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Abstract 

Wireless sensor networks have proven to be cost-effective tools for structural health monitoring 
(SHM). The elimination of long cables has rendered wireless sensor nodes an attractive alternative to 
conventional cable-based systems. Embedded computing is an integral aspect of wireless SHM 
systems, and many algorithms have been proposed for on-board processing of data in an attempt to 
reduce wireless data traffic. This paper highlights the advantages of embedded computing in wireless 
structural health monitoring systems. A wireless SHM system is proposed, able to perform automated 
modal analyses in a decentralized fashion. The wireless SHM system is composed of sensor nodes 
with embedded algorithms able to perform on-board fast Fourier transforms of collected acceleration 
response data in order to identify the natural frequencies of the monitored structure. The proposed 
wireless SHM system is validated through laboratory experiments on a scaled model of an existing 
suspension bridge. The consistency of the results is corroborated through multiple repetitions of the 
experiment. Finally, conclusions are drawn on both the dynamic characteristics of the bridge model 
and the performance of the proposed wireless structural health monitoring system. This research has 
been conducted within the 2015 Bauhaus Summer School at Bauhaus University Weimar, Germany. 
 

 

Introduction 

Structural health monitoring (SHM) has become a vital part of infrastructure maintenance and asset 
management. Wireless structural health monitoring has been drawing increasing research interest due 
to the advantages of wireless sensor networks in terms of cost and installation effort. The coexistence 
of processing power with sensing boards enables wireless sensor nodes to autonomously perform 
monitoring tasks such as data acquisition, data processing, and data analysis. Embedded computing is 
used to execute the monitoring tasks directly on-board the sensor nodes. Thus, several research 
approaches have been dealing with embedded computing for wireless SHM systems aiming to limit 
data transmission and to enhance the autonomy of wireless sensor nodes. On the other hand, the 
complexity of embedded computing approaches needs to be kept as low as possible in order to 
preserve the inherently low power resources of sensor nodes.  

An early approach towards wireless SHM systems with embedded computing capabilities was 
proposed by Lynch et al. (2004), by introducing an SHM system performing damage detection using 
embedded algorithms for autoregressive modelling with exogenous inputs (AR-ARX). A wireless 
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SHM system with embedded system identification algorithms was proposed by Zimmerman et al. 
(2008). Cho et al. (2008) presented the wireless tension force estimation system to estimate cable 
forces in cable-stayed bridges. The benefits of using embedded computing in wireless SHM systems in 
terms of power reduction were highlighted by Lei et al. (2010). Smarsly and Law (2013) presented an 
SHM system with embedded software to perform detection and analysis of potential anomalies on 
demand based on a migration-based approach, i.e. using software agents that assemble in real time and 
migrate to the sensor node where the anomaly is detected (Smarsly et al., 2011). Dragos and Smarsly 
(2015) proposed an embedded computing approach to perform on-board condition assessment of 
structures based on system identification and structural dynamics. Further examples include the 
utilization of artificial intelligence approaches (Smarsly and Law, 2014); embedding artificial 
intelligence techniques into wireless sensor nodes was largely inspired by research efforts on cable-
based SHM systems at the beginning of this century. Specifically, multi-agent technology has been 
proven an efficient means to increase the reliability and performance of SHM systems, as presented in 
a number of practical applications, such as bridge or wind turbine monitoring (Smarsly and Hartmann, 
2009a, b). 

This paper presents an SHM system with embedded algorithms to enable automated, decentralized 
identification of natural frequencies of structures. The embedded algorithms perform fast Fourier 
transform on collected acceleration data directly on the sensor nodes. Validation tests of the proposed 
SHM system are conducted on a scaled model of a suspension bridge. In the first section of the paper, 
a general overview of wireless structural health monitoring concepts is given. Section 2 presents the 
embedded algorithms of the wireless SHM system, including the mathematical background and the 
implementation process. Section 3 describes the experimental tests conducted on the bridge model, 
including a description of the bridge and discussion on the results. Finally, conclusions of this work 
are drawn and an outlook on future work is provided.  

