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Abstract. Due to the significant risk posed to public safety by infrastructure 

ageing and deterioration, infrastructure health monitoring has been drawing 

increasing research interest in recent years. In the field of infrastructure health 

monitoring, wireless sensor networks have become particularly popular, because 

of their cost efficiency, flexibility, and reduced installation time as compared to 

conventional wired systems. Using embedded computing, it is possible to process 

the collected data directly on the wireless sensor nodes, thus reducing the wireless 

communication and the power consumption. In this paper, a methodology to fully 

decentralize the condition assessment process is presented. The paper showcases 

the development of embedded algorithms and numerical models to be embedded 

into the wireless sensor nodes, i.e. the monitored structure is divided into 

substructures where each sensor node is responsible for monitoring one 

substructure. The proposed methodology is validated through simulations on a 

numerical model of a four-story shear frame structure. The objective of the 

simulations is to test the performance of the algorithms and the quality of the 

numerical models embedded into the wireless sensor nodes with respect to 

decentralized condition assessment, taking into consideration the effects of 

external factors, such as ambient noise, that usually interfere with measured data. 

10.1 Introduction 

The risk to public safety associated with the deteriorating condition of civil 

infrastructure has fueled research on condition assessment of structures and has 

led to the development of the field of structural health monitoring (SHM). In 

conventional SHM systems, wired sensors are deployed for collecting data to be 

used for the condition assessment of structures. However, the installation of wired 

SHM systems has been proven labor-intensive and costly due to the need for 

expensive coaxial cables, particularly in large structures. It has been reported that 

the cost for the installation of a wired SHM system could reach the amount of 

$5,000 per sensing channel (Celebi, 2002). As a consequence, the civil 

engineering community has been pursuing more efficient alternatives, such as 

wireless sensing technologies. 
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The use of wireless sensor networks (WSNs) for SHM has been gaining increasing 

attention in recent years. Wireless communication among the sensor nodes 

eliminates the need for cable connections, thus notably reducing the cost and time 

needed for installation. Furthermore, utilizing the advantage of collocated sensing 

modules with processing units on-board the wireless sensor nodes, data processing 

prior to the wireless transmission is possible. On-board processing of the collected 

data leads to a reduced amount of data to be wirelessly communicated, entailing a 

significant reduction in power consumption, which is still a major constraint in 

WSNs. Other drawbacks of WSNs are related to the reliability of wireless 

transmission and to the synchronization of data, which can be solved by 

implementing adequate embedded computing capabilities. 

The embedded computing capabilities of wireless sensor nodes have already been 

utilized from the early stages of WSN applications in SHM. For example, Lynch 

et al. (2004) proposed the use of an autoregressive model with exogenous inputs 

(AR-ARX) for damage detection. Using the same sensor node prototype as Lynch 

et al., Wang et al. (2007) introduced multi-threaded embedded software for the 

execution of simultaneous tasks on the sensor nodes. In the field of system 

identification, Zimmerman et al. (2008) proposed embedded algorithms for the 

execution of output-only system identification methods, while Cho et al. (2008) 

presented the wireless tension force estimation system for cable forces in cable-

stayed bridges. A simulated annealing algorithm for model updating was 

presented by Zimmerman and Lynch (2007). Furthermore, Lei et al. (2010) 

demonstrated a significant reduction in power consumption as a result of the 

incorporation of data processing algorithms into the sensor nodes. In structural 

control applications, the use of a linear quadratic regulation algorithm was 

proposed by Wang et al. (2006) and Kane et al. (2014). Finally, in distributed 

networking approaches, Rice et al. (2010) presented the “Illinois structural health 

monitoring project” tool suite, which offers a variety of services related to data 

collection, data processing, and communication reliability. The use of neural 

networks for autonomous fault detection, making use of the inherent redundancy 

in sensor outputs, was proposed by Smarsly and Law (2014). The same group 

presented a migration-based approach, where powerful software agents are 

automatically assembled in real time to migrate to the sensor nodes in order to 

analyze potential anomalies on demand in a resource efficient manner. 

