
1 INTRODUCTION  

The vulnerability of aging infrastructure to unfavora-
ble actions, which recently has been exacerbated as a 
result of climate change, has emphasized the neces-
sity of predictive structural maintenance (Willbanks 
& Fernandez 2014). Traditional structural mainte-
nance techniques, such as periodic visual inspections, 
have fallen short of ensuring structural safety, mainly 
due to the inherent discontinuities in on-site visits and 
the lack of experienced personnel (Agdas et al. 2015). 
Over the last four decades, structural health monitor-
ing (SHM) has been introduced to fill the gaps of tra-
ditional structural maintenance techniques (Farrar & 
Worden 2010). The availability of quasi-continuous 
structural response data collected by SHM systems 
has enabled structural maintenance stakeholders to 
obtain valuable information on structural conditions 
and to schedule on-site visits efficiently. 

The culture of devising SHM strategies for as-
sessing the structural condition of critical infrastruc-
ture has been well-established, as evidenced by the 
numerous structures equipped with long-term SHM 
systems, nowadays (Nagarajaiah & Erazo 2016). 

However, installing SHM systems is usually costly, 
placing the question of basing predictive structural 
maintenance on SHM under the perspective of a cost-
benefit analysis (Capellari et al. 2018). As a result, 
SHM systems installations are usually restricted to 
critical infrastructure of high importance to public 
safety. In an attempt to overcome cost limitations, 
SHM practice has turned to wireless technologies, 
motivated by the rapid advances in informatics (Law 
et al. 2014). Wireless SHM systems consist of auton-
omous wireless sensor nodes that leverage digital-
output, micro electro mechanical system (MEMS) 
sensors. The elimination of cables and the use of 
MEMS sensors, which are significantly less expen-
sive than piezoelectric sensors that are typically used 
in traditional cable-based SHM systems, results in 
considerable cost reduction. 

Nevertheless, wireless sensor nodes have inherent 
limitations, mainly regarding the limited power au-
tonomy and the unreliability of wireless communica-
tion. Moreover, as has been observed in recent re-
search, wireless communication is the most power-
consuming task in wireless SHM (Lynch, 2007). The 
aforementioned limitations have motivated research 
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on delegating SHM tasks to the microprocessors of 
wireless sensor nodes, using embedded computing. 
Specifically, embedded models have been devised, 
facilitating on-board data analysis, aiming to avoid 
the wireless transmission of structural response data 
(Dragos & Smarsly 2015). State-of-the-art embedded 
models for wireless SHM are predominantly data-
driven, which do not account for the physical princi-
ples governing the structural behavior. Embedded 
data-driven models have proven capable of yielding 
information on the overall structural condition (Zim-
merman et al. 2008). However, condition assessment 
of civil engineering structures of increasing complex-
ity may not be covered by embedded data-driven 
models, thus calling for a paradigm shift in wireless 
SHM. 

This paper presents an embedded physics-based 
modeling (PBM) concept for wireless SHM. Follow-
ing emerging trends in modeling physical processes, 
which foster the adoption of digital twins, the embed-
ded PBM concept leverages the descriptive as well as 
the predictive capabilities of physics-based models to 
enhance the performance of smart wireless sensor 
nodes. The main motivation behind the proposed con-
cept is to make the best use of the structural response 
data collected by the sensor nodes. To this end, the 
structural response data is directly associated with 
structural properties, in an attempt to extract detailed 
information on the condition of specific locations of 
the monitored structure. In this respect, recent re-
search efforts from the field of computer science on 
physics-informed machine learning will be used as a 
basis (Karniadakis et al. 2021). The embedded PBM 
concept is presented, followed by a brief discussion 
on future work for implementing the proposed con-
cept into wireless SHM systems. The remainder of the 
paper starts with an overview of the embedded PBM 
concept, followed by the discussion on implementing 
the proposed concept. Finally, the main conclusions 
are summarized and future research directions are dis-
cussed. 

2 EMBEDDED PHYSICS-BASED MODELS FOR 
WIRELESS SHM 

The embedded physics-based modeling concept fol-
lows similar logic as the state-of-the-art embedded 
data-driven approaches. In particular, the physical do-
main of a structure being monitored is analyzed in N 
segments (“substructures”), as shown in Figure 1. In 
the jth substructure, structural response data from L 
specific locations Sj = [Sj1, Sj2,…,SjL] are associated 
with rj structural properties θj = [θj1, θj2,…,θjr] of the 
substructure, such as stiffness kj and mass mj. 

