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Abstract 

In recent years, the risks associated with structural deterioration of aging infrastructure have stimulated 

the development of structural health monitoring systems. While in conventional monitoring systems 

structures are instrumented using sensors connected to a central server through long coaxial cables, 

recent developments in the field of wireless technologies have led to the increasing adoption of 

wireless sensor networks for structural health monitoring. An important feature of wireless sensor 

networks is the combination of processing units and sensing modules within autonomous wireless 

sensor nodes. This paper summarises the results of a summer school project conducted at Bauhaus 

University Weimar, Germany, within the “Bauhaus Summer School 2014”. In this project, an 

embedded computing approach for wireless structural health monitoring systems has been proposed. 

More specifically, an embedded computing algorithm has been implemented for transforming 

acceleration response data from the time domain into the frequency domain and for sending the 

transformed data to a central server. To validate the proposed approach, experimental tests have been 

performed on a laboratory model of an existing suspension bridge. In summary, the results of the 

experimental tests corroborate the applicability of the embedded computing approach for executing 

common monitoring tasks, such as system identification and condition assessment. 

 

Introduction 

Structural deterioration during the lifetime of structures might pose significant threats to public safety. 

In order to keep the safety levels of structures within acceptable limits, precise information on the 

condition of structures must be regularly obtained. To this end, the field of structural health monitoring 

(SHM) has been developed, facilitating condition assessment and damage detection on monitored 

structures. Conventional SHM systems employ wired sensors connected to a central server through 

long (and costly) coaxial cables. Owing to the significant merits of wireless sensor nodes in terms of 

cost and installation time, there has been a growing trend towards the use of wireless sensing 

technologies in SHM. Wireless sensor nodes are essentially integrated platforms able to autonomously 

execute several monitoring tasks. More specifically, both sensing modules and processing units are 

incorporated into wireless sensor nodes, while the use of radio transceivers for wireless 

communication eradicates the need for cabled connections. Furthermore, using embedded computing, 

the processing power present in wireless sensor node platforms can be exploited for data processing 

prior to wireless transmission. Drawbacks associated with the use of wireless sensor networks (WSNs) 

are the limited reliability of wireless communication and the power efficiency of the sensor nodes.  

 

Several embedded computing approaches in wireless SHM systems have been proposed. Lynch et al. 

(2004) proposed embedded algorithms for damage detection based on autoregressive modelling with 
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exogenous inputs (AR-ARX). Zimmerman et al. (2008) embedded system identification algorithms 

into wireless sensor nodes, while Cho et al. (2008) presented the wireless tension force estimation 

system for cable-stayed bridges. Lei et al. (2010) demonstrated the merits of incorporating data 

processing algorithms into the sensor nodes in terms of power reduction. Smarsly and Law (2014) 

proposed a resource-efficient system using a migration-based approach, in which powerful software 

agents, automatically assembled in real time and migrating to the sensor nodes, analyse potential 

anomalies on demand.  

 

In this paper, an embedded computing approach for wireless SHM systems is presented. First, a brief 

introduction to condition assessment techniques and SHM systems is given. Second, the theoretical 

background of the algorithms of the embedded computing approach is described. Finally, the 

implementation and experimental testing of the proposed approach is presented.  

 

Condition assessment methods and systems 

According to standard practice, there are three main categories of condition assessment techniques 

(Paik and Melchers, 2014):  

 

 Visual inspection 

 Non-destructive testing  

 Destructive testing 

 

Visual inspection is the most common technique for assessing the condition of structures. However, as 

can be seen in Figure 1, the equipment and specialised personnel required have rendered visual 

inspection particularly costly and labour intensive. Although reliable, visual inspection can only serve 

as an empirical condition assessment technique, but no prediction of actual structural performance can 

be made based on the outcome of this technique. 

 

 
Figure 1. Visual inspection examples: Bridge, tower, wind turbine, pipeline, off-shore platform 

Sources: Iowa State University, D&K Commincations, Inc., Technical Rigging Services NZ Ltd, Horizon Specialist 

Contracting Limited, Axiom NDT Ltd., Bachmann Entsorgungsfachbetrieb, geo OHG 

 

Destructive testing (DT) techniques, essentially, are associated with obtaining samples from structures. 