In summary, the aforementioned embedded computing approaches cover a broad 

range of SHM tasks; however, for a fully decentralized SHM system, the 

intelligence of the wireless sensor network and the ability of smart sensor nodes to 

autonomously perform SHM tasks needs to be enhanced. In this paper, a 

methodology for decentralized condition assessment of civil infrastructure is 

presented. Exploiting the processing power of wireless sensor nodes, the 

embedment of a decentralized numerical model comprising coupled “partial” 

numerical models, i.e. sub-models of the overall model, is proposed in order to 

enhance the ability of the sensor nodes to perceive the physical characteristics of 

the monitored structure. The proposed methodology consists of two stages. 
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Similar to conventional SHM approaches, the first stage is the system 

identification performed to establish the current state of the structure in the form 

of a numerical model that serves as reference (“model updating”). The second 

stage is the assessment of the structural condition by analyzing whether the newly 

collected acceleration response data fits the structural parameters of the model 

obtained in the first stage (“condition assessment”). 

In the first part of the paper, the theoretical background of the proposed 

methodology and the techniques used for system identification are presented. The 

merits of using embedded models are explained and the steps of the methodology 

are outlined. The second part of the paper covers the implementation and 

validation of the proposed methodology. The architecture of the wireless sensor 

network developed in this study is described and the embedded software is 

presented. The methodology is validated through simulations on a four-story shear 

frame structure. Finally, the test results are discussed and an outlook on potential 

future extensions is given.  

10.2 A methodology enabling decentralized condition 

assessment of civil infrastructure 

The methodology for decentralized condition assessment of civil infrastructure 

comprises two stages. In the first “model updating” stage, the wireless sensor 

network establishes an “initial” decentralized numerical model of the monitored 

structure representing the initial structural state in terms of stiffness and damping 

parameters. In the second stage, the “condition assessment” stage, the network 

collects acceleration response data from an unknown structural state. The wireless 

sensor nodes of the network check whether the parameters of the initial model fit 

the newly collected data. Potential deviations exceeding a predefined threshold 

could indicate damage. A detailed description of both stages is given in the 

following subsections.  

10.2.1 Model updating 

The objective of the model updating stage is to derive a numerical model, 

distributed to different sensor nodes, that represents the initial state of the 

monitored structure. The parameters of the initial model are automatically 

calculated by the sensor nodes by employing an embedded system identification 

method. In the following subsections, system identification methods are briefly 

discussed, the proposed method is presented, and the steps of the model updating 

stage are described. 
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System identification 

System identification methods have been extensively used in SHM. Among these 

methods, vibration-based methods, which make use of acceleration response data, 

are particularly popular in civil engineering. Conventional vibration-based 

methods are applied through force vibration testing (FVT), where structures are 

artificially excited and both the input and the output of the test are known. 

Alternatively, ambient vibration testing (AVT) methods are based on natural 

(ambient) excitation with unknown input, by employing output-only methods and 

assuming that the input is zero-mean Gaussian white noise. Given the difficulties 

in exciting large civil engineering structures, there is a tendency towards a 

prevalence of AVT methods over FVT methods (Cunha et al., 2005). 

For extracting structural properties, data processing in system identification is 

performed either in the frequency domain or in the time domain. The most 

common method used in the frequency domain is the “frequency domain 

decomposition” (FDD) proposed by Brincker et al. (2000). The FDD method 

obtains estimates of the mode shape vectors through singular value decomposition 

of the spectral density matrix of the output, which is easily calculated in case of 

zero-mean Gaussian white noise excitation. An example of time domain methods 

is stochastic subspace identification (SSI), which deals with the extraction of 

mode shapes by fitting a “system matrix” directly to the response data (Peeters 

and De Roeck, 1999). There are several other methods to perform system 

identification both in the frequency domain and in the time domain, but further 

description of those methods falls beyond the scope of this chapter. 

 

A methodology for system identification 

The model updating stage of the condition assessment methodology is associated 

with the establishment of the initial numerical model. In order to achieve the 

highest possible degree of decentralization in the condition assessment process 

autonomously conducted by wireless sensor nodes, the monitored structure is 

divided into substructures. Each wireless sensor node is responsible for assessing 

the condition of a substructure. It should be noted that in this study the condition 

assessment process is decentralized; hence each sensor node must be able to 

perceive the behavior of the substructure it is responsible for. A partial numerical 

model of the structure is therefore necessary for each substructure. 

Following the principles of the finite element method (FEM), each substructure is 

discretized according to the number of sensing units to be attached to each 

substructure. The estimation of the stiffness parameters is performed by solving 

the dynamic equilibrium equations using response data from free vibrations. In 

general form, the dynamic equilibrium equations of a structural system with N 

degrees of freedom (DOFs) is given in Eq. 1. 