 

 

Wireless structural health monitoring 

The rapid developments in computer sciences and sensor technologies facilitate the implementation of 
reliable systems for the acquisition of real-time response data from structures. Particularly with the 
development of wireless communication technology, costly wired SHM systems used in the field of 
structural health monitoring are gradually substituted by cost-effective wireless systems. Typically, 
wired systems comprise wired sensors connected to a central server through coaxial cables; the sensors 
collect response data, which is transferred to a data acquisition unit and then stored on a computer. In 
order to assess the condition of the structure, data processing is performed either in real time or 
offline.  

A typical wireless SHM architecture, on the other hand, comprises wireless sensor nodes and a base 
station connected to a computer. Data collected by the wireless sensor nodes is sent to a computer 
terminal, which communicates with the network via a gateway (base station). Then, the processed data 
is sent to different servers or to the “cloud” enabling remote access. Since wireless sensor nodes 
essentially represent integrated platforms combining processing units with sensing modules, on-board 
data processing prior to wireless communication is possible. 

Two primary challenges of wireless sensor networks can be identified; these are (i) limited power 
resources and (ii) possible data loss affecting the reliability of wireless communication among the 
sensor nodes. Wireless communication has proven to be particularly power consuming, while the 
communication range also becomes an issue in larger wireless sensor networks in urban or industrial 
areas, due to the density of the building stock comprising buildings with dimensions of hundreds of 
meters (Swartz and Lynch, 2009). Therefore, the wireless SHM system proposed in this paper is 
equipped with embedded algorithms that enable on-board data processing prior to transmission, thus 
considerably reducing the amount of data to be wirelessly communicated.  
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Identification of natural frequencies 

The embedded algorithms of the proposed wireless SHM system are related to system identification 
and data processing. More precisely, the collected data sets are automatically transformed into the 
frequency domain directly on the sensor nodes prior to being wirelessly transmitted to the server. The 
following subsections cover the mathematical background of the data transformation from the time 
domain into the frequency domain as well as the implementation of the embedded algorithms into the 
wireless SHM system. 

Mathematical background 

The Fast Fourier Transform (FFT) 

In SHM applications, signal processing is used for identifying dynamic characteristics of structures, 
such as natural frequencies and mode shapes. The Fourier transform is an essential algorithm for 
gaining insights into the dynamic properties of the monitored structure. According to the theory of the 
Fourier transform, time domain signals or functions can be analyzed to a sum of harmonic sinusoidal 
component functions. The Fourier amplitude F(ω) represents the range of each component function at 
frequency ω, while the plot of all amplitudes versus frequencies is called “frequency spectrum”. 
According to the theory of structural dynamics, peaks in the frequency spectrum of experimental 
response data correspond to resonant responses of the structure, and the respective frequencies at these 
peaks reflect the natural frequencies of the structure. Considering a continuous function of time f(t), 
the Fourier transform is defined as in Eq. 1. 

  dtetfF ti 2)()(                                                            (1) 

In practice, Eq.1 cannot be used for analysis of measured data; due to the analog-to-digital conversion 
that takes place in data acquisition units, the data is obtained in discrete time steps constituting a 
discontinuous time function. Instead, the discrete Fourier transform (DFT) is used and each Fourier 
amplitude Fk is obtained from Eq. 2. 
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where fn is the discrete function f(t) and N is the length of the discrete time series. The Fourier 
amplitude Fk is a complex number and each sinusoid’s frequency is described as k cycles per N 
samples. It is clear that the DFT algorithm needs N2 calculations because the equation produces N 
outputs of Fk and each output is obtained as a sum of N terms. In an attempt to reduce the 
computational effort of the DFT algorithm, Cooley and Tukey (1965) proposed the fast Fourier 
transform (FFT) reducing the number of calculations to N·logN calculations. FFT is a “divide and 
conquer” algorithm. By dividing DFT of an arbitrary composite size N = N1N2 into smaller DFTs of 
sizes N1 and N2 recursively, FFT leads to fewer calculations. In the Cooley-Tukey algorithm, a radix-2 
decimation-in-time FFT is a most common form where a DFT of size N is divided into two DFTs 
(even part and odd part) of size N/2 with each recursive stage, as shown in Eq. 3 and Eq. 4. 
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From the identity e2πin = 1 (n   Z): 
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Implementation of the wireless SHM 

Wireless sensor node platform 

In this study, the Oracle SunSPOTs (Small Programmable Object Technology) (Oracle Corp., 2007) 
wireless sensor nodes are used, shown in Figure 1. The sensor node features a powerful 32-bit ARM 
920T microcontroller at 400 MHz speed, with 4MB flash memory and 512 kB RAM. The operating 
system of the sensor node is the Java Squawk Virtual Machine (Shaylor et al., 2003). For acceleration 
measurements, an 8-bit MMA7455L microelectromechanical system (MEMS) accelerometer is 
embedded into the sensor node platform, with three measurement range options ±2g, ±6g, or ±8g. The 
maximum sampling rate of the accelerometer is 125 Hz. 
 