Depending on the type of the structure, the type of material and the objective of the test, the extracted 

sample can be of different size or shape, and it can be obtained from different parts of the structure. 

For instance, as shown in Figure 2, in concrete structures DT is usually performed by core sampling of 

cylindrical concrete specimens for estimating the material properties. However, in composite 

structures, such as masonry, larger specimens are needed since the structural performance depends on 

the arrangement of joints, the bonding stresses, and the material strength of individual components. 

While DT provides useful results about the actual properties of the extracted specimens, DT 

techniques are particularly expensive and labour intensive. Moreover, since DT affects the integrity of 

structures, the applicability of DT techniques is very limited, while the accuracy of the results is 

related to (and limited by) the number of specimens. 
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Figure 2. Destructive testing (core sampling) 

Source: http://www.testconsult.co.uk/itemdetail.aspx?id=43&dept=structural-investigation 

 

Non-destructive testing (NDT) techniques encompass the estimation of structural properties by 

conducting tests directly on the structure. The performance of NDT is, by definition, not harmful to the 

integrity of the structure. Conventional non-destructive tests include Schmidt hammer testing, nail pull 

off testing, ultrasound testing, steel hardness testing, shaker testing (Figure 3), etc. The purpose of the 

tests is to estimate structural properties, such as the elastic moduli and strengths of materials, the size 

and positioning of reinforcement bars, etc. Furthermore, NDT can be used for damage detection by 

identifying cracks and voids.  

 

 
Figure 3. Shaker used for non-destructive testing 

Source: http://www.measurement-testing.com/vibration-testing-2.html 

 

Most of the tests described above provide useful information at a local level; however, to obtain 

adequate estimates regarding the global state of the structure, different strategies must be employed. 

Therefore, SHM techniques are applied based on the instrumentation of structures with sensors and the 

collection of response data. Common SHM techniques include, e.g. vibration-based system 

identification, operational modal analysis, auto-regressive models for damage detection. Depending on 

the type of instrumentation, SHM systems can be wired or wireless. In the following subsections, a 

brief description of wired and wireless SHM systems is given. 

 

Wired structural health monitoring systems 

Wired systems have been employed in early SHM approaches. In wired SHM systems the 

instrumentation is performed by means of wired sensors connected to a central server through long 

coaxial cables. The sensors are tasked to collect response data, which is transferred to the server for 

further processing. Data processing is performed either in real time or at specified intervals in order to 

assess the condition of the structure. From the architecture of wired SHM systems, shown in Figure 4, 



DRAGOS, Kosmas, et al. / FE 2014 4 

structural response data is collected by central data acquisition units for further processing; hence, 

condition assessment in wired systems is performed in a centralized manner. 

 

 
Figure 4. Schematic of a wired SHM system architecture 

 

Wired SHM systems have been applied in a broad field of SHM applications. Cable-based connections 

offer a reliable link between the sensors and the central server, effectively preventing data loss and 

synchronization errors. Wired systems have been proven efficient solutions for academic tests or 

small-scale field tests, as shown in Figure 5 (Dragos et al., 2014; Manolis et al., 2014). Furthermore, in 

full-scale field deployments, wired systems have been proven an attractive means facilitating a variety 

of engineering tasks, such as life-cycle management of structures (Smarsly et al., 2012). On the other 

hand, in full-scale SHM systems it has been reported that the cost of a wired system per sensing 

channel could reach the amount of $5,000 (Celebi, 2002). Thus, in an attempt to address the 

shortcomings of wired SHM systems in terms of efficiency, the research attention of the civil 

engineering community has been focused on alternatives, such as wireless sensor networks. 

 

                
Figure 5. Wired data acquisition system applied on a small-scale academic instrumentation of a pedestrian 

bridge in Thessaloniki, Greece (Manolis et al., 2014) 

 

Wireless structural health monitoring systems 

Recent advances in wireless technologies have led to the introduction of wireless sensor networks to 

structural health monitoring. The use of wireless sensor nodes for SHM has been drawing increasing 

research interest, owing to the significant merits of wireless sensor nodes with respect to reduced cost 

and installation time. Typical wireless SHM architectures comprise wireless sensor nodes, installed on 

the monitored structure, communicating with each other and with a central server via wireless 

communication links (Figure 6). As mentioned earlier, wireless sensor nodes are basically integrated 

platforms combining processing units with sensing modules, facilitating the on-board processing of 

collected data prior to wireless transmission. However, there are some significant drawbacks 

associated with the use of wireless sensor nodes. The reliability of data transmission could be 

compromised due to wireless communication, while in long-term monitoring systems power efficiency 

is also a significant constraint. 
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Figure 6. Schematic of a wireless SHM system architecture 