NNNNNNNNNN tttt )()()()( FuKuCuM  


                       
(1) 
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In Eq. 1, M, C, and K are the mass matrix, the damping matrix, and the stiffness 

matrix, respectively, while )(tu , )(tu , u(t) are the acceleration vector, the velocity 

vector and the displacement vector, respectively. F(t) is the external force vector. 

Using the fast Fourier transform (FFT), Eq. 1 can be transformed into the 

frequency domain (Eq. 2). Instead of the acceleration, velocity and displacement 

vectors, the respective Fourier amplitudes of these vectors can be used at the 

frequencies ω that correspond to modes of vibration. 

NNNNNNNNNN )()()()(  FuKuCuM  


                   
(2) 

First, acceleration response data is collected under free vibration. Second, the 

obtained acceleration data is integrated, using numerical integration methods, and 

the corresponding velocities and displacements are derived by each sensor node. 

Third, the accelerations, velocities and displacements are transformed into the 

frequency domain using the FFT, and the corresponding frequency spectra are 

derived. Using Eq. 2, the dynamic equilibrium equations of an arbitrary 

substructure with N degrees of freedom under free vibration are given in Eq. 3. 

        N

T

SNRSNRN

T

SNRSNRNNNN   uuuKuuuCuM 
     

(3) 

As can be seen from Eq. 3, the absence of constants leads to trivial solutions. To 

avoid this problem, reasonable assumptions are made for one of the terms on the 

left hand side of Eq. 3. In this study, assumptions are made about the mass matrix, 

and the stiffness and damping matrices are estimated accordingly. 

Assuming that the division of the structure into substructures is performed in such 

a way that each substructure has two interfaces, each connecting the substructure 

with one neighboring substructure, R is used to denote the DOFs of the first 

interface and S is used to denote the DOFs of the second interface. Since Eq. 3 

describes free vibration, the external force is zero. 

From Eq. 3, a partial “hybrid” model corresponding to the substructure under 

consideration is generated on each wireless sensor node. It is evident that solving 

Eq. 3 on each substructure is only possible if the frequency spectral peaks of 

velocities and displacements of the DOFs at the interface with neighboring 

substructures are communicated between the wireless sensor nodes. Wireless 

communication is ensured through reliable links established between sensor nodes 

located in neighboring substructures (Figure 10.1). An additional communication 

link is established between the server and one of the sensor nodes, designated as 

“head node”. Depending on the size of the structure, substructures can be clustered 

into groups with one head node each. A head node receives commands from the 

server and tasks the rest of the sensor nodes of the group accordingly; hence, the 

exchange of velocity and displacement data is initiated by the head nodes. The 

overall network architecture of the SHM system proposed in this study is 

illustrated in Figure 10.1. 
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Fig. 10.1 Network architecture 

The unknown parameters of Eq. 3 are the elements of matrices C and K. Each row 

of matrices C and K has a total of R+N+S unknowns such that the required order 

of the system of dynamic equilibrium equations is O = 2∙[R+N+S]. Thus, an 

adequate number n (n ≥ O) of modal peaks in the frequency spectra of 

acceleration, velocity and displacement is selected for solving the system of 

equations. 

 

Sequence of the model updating stage 

The sequence of the model updating stage implemented into the wireless sensor 

network is described by the following steps. 

A. Initializing the model updating algorithm. The model data for each 

substructure is selected and loaded to the server. 

B. Switching head nodes to “model updating mode”. A beacon signal indicating 

the desired mode of operation is sent from the server to the head nodes of the 

WSN in order to set the wireless sensor nodes to model updating mode. 

C. Switching sensor nodes to “model updating mode”. The head nodes send 

signals to the sensor nodes to set the nodes to model updating mode. 

D. Receiving “acknowledgement” signals. The head nodes receive 

acknowledgement signals from all sensor nodes and, subsequently, send 

acknowledgement signals to the server. 
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E. Loading model data into the network. Model data is packaged for each 

substructure and sent to the corresponding sensor nodes. 

F. Receiving “acknowledgement” signals for data loading. Each sensor node 

sends an acknowledgement signal to the server once the model data is loaded 

and switches to standby mode waiting for the excitation of the structure. 

G. Acceleration sampling. Once a predefined acceleration threshold is 

exceeded, the sensor nodes start to sample acceleration data. 

