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Abstract This study investigates a novel technique to estimate new local vibration
parameters to monitor existing buildings in the structural health monitoring field. The
paper also gives a comprehensive discussion on their use for damage localization, as
well as how these parameters are related to the variations of structural eigen-properties,
with the aim of connecting local with global damage features. In order to estimate
these new local vibrational parameters, the authors propose the implementation of a
new modeling strategy based on peridynamics, which represents a novel continuum
theory. This is performed under operational conditions assumptions, i.e., without the
need to force the system with external inputs. The idea is to exploit the discrete for-
mulation of peridynamics to build low-fidelity structural models, useful for rapid and
scalable analyses. The focus of this study is to generate a network of points and bonds,
where each point represents the spatial position of a significant location within a struc-
ture. The goal is to construct a bond force network that structurally connects these
points, approximating the structural topology and connectivity of the system. Starting
from the spatial coordinates of these points, the authors apply the peridynamic theory to
determine the corresponding values of mass, stiffness, and damping parameters. This
allows to build a simplified yet physically meaningful model of the structure, suitable
for structural health monitoring. Within this framework, two parameters are obtained
to localize damage: Bond Extremity Acceleration (BEA) and Bond Extremity Velocity
(BEV). Both are derived from a micro-viscoelastic formulation of peridynamic bonds
and can be indirectly estimated from acceleration response data using established tech-
niques. The methodology is tested on a numerical reproduction of a three-story alu-
minum frame, modeled with 36 degrees of freedom and subjected to Gaussian noise.
The conclusions of the study suggest that low-fidelity peridynamic models can be a
useful basis for developing physical representations of structural networks, suitable
for monitoring existing buildings and infrastructures.

Keywords:  Structural Health Monitoring; Peridynamics; Damage Localization;
Framed Structures; Low Fidelity Structural Models

Introduction

Reliable information on the health state of real structures can only be obtained within man-
ageable computational times by balancing simulator accuracy and computational efficiency.
To achieve this trade-off, a joint use of low- and high-fidelity models is useful, as low-fidelity
approaches provide fast and scalable estimates while high-fidelity models deliver detailed
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and accurate predictions of complex structural responses. When Structural Health Moni-
toring (SHM) [|I] is applied to a large number of structures (e.g., at the urban scale), very
high-fidelity models often become impractical to provide information within feasible compu-
tational times. Peridynamics (PD) is a modern nonlocal continuum theory introduced in the
early 2000s by Stewart Silling [2], further developed by Silling et al. [3], and it has recently
attracted increasing attention in computational mechanics. In the literature, PD applications
span several research fields [4], including particle systems, biology, and multiscale modeling.
Although PD has been widely investigated for damage and fracture simulation, its adoption
as a modeling paradigm within SHM is still relatively modest. In particular, the estimation
and identification of PD model parameters for damage detection, aimed at SHM applications
in the built environment, remains largely unaddressed. In this context, it is worth noting that,
while PD-based SHM contributions are limited, system identification techniques following
classical continuum mechanics are well established and widely used in practice [5]. System
identification is particularly valuable for damage definition [6], where damage is commonly
defined as a change in the system that negatively affects its current or future performance [7].
Accordingly, SHM seeks to define damage indices (either physically interpretable or purely
data-driven) that are applicable to both linear and nonlinear systems. Within this perspec-
tive, equations of motion derived from a specific peridynamic formulation, namely Bond-
Based Peridynamics (BBPD) [2], provide a basis for introducing monitoring statistics with a
direct physical interpretation. In PD, the governing integral equations relate the internal ma-
terial state (e.g., internal force field) to measurable structural responses (e.g., displacements).
Building on this concept, two PD-based SHM features were proposed in [8]: the Bond Ex-
tremity Acceleration (BEA) and the Bond Extremity Velocity (BEV). When PD is used for
SHM of existing structures, the discretization is often constrained by sensor placement and
practical experimental requirements. From a monitoring standpoint, BEA can be interpreted
as a “virtual” acceleration associated with the bond restoring action and is therefore expected
to decrease as damage reduces bond stiffness. BEV is defined analogously and is proportional
to BEA through a bond-level damping parameter.