 

In recent years, several approaches of wireless sensor networks have been proposed for SHM (Lynch 

and Loh, 2006). Most approaches focus on enhancing the ability of wireless sensor nodes, already at a 

“smart” level, to automatically execute various monitoring tasks on-board the sensor nodes. For that 

purpose, several embedded algorithms have been proposed covering a broad variety of SHM 

applications (Dragos and Smarsly, 2015). As discussed above, power efficiency is a substantial 

drawback in wireless sensor networks, and wireless communication has been proven one of the most 

power-consuming features of the sensor nodes. Consequently, most proposed embedded algorithms 

encompass data processing and data interrogation tasks in an attempt to reduce the size of the data to 

be wirelessly communicated. More sophisticated approaches are related to system identification, 

damage detection, fault detection, and structural control.  

 

The hardware platform of a typical wireless sensor node consists of three basic components, the 

sensing/actuating module, the processing unit, and the communication unit, as shown in Figure 7. The 

sensing module, which might also include actuators, is responsible for collecting the data required to 

perform monitoring tasks. According to the type of monitoring task, the collected data could be 

accelerations, velocities, displacements, strains, temperatures, etc. The collected data is usually in the 

form of an analogue signal (typically voltage), which is digitised through an analogue-to-digital 

(ADC) converter. The processing unit, consisting of a microcontroller and memory modules, handles 

the storage and processing of collected data. The communication unit comprises the wireless 

transceiver. 

 

  
Figure 7. Schematic of the components of a typical wireless sensor node 

 

An embedded computing approach for wireless SHM systems 

As mentioned previously, embedded computing is an important aspect of wireless sensor networks. 

The embedment of powerful algorithms into wireless sensor nodes can reduce the size of the data to be 

wirelessly communicated leading to reduced power demands. In this section, an embedded computing 

approach for wireless SHM systems is presented. First, the mathematical background of the proposed 

approach is given. Second, the implementation of the approach in a wireless sensor network is 

described and, finally, the proposed approach is applied in laboratory experiments. 
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Mathematical background 

The background of the embedded computing approach is related to structural dynamics and system 

identification through data processing. More specifically, the data, collected as time series, is 

processed on-board and information on the dynamic response of the structure is obtained. The aspects 

of structural dynamics and data processing are described in the following subsections.  

Structural dynamics 

The field of structural dynamics deals with the description of structural response under time-varying 

loading conditions. Contrary to static problems where structural response is estimated by only using 

elastic forces, in structural dynamics the effects of inertial forces and damping forces on structural 

response are non-negligible. Considering a structural system of mass M, damping C, and stiffness K, 

the equation of dynamic equilibrium is expressed as follows. 

 

       tFtuKtuCtuM                                                         (1) 

 

In Eq. 1,  tu  is the acceleration of the system,  tu  is the velocity and  tu  is the displacement, while 

 tF  is the external force acting on the system. Due to the complexity of physical models, even of 

simple structures, it is impossible to formulate Eq. 1 in a straightforward way. Instead, it is useful to 

use discrete models, where mass, damping and stiffness are lumped into a finite number of points of 

the structural model (“finite element modelling”), termed “degrees of freedom” (DOFs) (Chopra, 

2012). Hence, assuming a system of N DOFs, Eq. 1 is converted to: 
 

       NNNNNNNNNN fuuu   KCM                                               (2) 

 

where M, C, and K are the mass matrix, the damping matrix and the stiffness matrix, respectively, and 

 Nu ,  Nu , and  Nu  are the acceleration vector, the velocity vector and the displacement vector, 

respectively, while  Nf  is the force vector. It should be noted that Eq. 2 also describes a time-variant 

system; the variable of time has been suppressed for illustration purposes. A common tool used to 

analyse Eq. 2 is modal analysis, which provides information about the structural behaviour under 

vibration in terms of natural frequencies and mode shapes, according to the number of DOFs 

considered. Usual assumptions in modal analysis include considering “free vibration”, i.e. no external 

force, and neglecting damping phenomena. Further, since the time variation is assumed to be equal for 

all DOFs, the displacement vector is analysed to a product of a time function  tp  and a response 

vector  , as shown in Eq. 3.  

 
            tputpu NN

                                                       (3) 

 

Taking all the aforementioned assumptions into consideration and using Eq. 3, Eq. 2 is converted to: 

 

        0tptp NNNNNN    KM                                                  (4) 

 

Eq. 5 is obtained by rearranging the terms of Eq. 4. 