H. Calculating velocities and displacements. As soon as a predefined number of 

acceleration response data is collected, acceleration sampling stops. Then, 

velocities and displacements are calculated using a time integration method, 

here the Newmark-β algorithm (Newmark, 1959). 

I. Transforming data to the frequency domain. The acceleration, velocity and 

displacement data is transformed into the frequency domain using the FFT 

algorithm. 

J. Transmitting data between neighboring sensor nodes. A predefined number 

of velocity and displacement frequency spectral peaks, according to the 

procedure described above, are exchanged between neighboring sensor nodes 

in order to set up the system of equations. 

K. Solving the system of equations. The system of equations is solved by each 

wireless sensor node to calculate the estimates of the damping and stiffness 

parameters. 

10.2.2 Condition assessment 

The objective of the condition assessment stage is to assess the current, i.e. 

unknown, condition of the structure using the model (and the embedded partial 

models, respectively) derived from the model updating stage as a reference. 

During the condition assessment stage of the wireless SHM system, a new set of 

acceleration response data under free vibration is collected by each sensor node, 

and the corresponding velocity and displacement vectors are calculated as in the 

model updating stage. The newly collected acceleration response data as well as 

the calculated velocity and displacement data are transformed into the frequency 

domain and used to apply the dynamic equilibrium equations with the stiffness 

and damping parameters of the initial model. Small errors, i.e. deviations from 

equilibrium in the condition assessment stage, are expected due to numerical 

instability and noise interference. Errors exceeding a predefined threshold could 

indicate damage. 

The sequence of the condition assessment stage as performed by the wireless 

sensor network is described by the following steps. 
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A. Initializing the condition assessment algorithm. The server is started. 

B. Switching head nodes to “condition assessment mode”. A beacon signal is 

sent from the server to the head nodes in order to set the wireless sensor 

nodes to condition assessment mode. 

C. Switching sensor nodes to “condition assessment mode”. The head nodes 

send signals to the sensor nodes to set them to condition assessment mode. 

D. Receiving “acknowledgement” signals. The head nodes receive 

acknowledgement signals from all sensor nodes and, subsequently, send 

acknowledgement signals to the server. 

E. Switching sensor nodes to standby mode. The sensor nodes go to standby 

mode waiting to start sampling. 

F. Acceleration sampling. Once a predefined acceleration threshold is 

exceeded, the sensor nodes start sampling acceleration data. 

G. Calculating velocities and displacements. As soon as a predefined number of 

acceleration response data is collected, acceleration sampling stops. Then, 

velocities and displacements are calculated using the Newmark-β time 

integration method. 

H. Transforming data to the frequency domain. The acceleration, velocity and 

displacement data is transformed into the frequency domain using the FFT 

algorithm. 

I. Transmitting data between neighboring sensor nodes. A predefined number 

of velocity and displacement frequency spectral peaks, corresponding to the 

modes of vibration of the initial model, are exchanged between neighboring 

sensor nodes. 

J. Comparing the results with model updating stage. The Fourier amplitudes of 

the newly collected acceleration response data and the calculated velocity 

and displacement data are used to apply the dynamic equilibrium equations 

with the stiffness and damping parameters of the initial model derived from 

the model updating stage. 

K. Sending damage detection signal. A residual, i.e. small deviation from 

equilibrium, is expected in the result of the dynamic equilibrium equations of 

step J due to noise interference and the approximations of the numerical 

integration algorithm. If the residual exceeds a predefined threshold, a 

damage detection signal is sent from the sensor node to the server. 
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10.3 Validation of the decentralized condition assessment 

methodology 

The methodology proposed for decentralized condition assessment of civil 

infrastructure is validated through simulations conducted on a numerical model of 

a four-story shear frame structure. In this section, the implementation of the 

methodology into a wireless SHM system is presented, and the simulations are 

described. 

10.3.1 Implementation 

Following the steps of the methodology presented in the previous section, 

embedded software is designed in order to implement the methodology into a 

wireless SHM system. The software, written in Java programming language, is 

launched at the server with the initialization of a “host application” software, i.e. 