The paper proposes a peridynamic modeling strategy to support scalable SHM analy-
ses. In particular, a BBPD formulation is used to define local monitoring features at the bond
level, focusing on the BEA due to its higher reliability to model-structure discrepancies [8].
The main contributions of this work are stated: (i) the construction of a low-fidelity peridy-
namic network model of a three-story framed structure; (i1) the computation of bond-level
features, namely BEA, under a systematic set of bond damage scenarios and severity levels;
(ii1) the development and validation of two fully connected neural classifiers for damage lo-
calization (Net 1) and joint localization and severity assessment (Net 2), including validation
analyses under increasing feature noise; and (iv) a numerical testing phase in which BEA is es-
timated from acceleration responses and then the networks are tested on Stochastic Subspace
Identification (SSI) identified features. The remainder of the paper is organized as follows.
Section 1 introduces the BBPD formulation and the proposed identification procedure. Sec-
tion 2 reports the numerical case study and discusses the results for damage localization and
severity assessment. Finally, Section 3 summarizes the main conclusions.

1. Methods

1.1 Bond-based Peridynamics
The PD theory relies on the force-interactions of points, called bonds. The bond-based PD

theory (BBPD) [2] is a special case of PD where force density vectors are equal in magnitude
and parallel to the corresponding position vector in the deformed state, resulting in pairwise
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interactions of material points. Modeling can be pursued according to the PD theory by sub-
dividing the matter into infinitesimal portions, described by their mass and volume. Every
point k is then able to interact with a limited number of neighbors inside a region. The family
of k is defined as the collection of all the points inside the region. The extent of the latter is
characterized by the horizon, which represents the maximum distance over which point & can
interact with other points in the body. This parameter represents the locality of the behavior of
the system and it can be constant or variable along the space or, in some cases, can be defined
based on calibration procedures [9]. Choosing a small horizon results in a more local behav-
ior. In particular, the classical theory of elasticity can be seen as a limiting case of BBPD for
which the horizon approaches zero [[10]. Starting from the nonlinear micro-viscoelastic bond
formulation [2], and after expressing the bond stretch and its rate in terms of the relative dis-
placement field, the linearized micro-linear viscoelastic BBPD equation of motion [[11] can
be stated as

Mii(t) + Cu(t) + Ku(t) = 2(t) (1)
- - . -
M, O; --- chj —Cy; ZKkj —Kj;
M=|0, . | . C=|Jz K= |7 @)
C —Cyy e Ky
M, = myls,

Ci; = v Ky,
Kij = cij ViV Bi;

= _ Skl .
T (3)
iy 1€l < P,
Cpj =

Erj = Xj — Xx.

In Egs. () and (), the position of point k is stated in the vector X, = (x4 x, Tky, Tk, Z)T (and
analogously for point j). The vector §,; = x; — x;, describes the bond connecting the two
points, whose interaction is restricted to the horizon h. The terms V}, and V; correspond to
the nodal volumes associated with points & and j. The parameter c¢;; > 0 is the bond (linear
elastic) constant, whereas v,; > 0 is a bond damping constant. Moreover, my, is the mass
lumped at point k, I3 is the 3 x 3 identity matrix and O3 indicates the 3 x 3 zero matrix.

1.2 Parameters identification

At this point, two different parameters can be derived and used as features for structural health
monitoring; the Bond Extremity Acceleration (BEA) w;c ;» and the Bond Extremity Velocity

(BEV) wy;, of the bond k;j and the extremity k.

/ cri ViVi
Wi = ﬁ )
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It is important to state that in Eqs. (4) and (B), in the general case, wk £ W ;i and wk ;7 w’ i k as
my, # m;. These parameters are useful because they can be easily 1dent1ﬁed experimentally
without the need for input sources (i.e. operational conditions). Once the acquired accelera-
tion response () is obtained, it is therefore possible to get an estimate of the system matrix
A in the state space formulation, limited to the measured DoFs. This can be estimated, for
instance, using Stochastic Subspace Identification (SSI) algorithms [12]. By performing the
eigenanalysis of A, after some manipulations, it is possible to obtain the real eigenvalue ma-
trix A of the reduced system (squared natural circular frequencies), the real eigenvectors
and the damping ratios Z. In detail, both A and Z are diagonal matrices containing the sorted
eigenvalues and the damping ratios, respectively, while ® includes the associated eigenvec-
tors in each column of the matrix.