 

    
 
 

  




tp

tp
NNNNNN


KM

1
                                               (5) 

 

where λ is a scalar that expresses the equivalency of the two fractions shown in Eq. 5, which can be re-

written as: 
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   NNNNNN   



 KM
1                                                          (6) 

 

It is clear that Eq. 6 describes a quadratic eigenvalue problem. The scalar eigenvalues λ are the 

estimates of the squares of the natural frequencies ω of the structure. Moreover, the eigenvectors  N , 

obtained by the solution of Eq. 6, are estimates of the mode shapes of the structure.  

 

It is common in structural analysis to express the dynamic behaviour of structures in terms of natural 

frequencies and mode shapes. Consequently, experimental methods related to system identification 

focus on obtaining modal information by applying data processing techniques, such as the fast Fourier 

transform (FFT), to collected data. 

The fast Fourier transform 

The basic concept of Fourier analysis is to analyse any function of time into a sum of harmonic 

sinusoidal functions of different frequency ω and amplitude. Considering a continuous function of 

time f(t), the Fourier transform is obtained from Eq. 7. 

 






 dt)t(f)(F ti2                                                                (7) 

 

As explained earlier, in SHM systems, the sensing modules use ADC units to convert analogue signals 

to digital in a process termed “digitisation”. Since converted signals are essentially discrete time series 

of length N, it is not possible to use the Fourier transform of Eq. 7. Instead, the discrete Fourier 

transform (DFT) is applied, calculating the amplitude Fk at each frequency expressed as k cycles per N 

data, as shown in Eq. 8.  
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Z)[                                   (8) 

 

From Eq. 8, it is evident that computing the DFT algorithm requires a total of O(N
2
) calculations, 

given that 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 cost of the DFT, several researchers proposed the use of “fast 

Fourier transform” (FFT) algorithms, where the number of calculations is reduced drastically to 

O(N·logN). The most common FFT algorithm is the Cooley-Tukey algorithm, where the DFT 

algorithm of an arbitrary size is broken recursively into smaller DFT algorithms (Cooley and Tukey, 

1965). The most common form of the Cooley-Tukey algorithm is the radix-2 decimation-in-time, 

where a DFT of size N is broken into two DFTs of size N/2 at each recursive stage. More specifically, 

using Eq. 8: 
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Using the identity e
2πin

 = 1 (n   Z), the symmetry property of the DFT is given in Eq. 10. 
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As a result from Eq. 9 and Eq. 10, the total number of calculations for the assumed division is O(M
2
), 

with M = N/2. Following the same concept, further recursive decimation is possible, eventually 

reducing the number of calculations to O(N·logN).  
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Implementation 

This section covers the implementation of the embedded computing approach, proposed in this study, 

in a wireless SHM system. Because the procedure presented in the previous section needs to be 

implemented into a wireless SHM system, embedded software enabling the sensor nodes to execute 

the calculations on-board needs to be written. In the following subsections, a description of the sensor 

node platform is given, and the embedded software designed is presented. 

Wireless sensor node platform 

The wireless sensor nodes used in this study are the Oracle SunSPOTs (Small Programmable Object 

Technology) (Oracle Corp., 2007), shown in Figure 8. The hardware platform has been proven 

particularly reliable for rapid prototyping in a broad range of applications including structural health 

monitoring (Smarsly, 2014; Chowdhury et al., 2014). The sensor node platform features a powerful 

ARM 920T microcontroller with a 32-bit bus size running at 400 MHz. The flash memory used for 

storing application data is 4 MB, while the available volatile memory (RAM) is 512 kB. The operating 

system used is the Java Squawk Virtual Machine (Shaylor et al., 2003). As for the sensor board, an 

MMA7455L microelectromechanical system (MEMS) accelerometer is integrated into the sensor node 

platform, providing the user with three options with respect to the measurement range: ±2g, ±6g, or 

±8g. According to the selected range, the resolution differs being 8-bit for ranges ±2g and ±6g, and 10-

bit for ±8g. The maximum sampling rate of the accelerometer is 125 Hz. In addition, the sensor board 

of the node includes one light sensor and one temperature sensor.  