 
Figure 1. The Oracle SunSPOT sensor node 

 

Embedded software 

To autonomously perform the monitoring tasks, the process described in the previous section is 
implemented into a wireless SHM system using Java programming language. The embedded software 
designed for the proposed SHM system needs to perform calculation, communication, and storage 
tasks. To this end, two applications are developed; a “host application” launched on the server to 
manage establishing communication links, receiving and plotting data, and an “on-board application” 
executed directly on the sensor nodes for data acquisition and transformation of the acceleration 
response data from the time domain into the frequency domain.  

When starting system operation, the SHM system is initialized by the host application, which 
communicates with the sensor nodes via another node, the “base station”. First, the wireless 
communication links between the base station and the sensor nodes are established by the host 
application. Second, the on-board application handles the calibration of the sensor nodes, which 
involves estimating the noise level of the system by collecting and averaging a predefined number of 
acceleration measurements at rest. Third, the sensor nodes switch to standby mode and start collecting 
acceleration response data once a predefined acceleration threshold is exceeded. Once the acceleration 
has dropped below the predefined threshold, acceleration stops and the collected response data is 
transformed on-board into the frequency domain using the FFT algorithm. Finally, the transformed 
data is wirelessly communicated to the server via the base station where the host application handles 
the graphical visualization of the frequency spectra.  
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Experimental tests 

The performance of the automated, decentralized wireless SHM system presented in the previous 
section is validated on a down-scaled model of an existing suspension bridge. The wireless SHM 
system is used to identify the natural frequencies of the model. In the following subsection, structural 
details about the bridge are provided, and the experimental setups as well as the performed tests are 
described. Finally, the obtained frequency spectra are presented and discussed.  

The New Little Belt suspension bridge 

The New Little Belt (Lillebælt) suspension bridge was built in the 1970s to connect the island of 
Jutland with Funen Peninsula in Denmark. The elevation view of the bridge is shown in Figure 3a. 
The central span is 600 m long, while the side spans and the prestressed concrete approach viaducts 
are 250 m and 31 m long, respectively (Ostenfeld et al., 1970). The total length of the bridge is 
1700 m. A simplified schematic of the deck section of the bridge is shown in Figure 3b. The width and 
the thickness of the deck are 33 m and 2.85 m, respectively. The mass of the deck is equal to 
11 667 kg/m, while the suspension cables are spaced at 12 m intervals. The two main cables are made 
of 61 prefabricated strands and are 1500 m long (Dragos et al. 2015).  

 
 

 

(a) 

 

(b) 

Figure 3. (a) Elevation view; (b) and schematic of the deck of the Lillebælt suspension bridge (Abbas and 
Morgenthal, 2014) 

 

Experimental setup and description of the performance tests 

In Figure 4a, the down-scaled model (scale 1:200) of the suspension bridge is shown. The wireless 
SHM system proposed in this paper is installed on the bridge model, as shown in Figure 4b. Two 
sensor nodes (node 1 and node 2), wirelessly communicating with a computer through one base 
station, are attached to the bridge deck. The nodes are tasked to collect accelerations, calculate the 
frequency spectra and send the spectrum data to the computer, where the frequency spectra are plotted. 