~ (0] I
AT Mk e ©

Since the reliability of the BEV parameter strongly depends on model—structure discrepancies,
this makes it less suitable for a confident use in SHM applications [8]. Focusing, instead, in
the determination of the BEA matrix, and writing the undamped case, the modal equilibrium
equation of the reduced system reads

K® = M®A. (7)
By left-multiplying both sides by M~!, it is possible to obtain
M 'K® = ®A. (8)

So, the quantity MK required to compute the BEA can be identified directly from the es-
timated modal parameters, ® and A, by minimizing the Frobenius norm of the residual from
the eigen equation:

)

It is important to note that the eigenvalue problem is implicitly affected by a scale indeter-
minacy, since a simultaneous scaling of M and K keeps the modal solution constant and
insensitive to this change. In order to remove this issue, the lumped mass associated with
the first DoF was fixed to a known reference value (m; = 0.59 kg), while the remaining pa-
rameters were estimated through nonlinear least-squares minimization of the modal residual.
Once MK is obtained, the BEA matrix W’ can be computed by performing an element-wise
operation with the geometric micro-modulus matrix A (Hadamard operator o):

min HM_
M-1K

W = _—M—lk]oAO*l, (10)
[ I E;
A-lzy o (1)
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2. Results and discussion

2.1 Peridynamic Network

The proposed methodology has been validated with a numerical model of the three-story alu-
minum frame (Fig. [ld) located at the Earthquake Engineering and Dynamics (EED) Labora-
tory; further details are reported in [|13, [14]]. The frame has a total height of 0.9 m and a square
plan with side length L. = 0.4 m. The peridynamic network was modeled by considering the
frame joints as points (Fig. [LH). The horizon was set equal to & = /2L, corresponding to
the in-plane diagonal distance between opposite points. Based on this discretization, the point
masses and associated volumes were defined, and a nominal value of the bond elastic constant
ck; was assigned according to the equation:

o = X (12)
where y = 6.25 is a corrective factor in order to ensure consistency with the physical proper-
ties of the frame and Fj; = 6.9 x 10'° Pa is the Young’s modulus. Stochastic variability was
introduced through Gaussian noise to account for material dispersion and parameter uncer-
tainties. After assembling the global matrices, the DoFs associated with the fixed-base nodes
(i.e., the first four column nodes) were constrained, leading to the reduced system matrices M,
C, and K consistent with the imposed boundary conditions and the remaining free DoFs. An
eigenvalue analysis was then performed to extract the first two natural frequencies (f1, f2),
adopting a mode-tracking procedure to associate the correct mode. Subsequently, damage
scenarios were applied. For each bond, a progressive reduction of the nominal bond elastic
constant c;; was imposed in 10% increments, up to a maximum reduction of 90%, in order to
simulate increasing damage severity levels. For each value of c;;, 9000 samples were gener-
ated to obtain statistical distributions of the BEA parameters (and natural frequencies under
both undamaged and damaged conditions, having 1000 samples for each severity level). For
each configuration, BEA values (w;€ ;) and natural frequencies were extracted accordingly. A
total of 54 distinct bonds were damaged, resulting in 486 damage cases.

Peridynamic Network
15
.

(b)
Fig. 1. (a) Reference three-story aluminum frame benchmark; (b) corresponding peridynamic network.

2.2 Model development and validation for damage localization and severity assessment

A dataset including the first two natural frequencies (f1, f2) and the BEA parameters (w),, i)
for both undamaged and damaged configurations of each bond, was used to train and validate
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two different classifiers: (i) a damage localization model, hereinafter referred to as Net 1 (i.e.,
identification of the damaged bond), and (ii) a damage localization and severity assessment
model, denoted as Net 2 (i.e., identification of both the damaged bond and its severity level).
Both classifiers consist of fully connected neural networks using LeakyReLU activation func-
tions and dropout regularization, and were trained using the Adam optimizer. The validation
metrics for Net 1 and Net 2 are reported in Table [l].