In structural analysis, directly deriving parameters 
θj of substructure j would entail devising an inverse 
solution of equilibrium equations. In structural dy-

namics, which frequently serves as the basis for vi-
bration-based SHM, equilibrium equations usually 
take the form of equations of oscillatory motion: 

a a a a a a a a a a
i i i i

    M u C u K u F  . (1) 

 
 
Figure 1: Overview of the physics-based modeling concept. 

 
In Equation 1, M, C, K are the mass matrix, damp-

ing matrix, and stiffness matrix, respectively. The ex-
ternal force vector is depicted with F, while ü, u̇, and 
u represent the acceleration vector, the velocity vector, 
and the displacement vector, respectively. Drawing 
from common practice in structural analysis, Equation 
1 is presented considering the structure spatially dis-
cretized into a degrees of freedom, and time is discre-
tized into n intervals (i  = 1…n). 

While Equation 1 provides a solid basis for de-
scribing the structural behavior, its direct application 
in SHM may be impractical for the following reasons: 

 
 In structural analysis, it is common practice to ana-

lyze the structural behavior in detail, which entails 
fine discretization of structures in meshes with sev-
eral degrees of freedom. By contrast, in SHM prac-
tice, the distribution of measurement locations is 
usually significantly sparser than the discretization 
adopted in structural analysis. Therefore, the in-
verse solution of Equation 1 using SHM-derived 
structural response data for any structural property 
(e.g. M, K) is usually ill-posed, thus rendering the 
implementation of the inverse solution impractical 
for the embedded physics-based modeling concept 
discussed herein. 

 The matrix formulation of Equation 1 results in n 
coupled equations, due to the off-diagonal ele-
ments in matrices K and C (assuming lumped 
masses). Consequently, the inverse solution would 
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theoretically require the exchange of structural re-
sponse data vectors (e.g. ü, u̇, or u) between wire-
less sensor nodes, which would defeat the very 
purpose of the embedded PBM concept (i.e. to re-
duce wireless communication). 

 Information on external forces in SHM is usually 
scarce, since state-of-the-art SHM strategies usu-
ally rely on output-only data analysis. Due to the 
unavailability of this information, the inverse so-
lution could only be derived approximately and/or 
stochastically, which would introduce uncertainty. 
 
From the previous discussion, the need for devis-

ing a method that deviates from classical structural 
analysis for associating structural response data to 
structural properties is highlighted. Drawing from re-
cent research on incorporating physical principles 
into machine learning (ML), referred to as “physics-
informed neural networks” (Raissi et al. 2019), the 
embedded PBM concept builds upon a ML model 
which “learns” relationships between structural re-
sponse data and structural properties of interest for 
each substructure. In particular, a ML model is 
trained for substructure j, relating structural response 
data collected from the locations Sj to structural prop-
erties θj.  

As flowcharted in Figure 2, the proposed embed-
ded PBM concept starts with an initial model created 
on a centralized server, which is based on assump-
tions regarding the structural properties of the struc-
ture being monitored. Upon verifying the initial 
model, preliminary structural response data is col-
lected from all wireless sensor nodes installed on the 
structure, and the model is updated in accordance 
with the data. Next, the structure is divided into sub-
structures, with each substructure containing at least 
one measurement location. Then, the structural prop-
erties of interest θ are selected for each substructure 
and sent to the wireless sensor nodes, which are in-
stalled at the measurement locations. Finally, the 
wireless sensor nodes collect structural response data 
locally and use the data to train an artificial neural 
network (ANN) for relating the data to the structural 
properties of interest. Upon finishing training, each 
wireless sensor node is capable of autonomously lev-
eraging structural response data locally collected for 
extracting detailed information on the structural con-
dition of the substructure on which the sensor node is 
installed. 

The ML model used to relate structural response 
data with structural properties of interest could be re-
alized using different types of deep learning neural 
networks, simply by modifying the deep-learning task 
(e.g. regression or classification). For example, a 
feedforward ANN may be employed, as illustrated in 
Figure 3, that uses acceleration response data (u1…un) 
as input for estimating functions g1 through gr, which 
describe the structural behavior using physics-based 
parameters θ1 through θr as dependent variables 

 

 
Figure 2: Flowchart of the training process within the proposed 
embedded PBM approach. 

 

 
Figure 3: Overview of ANN used to realize the ML model. 

