representation of frequency decay and MAC modification for each
region in the case of kj = 0.6.
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4 Results and discussion

For the validation of the proposed methodology, monitored data recorded
between April 22nd and May 29th of 2021 are analyzed (40 days). The damage
detection focuses on the possible consequences related to the seismic sequence
occurred on May 15th 2021, with epicenter in Gubbio and a strongest shock of
magnitude Mw 4.0 at 07:56 UTC. The other 5 slight shocks occurred between
May 15th and May 23rd registered a maximum value of Mw equal to 3.1. Fig.
9a) illustrates the ground acceleration ag over time of the principal ground
motion components recorded by the station ”Gubbio Parcheggio Santa Lucia”
(GBSL) and available online on the Italian Strong Motion Network (RAN) of
the Department of Civil Protection, which provides the data of a dense stations
network distributed over the Italian territory (the Italian Seismic Network -
RSN of the National Institute of Geophysics and Vulcanology - INGV). Fig.
9b) highlights the geographical location of the epicenter with respect to the
Consoli Palace and the station GBSL.
The ∆f evaluated comparing the surrogate model’s frequencies and those

Fig. 9 May 15th earthquake at 7:56 AM: a) ag over time of the principal ground motion
components; b) geographical location of the epicenter with respect to the Consoli Palace
and the station GBSL.

identified during the continuous monitoring are depicted in Figs. 10 a)-e) and
the corresponding MAC values are reported in Figs. 10 f)-l). From the figure
it can be noted that the earthquake occurrence barely affected MAC values,
while a positive increase of ∆f can be observed, meaning that a frequency
decay has occurred to varying degrees for the first five modes. More in detail,
the observed frequency decays (FD) are summarized in Table 9.
In order to facilitate the Bayesian-based updating, excluding from the analysis
the daily fluctuations, the first five natural frequencies during the investigated
40 days (April 22nd - May 29th) are used and illustrated in Fig. 11. Static mea-
surements recorded by sensors D1 and D2 are here used as a support to visual



Springer Nature 2021 LATEX template

24 A Bayesian-based inspection-monitoring data fusion approach

Fig. 10 Continuous monitoring vs surrogate model: a)-e) ∆fj ; f)-l) MAC.

Parameter f1 f2 f3 f4 f5

FD [%] 1.3 2.7 2.3 1.1 1.4

Table 9 Values of frequency decays FD observed after the May seismic sequence.

inspections for data fusion and the residuals of crack amplitudes, evaluated
using MLR, can be depicted in Fig. 12. From the figure it can be noted that the
mean value of D1 (located within the loggia, i.e., south façade) does not expe-
rience significant variations while the trend of D2 (installed in the north façade
in correspondence with the major existing crack) exhibits a more evident shift
with a closure of about 0.09 mm with no sign of recovering over time, highlight-
ing the appearance of a possible persistent damage in the palace. This result
confirms that the main incidence direction of the seismic sequence, i.e., East-
West (Fig. 9a), is compatible with an incipient overturning failure mechanism
of the western façade, already observed from the existing crack pattern. In this
context, a value of CI=0 is assigned to R4 (Loggia), and a value of CI=1 is
assigned to R6 and R8, compatible with possible movement in correspondence
of the crack pattern observed along the North façade (R6) and with the incip-
ient mechanism which affects this side of the palace with visible detachment
zones between the two orthogonal façades ( North-West). It is worth underly-
ing that, in absolute terms, the possible permanent damage experienced by the
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Fig. 11 Daily track of natural frequencies.

structure is not relevant in terms of structural integrity, due to the mild sever-
ity of the shock. Fig. 13 illustrates the posterior distributions associated to the
uncertain parameters k1, .., k9 in the undamaged time period (blue lines) and
after the May seismic sequence (red lines). With reference to the figure, the
mean value of undamaged kj fluctuates around 1, which indicates that slight
variations can daily occur in the frequency and MAC tracking and to the ini-
tial FE modeling errors. Then, after the occurrence of the main shock in May
2021, it can be noted that all the uncertain parameters kj experience a shift of
the mean value towards lower values with different severity. This result, con-
sistently with Table 8, highlights that a possible damage is frequency-related.
In particular, the results show a significant influence on Regions 3, 6, 7, 8 with
a bigger reduction kup

j , i.e., about 30% for R6 and about 20% for R3, R7 and
R8. The remaining regions exhibit smaller reductions, less than 10 %. Hence a
value of BI=1 is assigned to R1,R2,R3,R4,R6,R7 and R8, while the remaining
regions (R5 and R9) are scored with BI=0. The Bayesian-based results confirm
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Fig. 12 Residuals of crack amplitudes evaluated using MLR: a) D1; b) D2.

that the possible permanent mild damage, might be related to existing mech-
anisms already activated within the palace and related to the observed crack
pattern. Figs. 14 a)-b) illustrate the values of kup and P dam

j over the number

of updates. According to Eq. (7), the evaluation of P dam
j depends on the value

of the selected damage threshold kj associated with each region, whose values
are assumed as follows:

� kj = 0.4, j = 1, 2, 3, 4, 5, 8, 9, corresponding to a reduction of 40%,
� kj = 0.7, j = 6, 7 corresponding to a reduction of 70%, since regions R6 and

R7 simulate a possible open stage of the local cracks and, consequently, the
fully open stage could happen and would correspond to a 100% reduction
in Young’s modulus.

Hence, on the basis of the selected thresholds kj , the small value of the
damage probability associated with R6 and R7 confirms the occurrence of a
mild severity damage.
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Fig. 13 Bayesian-based posterior distributions: a) k1; b) k2; c) k3; d) k4; e) k5; f) k6; g)
k7; h) k8; i) k1.