Java classes that perform the tasks of the server. Tasks executed by the wireless 

sensor nodes are handled by another set of Java classes embedded into the nodes, 

termed “on-board application” software. When starting the wireless SHM system, 

peer-to-peer communication links are established between neighboring sensor 

nodes. The mode of operation, “model updating” or “condition assessment”, can 

be chosen by the user. Once the mode of operation is selected, a beacon signal, 

ensuring time synchronization of the SHM system, is sent from the server to the 

head nodes of the SHM system. The beacon signal is successively forwarded by 

the head node to the neighboring nodes until the beacon signal has reached every 

sensor node of the network. An acknowledgement signal is sent from the 

outermost node to its neighboring node and forwarded successively until the 

acknowledgement signal has reached the server, being notified that all sensor 

nodes are set to the selected mode. 

If “model updating” mode is selected, data related to the partial model of each 

substructure is automatically loaded to the corresponding sensor node. The data is 

loaded over the air, i.e. through the radio communication links established 

between the server and the sensor nodes. The on-board applications set the nodes 

to standby mode and sampling starts as soon as a predefined acceleration threshold 

is exceeded. Once a predefined number of acceleration data is collected, sampling 

stops. The on-board applications proceed with the calculation of velocity and 

displacement data, using the Newmark-β algorithm. Then, velocity and 

displacement data are exchanged between neighboring nodes to form the system 

of dynamic equilibrium equations of each substructure on the respective sensor 

node. Finally, the system of equations is solved and the stiffness and damping 

parameters of the initial model are calculated. 
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If “condition assessment” mode is selected, the steps of acceleration sampling, 

numerical integration for obtaining velocities and displacements, the FFT, and the 

exchange of data are the same as in the model updating mode. Finally, the 

dynamic equilibrium equations are applied at the frequency spectral peaks 

corresponding to the modes of vibration of the initial model, using the stiffness 

and damping parameters of the initial model. If the deviations from equilibrium 

exceed a predefined threshold, a “damage detection” signal is sent to the server, 

indicating the substructure associated with the detected damage. 

10.3.2 Validation of the methodology 

The performance of both stages of the methodology, model updating and 

condition assessment, depends on the accuracy of the collected acceleration 

response data and on the stability of the numerical integration algorithm. Hence, it 

is evident that the interference by external factors, such as noise present in the 

measurements, could be detrimental to both the quality of the generated 

parameters of the initial model and to the ability of the system to detect damage. 

As field measurements are usually contaminated with ambient noise, it is 

important to consider the effect of noise when validating the performance of the 

SHM system through simulations. 

In this section, the validation of the algorithms of the methodology is presented. A 

simulation-based validation is performed using a finite element model of the 

previously introduced four-story shear frame structure with known structural 

parameters. First, a brief description of the sensor node platform used in the 

proposed SHM system is given. Second, the model updating stage and the overall 

SHM system are described, illustrating the generation of an initial numerical 

model of the shear frame structure by the sensor nodes. Finally, damage on the 

shear frame structure is simulated to validate the condition assessment capabilities 

of the SHM system. 

 

Wireless sensor node platform 

The wireless sensor nodes used for the implementation of the proposed 

methodology are the Oracle SunSPOTs (Small Programmable Object Technology, 

Oracle Corp., 2007), shown in Figure 10.2. The hardware platform has been 

proven a reliable and efficient means for rapid prototyping of embedded 

monitoring applications in different engineering disciplines, such as structural 

health monitoring (Dragos and Smarsly, 2015; Smarsly, 2014; Chowdhury et al., 

2014; Smarsly and Petryna, 2014), infrastructure monitoring (Law et al., 2014; 

Smarsly et al., 2011), landslide monitoring (Georgieva et al., 2012; Smarsly et al., 

2012; Smarsly et al., 2014), and ecosystem monitoring (Smarsly, 2013; Smarsly 

and Law, 2012). The wireless sensor nodes feature an ARM 920T microcontroller 
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with a 32-bit bus size running at 400 MHz, 1 MB flash memory, and 512 kB 

RAM, while the operating system is the Java programmable Squawk Virtual 

Machine. An 8-bit MMA7455L accelerometer is integrated into the sensor node 

platform, which can be set to sample at a maximum range of ±2g, ±6g, or ±8g. 

The maximum sampling rate of the sensor nodes is 125 Hz. 