3 FUTURE WORK 

Following up on the embedded PBM concept pre-
sented in the previous section, the procedure for im-
plementing the concept in wireless SHM, which will 
be part of future work, is illuminated in this section. 
In particular, the architecture of a prototype wireless 
SHM system used for implementing the proposed 
concept is briefly described. 
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For the sake of simplicity, the experimental setup 
considered for the future work comprises a simple 
four-story shear-frame structure, as shown in Figure 
4, which enables performing easy-to-comprehend 
proof-of-concept validation tests in the laboratory. 
The relatively simple structural dynamic behavior of 
the shear-frame structure can be adequately described 
by measuring structural response data at the level of 
each story. As a result, the wireless SHM system in-
stalled on the structure shown in Figure 4 consists of 
one wireless sensor node placed at each story. The 
wireless sensor nodes communicate via a gateway 
node, denoted as “base station”, with a computer, op-
erating as a server. 

 

 
 
Figure 4: Experimental setup for the laboratory validation tests. 

 
According to the flowchart shown in Figure 2, the 

first step of the embedded PBM approach is to create 
a physics-based model of the structure and update the 
model using preliminary structural response data. The 
model is created on the server, and involves a degree 
of abstraction deemed necessary for the user to de-
scribe the behavior of the structure in an adequate, yet 
efficient, manner. For example, for describing the re-
sponse of the shear-frame structure in one excitation 
direction, a simple oscillator “stick” model with 
purely translational degrees of freedom x1…x4, con-
sisting of 4 lumped masses (m1…m4) connected with 
4 beams of stiffnesses k1…k4, as shown in Figure 5, 
would suffice. Model updating is performed by fine-
tuning structural properties so that the eigenfrequen-
cies of the model match the frequency content of pre-
liminary structural response data.  

 

 
 
Figure 5: Oscillator model of the shear-frame structure. 

 
The next step involves defining the substructures 

and sending the structural properties of interest to the 
respective wireless sensor nodes. For defining the 
substructures, the geometry of the structure needs to 
be taken into account, and the interfaces between the 
substructures need to be clear. In the example of the 
shear-frame structure, substructuring is performed 
uniformly by defining each floor as a substructure, for 
which the respective wireless sensor node placed at 
the center of the floor, is responsible. Finally, the 
structural properties of interest are sent to the wireless 
sensor nodes, along with functions parametrized with 
the structural properties of interest, the values of 
which are used as target output. Once the structural 
properties of interest and the functions are received, 
the wireless sensor nodes use structural response data 
as input and function values as output to train the ML 
model. A schematic description of the embedded 
physics-based concept applied to the shear-frame 
structure is depicted in Figure 6. 

 

 
 
Figure 6: Schematic description of the embedded physics-based 
concept applied to the shear-frame structure. 
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4 SUMMARY AND CONCLUSIONS 

In structural health monitoring practice, structural re-
sponse data is usually collected on a centralized 
server and analyzed offline in an attempt to extract 
information on structural conditions. However, in 
wireless SHM, which is expected to dominate SHM 
practice in the future, centralized data collection may 
be inefficient due to the high power consumption and 
limited reliability of wireless communication. More-
over, since wireless SHM systems are inherently dis-
tributed, the on-board processing capabilities of wire-
less sensor nodes can advantageously be leveraged 
for decentralizing data analysis tasks, eventually in-
creasing the robustness of data analysis strategies. In 
this context, on-board data analysis approaches have 
largely centered around data-driven modeling, which 
relies on embedded models for describing structural 
conditions without accounting for the underlying 
physical principles. 

This paper has presented a concept to extend 
standard practice on embedded modeling, using em-
bedded physics-based models for wireless SHM. The 
proposed concept aims to enrich the limited infor-
mation on structural conditions yielded by embedded 
data-driven models. More specifically, the embedded 
PBM concept builds upon enabling wireless sensors 
nodes to use structural response data collected on 
board to obtain estimates of structural properties of 
interest. To ensure the distributed nature of the em-
bedded PBM concept, the embedded PBM concept 
foresees the segmentation of the structure being mon-
itored into substructures, with at least one wireless 
sensor node installed on each substructure, being 
tasked to associate its structural response data with 
the respective structural properties of interest. The 
embedded PBM approach has been presented in the 
form of work-in-progress, and future work pertaining 
to the implementation of the proposed concept into 
wireless SHM has been discussed. In addition to im-
plementing the proposed concept, future research will 
focus on the efficacy of the concept in full-scale field 
tests with embedded physics-based models of high 
complexity. 
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