Six tests are performed in total, employing different sensor node placement, excitation intensity, and 
excitation direction. In the following, the two tests with excitations in the vertical direction, referred to 
as test 1 and test 2 (Figure 5), are discussed. In test 1, node 1 is placed at the middle of the central 
(longest) span and node 2 is placed at the middle of one of the side (shorter) spans. In test 2, node 1 is 
placed at ¼ of the length of the central span and node 2 at ¼ of the length of the side span. 
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Figure 4. (a) Laboratory model of the New Little Belt suspension bridge (scale of 1:200) and (b) a mounted 
SunSPOT node 

 
 

 
Figure 5. Sensor node locations in the tests 1 and 2 

 

Discussion of experimental results 

Figure 6 and Figure 7 illustrate the frequency spectra obtained from test 1 and test 2. For each of the 
two tests, the frequency spectra calculated by node 1 and node 2 are given. In general, the proximity 
between the results of both tests validates the applicability of the proposed wireless SHM system. It 
can be seen from the frequency spectra of test 1 that the first peak is observed at a frequency of 
approximately 3.1 Hz. The recurrence of this peak on both sensor nodes leads to the conclusion that 
this peak corresponds to the first eigenfrequency in the vertical direction. The second peak is also well 
distinguishable in both frequency spectra; however, the frequency corresponding to the second peak of 
node 1 does not coincide with the frequency of the second peak of node 2 and cannot be identified as 
an eigenfrequency of the structure. In test 2, however, both peaks in both frequency spectra occur at 
almost the same frequencies. As can be seen in Figure 7, the frequencies of the second peak are 4.7 Hz 
and 5.4 Hz for node 1 and node 2, respectively. The difference between the frequencies in both sensor 
nodes at the second peak is considered negligible; hence, this frequency can be identified as an 
eigenfrequency of the structure. Similar to test 1, the first peak in test 2 occurs at a frequency of 
approximately 3.1 Hz. An interesting feature of the frequency spectrum obtained from node 2 in test 2 
is the lack of symmetry of the plot about the Nyquist frequency, which in this study is 12.5 Hz. This 
lack of symmetry is attributed to data loss during the wireless communication of the results and is 
indicative of how could unreliable communication compromise the accuracy of the results. Judging 
from the shape of the spectrum above the Nyquist frequency and the symmetry property of the FFT, it 
is concluded that information concerning a peak at 3.1 Hz has been lost, which is very important in 
experimental modal identification. 
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Figure 6. Frequency spectra of node 1 (left) and node 2 (right) obtained from the test 1 
 

     

Figure 7. Frequency spectra of node 1 (left) and node 2 (right) obtained from the test 2 
 
 

Summary and conclusions 

In recent years, the deterioration of structures due to ageing has stimulated a growing trend towards 
the use of structural health monitoring systems. Wireless structural health monitoring systems have 
drawn significant attention due to the merits of wireless sensing technologies compared to 
conventional wired structural health monitoring systems. Typical wireless systems for structural health 
monitoring comprise a network of smart wireless sensor nodes able to perform a broad wealth of 
monitoring tasks.  

In this paper, an automated, decentralized wireless structural health monitoring (SHM) system has 
been developed for the identification of natural frequencies of structures. The proposed wireless SHM 
system has been equipped with embedded algorithms, written in Java programming language, to 
manage the monitoring tasks both on-board the sensor nodes and at the server. More specifically, the 
embedded algorithms perform the collection of acceleration response data and the transformation of 
the collected data into the frequency domain using the fast Fourier transform. Then, the frequency 
spectrum data is wirelessly transmitted to the server, where the frequency spectra are plotted using a 
graphical visualization algorithm. The proposed SHM system has been validated through experimental 
tests on a model of an existing suspension bridge. Two different tests have been carried out to examine 
the efficiency of system, using two sensor nodes placed at two different locations of the model. In the 
first test, one of the sensor nodes has been placed at the middle of the central span of the bridge and 
the other sensor node is placed at the middle of one adjacent span. In the second test, both sensor 
nodes have been kept on the same spans as they had originally been placed, but moved to a distance of 
¼ of the span length. The results from the second test have indicated that two peaks identified in the 
frequency spectra of both nodes can be attributed to eigenfrequencies of the structure. However, in the 
second peak of the first test, a discrepancy between the spectral frequencies has been observed. 



ZOUBEK et al. / FE 2015 

Finally, the lack of symmetry in the frequency spectrum of the second node in test 2 has been 
indicative of data loss, which in this case has caused the loss of valuable information regarding the 
first peak of the spectrum, as deduced from the spectrum plot above the Nyquist frequency. 

Further tests could be conducted to optimize the positioning of the sensor nodes in order to identify the 
structural characteristics more accurately and efficiently. Furthermore, different types of structures 
could be tested in order to examine the robustness of the proposed SHM system. 
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