 

 

Fig. 10.2 Wireless sensor nodes mounted on the shear frame structure 

Model updating stage 

The four-story shear frame structure used for the simulations is illustrated in 

Figure 10.3, and the structural parameters of each story are summarized in Table 

1. The following simplifications are assumed. 

 Mass is concentrated at the mid-span of each story 

 A diaphragm constraint is assumed on each story, such that ux,l = ux,r, ux,l 

and ux,r being the horizontal displacement on the left end and on the right 

end, respectively, of each story 

 “Shear frame structure” function is assumed, i.e. joint rotations are 

ignored 

 Vertical displacements are considered negligible 

 Modulus of elasticity is set to E = 2∙10
7
 kN/m

2
 and Poissonʼs ratio is set 

to ν = 0.25 

 Frame elements are discretized using the Timoshenko beam assumption 

(Timoshenko, 1921) 
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Fig. 10.3 Model of the four-story shear frame structure 

Table 1. Properties of the shear frame structure 

Floor (i) 
Story mass 

(mi) (kg) 

Col. sections 

(tz × ty) 

(cm × cm) 

Column stiffness 

(ki) (kN/m) 

Number of 

columns per 

story 

Story stiffness (ki) 

(kN/m) 

1 20∙10
3
 60×60 37,939.11 2 75,878.22 

2 15∙10
3
 40×50 14,925.37 2 29,850.75 

3 12∙10
3
 30×50 11,194.03 2 22,388.06 

4 10∙10
3
 25×50 9,328.36 2 18,656.72 

 

Damping is considered proportional to mass and stiffness (Rayleigh, 1877). A 

proportionality coefficient of α1 = 0.5 is selected for the mass matrix, and a 

proportionality coefficient of α2 = 5∙10
-4 

is selected for the stiffness matrix. The 

damping matrix C is formulated as follows. 

KMC  21                                                 (4) 

The acceleration response data of the shear frame structure is derived from time 

history analysis (test 1). More specifically, a finite element model of the shear 

frame structure is created, using the SAP2000 finite element software package 

(Computers and Structures, Inc., 2000). The finite element model is subjected to 

free vibration after a static load is applied at the top story level and then removed 

to deflect the shear frame structure from the equilibrium position. Acceleration 
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response data at the mid-span of each story is collected and processed by the 

sensor nodes of the SHM system. 

As mentioned previously, noise may affect the automated on-board calculations of 

velocities and displacements causing spurious results. Therefore, prior to being 

processed by the embedded Java classes of the sensor nodes, the acceleration 

response data is contaminated with artificial noise. The simulated noise is assumed 

to be “white”, i.e. following a Gaussian distribution with zero mean and unity 

standard deviation. Following observations from preliminary analyses of the effect 

of noise to the performance of the SHM system, the maximum value of the added 

noise is set to 1 mg, as meaningful results of the stiffness values could only be 

calculated for noise levels equal to or lower than 1mg. 

The time step of the time history analysis is set to Δt = 0.01 s, representing a 

sampling rate of the sensor nodes of 100 Hz. The sensor nodes in the simulation, 

as shown in Figure 10.3, are placed at the mid-span of each story, and the 

acceleration response data is contaminated with artificial noise before being 

processed by the embedded software of the sensor nodes. A total of 4,096 

acceleration response data is collected from each floor. The software is launched 

and set to model updating mode and, using the acceleration response data 

previously contaminated, the calculation of velocities and displacement is 

performed on each node. 

The Newmark-β algorithm used for the integration of the acceleration response 

data is given in the following equations. 

  11 1   nnnn ututuu                                       (5) 

1
22

1
2

21
 







 
 nnnnn ututtuuu  


                          (6) 

where n denotes a discrete point of the time history, nu  is the acceleration, nu  is 

the velocity, un is the displacement, Δt is the time step, and γ and β are integration 

coefficients. The values of the coefficients of Eq. 5 and Eq. 6 are set to γ = 0.5 and 

β = 0.25 following the recommendations of Newmark (1959). 