In order to give a correct interpretation to the simulated results, which
can be affected by uncertainties because of ill-conditioning issues, measure-
ment noise, sampling process, sensors offset or miscalibration, an in-situ visual
inspection has been performed after the main shock. The results of the inspec-
tion survey are depicted in Fig. 15. More in detail, Fig. 15a) illustrates the crack
visible from the Arengo floor in correspondence of the North wall openings.
This damage pattern can be associated with the existing continuous vertical
crack that raises from the ground up to the roof on the North façade, as well
as several detachment zones between the West façade and internal walls and
vaults at the Campanari floor and rooftop. The following scores are assigned
to this damage: G=1 K1=0.2 and K2=0.2 and associated with R6 and R7.
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Fig. 14 Bayesian-based posterior statistics:a) kup; b) Damage probabilities Pdam.

Fig. 15b) illustrates some visible cracks originated above and under the open-
ing located within the Loggia’s south wall in correspondence of the Arengo
floor. The observed cracks are scored with G=1 K1=0.2 and K2=0.2 and are
associated with R4. Figs. 15c)-d) show the trend of a continuous crack which
propagates from Arengo floor (Fig. 15c) up to the Nobili floor (Fig. 15d) in
correspondence of the South façade, accessible from the Loggia. The two por-
tions of the South façade are both scored with G=1 K1=0.2 and K2=0.2 and
are associated with R8. The corresponding DI values, calculated according to
Eq. (9), are summarized in Table 10.

The results of the data fusion in terms of DI, CI, BI and 2oo3 voter are
summarized in Table 10, which confirms that a possible permanent mild sever-
ity damage concerns regions R4, R6, R7, R8 (2oo3 voter equal to 1), with a
consequent slight modification of the dynamic properties of the palace.

Parameter R1 R2 R3 R4 R5 R6 R7 R8 R9

DI 0 0 0 0.04 0 0.04 0.04 0.08 0
CI - - - 0 - 1 - 1 -
BI 1 1 1 1 0 1 1 1 0

2oo3 voter 0 0 0 1 0 1 1 1 0

Table 10 Data fusion: DI, CI, BI and 2oo3 voter.

Then, Figs. 16 a)-e) illustrate the updated values of the uncertain param-
eters kup

j after data fusion over the number of updates, while Figs. 16 f)-l)

show the trend of DF vs P dam for the regions characterized by 2oo3 voter =
0. The results of the sole Bayesian model updating are designated as w/o VI
and those referring to the data fusion are designated as VI.On the one hand,
from the w/o VI cases it can be confirmed that the May seismic sequence
induces ambiguous results (possible false alarms) in the structure with an
increased value of P dam and/or DF for all the selected regions. Then, the
data fusion allows to adjust the Bayesian model updating with a reduction of
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P dam and DF, as reported in Figs. 16 f)-l).

Fig. 15 Post-erthquake results of visual inspections: a) North wall from Arengo; b) Loggia’s
south wall (Arengo floor); c) South wall of the palace from Loggia (Arengo floor); c) South
wall of the palace from Loggia (Nobili floor);.

Furthermore, Figs. 17 a)-d) illustrate the time series of kup and P dam over
the number of updates for the regions charactherized by 2oo3 voter = 1, i.e.,
whose updated results are confirmed by visual inspections and static measure-
ments (if informative). Hence, the results confirm a possible permanent, but
very limited, damage in regions R4, R6, R7, R8, with values of P dam far from
the alarm state (red dot lines).
Finally, in Fig. 18 is depicted the damage map in the case of the sole Bayesian
model updating vs data fusion with the indication of the color’s map on the
basis of kup

j . The damage map confirms that a data fusion approach allows
to mitigate uncertainties and to overcome the ill-conditioned Bayesian model
updating in the damage assessment process, excluding those areas which have
no evidence of damage.

5 Conclusions

A Bayesian-based data fusion methodology has been presented with the aim
of detecting and locating post-earthquake structural damages in monumen-
tal structures by making use of both monitoring data and visual inspections,
also including FE and surrogate modeling. The main advantages and innova-
tions of the proposed methodology concern: (i) the combination of different
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Fig. 16 Time series of kup over the number of updates for the regions charactherized by
2oo3 voter = 0, with the indication of the k threshold and trend of DF vs Pdam with the
indication of P al: a)-f) R1; b)-g) R2; c)-h) R3; d)-i) R5; e)-l) R9.

Fig. 17 Time series of kup and Pdam over the number of updates for the regions
charactherized by 2oo3 voter = 1: a) R4; b) R6; c) R7; d) R8.

sources of information using Bayesian inference; (ii) the probability-based
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Fig. 18 Bayesia-based vs Data fusion-based damage map.

simulation to handle uncertainties; (iii) the use of simplified and computa-
tionally effective numerical models. The case study building is the Consoli
Palace (Umbria, Italy), an historical masterpiece equipped with a permanent
monitoring system since 2017, which was hit by low-intensity earthquakes
in 2021. In order to demonstrate the efficacy of the proposed procedure,
a computationally-effective FE model and a reduced-dimensional surrogate
model able to reproduce the dynamic behavior of the palace are built. Damage-
sensitive regions within the structure are identified by means of non-linear
static analyses and engineering judgment. Each region is defined as a one-
parameter dependent, the parameter being the multiplier kj of all elastic
constants assigned to the isotropic materials associated with the jth region.
Then, an on-line data fusion approach is proposed by linking the Bayesian
model updating, the static measurements and the results of visual inspec-
tions enabling to continuously identify a possible damage over the selected
regions. The data fusion results allow to explore the implications of all fac-
tors that shape and constrain decision making, to highlight the importance of
plan inspection surveys in monumental structures and to accurately evaluate
intervention options and establish priorities in a structured context (selected
damaged-prone regions), avoiding the possible detection of false alarms.
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