2.2.1 Corrupted dataset

The robustness of the networks was assessed by introducing noisy input data. For each bond
reduction, corresponding to a given damage severity class, the standard deviation of the fea-
tures was computed. The noise level was then scaled consistently with the statistical disper-
sion of the data, by applying a predefined error grid to both the natural frequencies and the
BEA parameters (Fig. ). Accordingly, for each noise level, a perturbed dataset was gener-
ated by corrupting the original features with Gaussian noise. The resulting performance of
the networks under increasing noise levels is reported in Fig. Bd and Fig. Bb.

BOND: 1 and 6
15
L

L ]
.13“ > x10¢ "N .
- e oo o

® dam.n® =1
® dam.n®=2

BEA

295
0 " - : f>[Hz]
y[m] ! x[m] /ilHz] )
Fig. 2. Comparison of noise-corrupted BEA and natural frequencies across damage severity levels for a
representative damaged bond.
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Fig. 3. Classifier performance under increasing feature noise: (a) global accuracy for Net 1 and Net 2; (b)
recall of the undamaged class (Class 0) for Net 1 and Net 2.

2.2.2 System identification results

To test the classifiers, the dynamic response under ambient excitation was simulated and sys-
tem identification was performed using SSI [[12] on 5 independent acquisitions per structural
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condition, consisting of 210 minutes simulated signals corrupted with 5% Gaussian noise.
From the identified state-space models, the natural frequencies and the BEA parameters were
estimated. To ensure the identification of all relevant modes of the system, the sampling fre-
quency was set to 350 Hz. Fig. { reports the bond absolute identification error in the undam-
aged configuration, defined as the absolute difference between the target and the identified
BEA values, normalized with respect to the target value, for each bond. The BEA parameters
were estimated according to Eq. [[0. The performance obtained by testing the networks on
the identified data is summarized in Table [l|, while the confusion matrix for Net 1 is reported
in Fig. B. It is worth noting that data associated with labels 2—13 are not included, since the
BEA parameters corresponding to the degrees of freedom constrained at the fixed supports
cannot be identified due to the reduced system matrices M and K.

= 15 | —|
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Fig. 4. Identification performance at 5% noise. (a) Bond absolute error; (b) PDF of the identification error.
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Fig. 5. Confusion matrix of Net 1 tested on SSI-identified features. Class 0 represents the undamaged
condition, whereas the remaining classes correspond to damaged-bond cases (labels associated with
constrained DoF's are excluded).

Table 1. Performance metrics for Net 1 and Net 2.

Net Phase Accuracy | Macro F1 Ecacllllll?aggy Precision C1.0 | Recall C1.0
1 Validation 100.00% 100.00% 100.00% 100.00% 100.00%
1 Test SSI 98.50% 98.61% 98.57% 100.00% 95.56%
2 Validation | 98.63% 98.41% 98.60% 100.00% 100.00%
2 Test SSI 78.45% 74.89% 78.04% 100.00% 95.56%
This work is licensed under CCBY 4.0 7 Media and Publishing Partner
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3. Conclusions

This paper proposes a bond-based PD framework to estimate novel vibration-based parame-
ters for structural health monitoring. Using the discrete PD formulation, a low-fidelity struc-
tural model of a three-story aluminum frame was developed. A bond force network was then
constructed to emulate the structural connectivity and provide a meaningful representation of
the system. Within this framework, the Bond Extremity Acceleration (BEA) parameter was
computed under multiple damage scenarios and used to develop two classifiers: (i) a damage-
localization model to identify the damaged bond (Net 1), and (ii) a model to estimate both the
damaged bond and its severity level (Net 2). In detail:

» A total of 54 bond damage cases were considered over 9 severity levels, resulting in 486
damaged configurations (in addition to the undamaged case). Two different classifiers
were then trained and validated (Net 1 and Net 2).

» The classifiers were tested under increasing Gaussian noise on the input features; BEA
remained stable with noise amplification, providing high global accuracy.

* BEA was indirectly estimated from acceleration responses via SSI under operational con-
ditions. Testing was then performed on the identified features, reaching a global accuracy
0f 98.50% for Net 1 and 78.45% for Net 2.

The results indicate that BEA is a scalable and physically interpretable parameter for damage

monitoring in structural networks. While the numerical findings are promising, experimental

validation is required to confirm the reliability of the approach under real operating conditions.
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