As described earlier, velocity and displacement data are transformed into the 

frequency domain. The Fourier amplitudes corresponding to spectral peaks of the 

modes of vibration of the structure are exchanged between neighboring wireless 

sensor nodes, and one system of dynamic equilibrium equations is formulated on 

each sensor node. Then, Eq. 3 is solved by the on-board application, and the 

stiffness and damping values are calculated. For the example shown in Figure 

10.3, the actual stiffness, damping, and mass matrices of the FEM model of the 

entire structure, constructed after assembling the stiffness and damping matrices 

of each substructure, are: 



14 

 

 
 

 































44

4433

3322

221

00

0

0

00

kk

kkkk

kkkk

kkk

FEMK                            (7) 































72.656,1872.656,1800

72.656,1878.044,4106.388,220

006.388,2281.238,5275.850,29

0075.850,2997.728,105

FEMK              (8) 













































10000

01200

00150

00020

000

000

000

000

4

3

2

1

m

m

m

m

FEMM                         (9) 





























 

93.593.000

93.005.812.10

012.111.1049.1

0049.129.15

1055.0 4
FEMFEMFEM KMC             (10) 

The stiffness and damping parameters are calculated following the model updating 

stage introduced above. By solving Eq. 3 and assembling the stiffness matrices of 

all substructures, the calculated stiffness matrix of the structure is: 































20.788,1812.824,1800

05.635,1835.005,4152.392,220

090.406,2281.298,5216.905,29

0061.891,2968.896,105

calcK            (11) 

Preliminary analyses have shown that the calculation of damping values is prone 

to inaccuracies due to the artificial noise being added, so calculated damping 

values may not be considered reliable to serve as a basis for condition assessment. 

On the other hand, the stiffness values in Eq. 11 are very close to the actual 

stiffness values of the FEM model shown in Eq. 8. 
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Condition assessment of the shear frame structure 

For the second stage of the proposed methodology, the condition assessment, 

damage is simulated on the shear frame structure to validate the ability of the 

wireless SHM system to identify damage. Damage is simulated in one of the 

columns of the first story and in one of the columns of the second story of the 

shear frame structure, as shown in Figure 10.4. More precisely, damage is 

simulated by modifying the stiffness, i.e. by adding a reduction factor to the 

stiffness parameters. Both the moment of inertia and the shear area of one of the 

first story columns of the finite element model are reduced to 50% of the 

respective initial value and another time history analysis is performed with the 

modified stiffness values (Figure 10.4). 
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Fig. 10.4 Damage introduced into the shear frame structure 

As mentioned above, the performance of damage detection depends on the 

residuals of the dynamic equilibrium equations, which are applied using newly 

collected acceleration response data and the initial structural parameters. 

Moreover, the accuracy of the calculations is affected by noise and numerical 

approximations; hence, relatively small residuals are still expected even if there is 

no damage in the structure. Consequently, an additional analysis (test 2) 

corresponding to the initial state is necessary for comparison purposes. As in test 

1, the acceleration response data obtained in test 2 is contaminated with artificial 

white noise, which is in general different than the noise added in test 1. Therefore, 

small residuals are expected in the results of the additional analysis. 

Following the same analysis options as in the model updating stage, a third time 

history analysis of the finite element model corresponding to the damage scenario 

is performed (test 3). The acceleration response data at the mid-span of each story 
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is collected and processed by the Java classes embedded into the corresponding 

sensor node. The sensor nodes use the newly derived data and the initial model 

parameters to apply the dynamic equilibrium equations. The damage is illustrated 

in the comparison of the Fourier spectra between the initial state (test 1) and the 

damaged state (test 3). As shown in Figure 10.5, the first mode of vibration has 

been shifted from f1 = 3.05 Hz to f1 = 2.78 Hz. The residuals of the four dynamic 

equilibrium equations (n = 4) for the first mode (f1 = 3.05 Hz) of the structure 

(both test 2 and test 3) are summarized in Table 2. 

 
 

Fig. 10.5 Comparison of acceleration Fourier spectra between test 1 (initial state) and test 3 

(damaged state) 

Table 2. Residuals from dynamic equilibrium equations in test 2 and test 3 

n Equation Test 2 Test 3 

1 k11∙u1 + k12∙u2 + m1∙ü1 =  -23.90 105.45 

2 k21∙u1 + k22∙u2 + k23∙u3 + m2∙ü2 =  32.22 1,215.18 

3 k32∙u1 + k33∙u2 + k34∙u3 + m3∙ü3 =  -39.17 -765.98 

4 k43∙u1 + k44∙u2 + m4∙ü4 =  19.50 -399.30 

 

It can be concluded from the results of Table 2 that the performance of the 

condition assessment is satisfactory. The deviations from equilibrium in test 2 can 

be attributed to randomness and approximation errors. However, the deviations 

from equilibrium in test 3 are considerably larger and, therefore, clearly 

distinguishable from the deviations of test 2 and thus indicative of damage. 
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10.4 Summary and conclusions 

Condition assessment of civil infrastructure is an integral part of infrastructure 

health monitoring. Owing to the significant merits of wireless sensor nodes in 

terms of cost efficiency and reduced installation time, wireless sensor networks 

are increasingly employed for infrastructure health monitoring. In this paper, a 

methodology for decentralized condition assessment of civil infrastructure has 

been presented. The objective is to enhance the ability of wireless sensor nodes to 

assess the condition of monitored structures by utilizing embedded computing 

strategies implemented into wireless sensor nodes. A decentralized numerical 

model of the monitored structure is embedded into the sensor nodes and the model 

properties are derived by employing system identification principles in a 2-stage 

approach. More specifically, using acceleration response data collected by the 

sensor nodes as well as time integration methods, velocity and displacement data 

are calculated directly on the sensor nodes. Then, the acceleration, velocity and 

displacement data is transformed into the frequency domain using the FFT, and 

the respective Fourier amplitudes of the frequency spectral peaks that correspond 

to modes of vibration are exchanged between neighboring sensor nodes. Stiffness 

and damping values are calculated by solving the dynamic equilibrium equations 

on each node separately for the part of the structure the node is attached to 

(“model updating” stage). Finally, data derived from an unknown damaged state is 

used for validation of the damage detection capabilities, applying the dynamic 

equilibrium equations with the initial model parameters (“condition assessment” 

stage). Deviations from equilibrium exceeding a predefined threshold could 

indicate damage. 

The validation of the proposed methodology has been performed through 

simulations on a finite element model of a four-story shear frame structure. In the 

simulations, one sensor node has been placed on the mid-span of each story. 

Under free vibration, time history analysis has been performed on the finite 

element model, in order to collect acceleration response data from the mid-span of 

each story (test 1). Artificial noise has been added to the data in order to account 

for the effects of external factors, such as ambient noise. The artificially 

contaminated acceleration response data from each story has been fed to the 

software application, written in Java, that has been embedded into the 

corresponding wireless sensor nodes, and the displacement and velocity data has 

been automatically calculated. The acceleration, velocity and displacement data 

has been transformed into the frequency domain. Fourier amplitudes of 

acceleration, velocity and displacement data have been wirelessly communicated 

between sensor nodes of neighboring stories (representing substructures), and a 

system of dynamic equilibrium equations has been formulated on each node. The 

results of each system of equations, solved by the respective sensor node, has 

returned the stiffness values of the substructure the node is attached to. From 

preliminary analyses, it could be observed that, due to numerical approximations 
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and the effects of noise, damping values are particularly prone to large 

discrepancies from the actual values. Therefore, only stiffness parameters have 

been deemed suitable for condition assessment. 

Damage has been simulated by reducing structural parameters of the columns of 

the shear frame structure in order to test the systemʼs ability of damage detection. 

More specifically, the stiffness of one column of the first story and one column of 

the second story has been reduced. Two tests have been performed, one 

corresponding to the undamaged state (test 2) and one to the damaged state (test 

3). A new set of acceleration response data has been derived at each story and the 

respective velocities and displacements have been calculated. The newly obtained 

accelerations, velocities and displacements have been transformed into the 

frequency domain, and the respective Fourier amplitudes have been used to apply 

the dynamic equilibrium equations with the initial model parameters. Due to 

numerical approximations and the interference of ambient noise, it is probable that 

there are always deviations from equilibrium. To this end, the results of test 3 are 

compared to the results of test 2, in order to distinguish between deviations 

attributed to randomness and deviations attributed to damage.  

In summary, the methodology has been satisfactory in establishing a reliable 

numerical model on-board the sensor nodes and in using that model to detect 

damage in a fully decentralized manner. As shown in this paper, the deviations 

from equilibrium attributed to damage are clearly distinguished from the 

deviations that are attributed to randomness. An important point is the 

establishment of the threshold, below which deviations are not indicative of 

damage. The threshold can be established by performing preliminary tests on the 

monitored structure to assess the effects of numerical approximations and of the 

interference of ambient noise. 

Future research may address potential shortcomings of the methodology discussed 

in this paper. First, further validation tests will be conducted to investigate the 

stability of the embedded algorithms and the effects of various levels of noise. The 

extension of the methodology to cover a broad wealth of civil infrastructure 

systems will also be addressed, while alternative ways to obtain model parameters 

on a sensor node level will also be investigated. 
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