 

 
Figure 8. The Oracle SunSPOT node 

 

Embedded software 

The design of the embedded software aims at executing the algorithms described previously on-board 

the wireless sensor nodes. To this end, two applications are developed; a “host application” that 

handles the tasks of the server and an “on-board application” that handles the tasks of each sensor 

node. An overview of the software design is shown in Figure 9.  
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Figure 9. Overview of the designed software 

 

The initialisation of the system is handled by the host application running on the server. The server is 

interfaced with the sensor nodes using another node designated as “base station”. The base station is 

equipped with a radio transceiver, which is used by the host application to establish the 

communication links between the server and the sensor nodes. The next stage involves the calibration 

of the sensor nodes handled by the on-board application. More specifically, prior to excitation, the 

accelerometers are tasked to collect acceleration response data for a predefined time interval and to 

calculate the average acceleration value considered to represent the ambient noise, which is subtracted 

by the collected acceleration response data. The acceleration sampling stage starts once the 

acceleration exceeds a predefined threshold. If the acceleration drops under the predefined threshold, 

sampling stops and the collected acceleration response data is stored on-board the sensor nodes for 

further processing. Data processing involves transforming the collected acceleration response data into 

the frequency domain by applying the FFT algorithm. The processed data is then communicated via 

the wireless communication links to the base station and, subsequently, to the server. On the server, 

the processed data received by the host application is plotted to obtain a graphical representation of the 

frequency spectrum of the structural response and to identify the peaks that correspond to the modes of 

vibration.  

 

Experimental tests 

The embedded computing approach proposed in this study is validated in experimental tests on a 

laboratory structure. The software described in the previous section is embedded into a wireless SHM 

system installed on a laboratory model of an existing suspension bridge. This section showcases the 

experimental tests of the proposed approach. First, a general description of the suspension bridge, 

modelled in the laboratory, is given. Second, the testing procedure is presented and, finally, the results 

of the tests are discussed.  

The New Little Belt Bridge 

The New Little Belt Bridge is a 1,700 m long suspension bridge located in Denmark between Jutland 

and Funen (Figure 10). The bridge was built in the 1970s in an attempt to relieve the congested Old 

Little Belt Bridge, which had been in service since 1935. The central and longest span of the bridge is 

600 m long and is connected through two 240 m long side spans, one on each side, to the 31 m long 

concrete approach spans (COWI Group, 2015). The pylons have a height of 121 m and rest on piers 

shaped by caissons of 56×22 m dimensions. The deck girder has a depth of 3 m and a total width of  

33 m. The vertical suspension cables are spaced at 12 m intervals, while the two 1,500 m long main 

suspension cables are made of 61 prefabricated strands. A detailed laboratory model, shown in Figure 

11, has been built to represent the structural behaviour of the bridge to the best possible degree.  
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Figure 10. The New Little Belt Bridge in Denmark 

Source: https://en.wikipedia.org/wiki/Little_Belt_Bridge_(1970) 

 

 
Figure 11. Laboratory model of the New Little Belt Bridge 

 

Laboratory tests 

The purpose of the laboratory tests is to collect acceleration response data of the structure, to perform 

automated on-board data processing and to communicate the processed data to the server. Given that 

the example presented in this study is a small-scale test of the proposed embedded computing 

approach, the use of two wireless sensor nodes for the instrumentation of the bridge model is 

considered adequate. By comparing the frequency spectra obtained by the two sensor nodes, an initial 

overview of the relation of spectral peaks to modes of vibration can be obtained.  

 

The selection of the sensor node location follows the concept of modal analysis. One sensor node is 

placed at the middle of the central span (node 1), and the other sensor node is placed at the middle of 

one of the side spans (node 2), as shown in Figure 12. The basic idea of the experimental setup is to 

collect acceleration response data from the points with the highest amplitudes for the dominant modes 

of vibration. For the purposes of this study, one experimental setup is considered sufficient. Two tests 

are performed, test 1 exciting the structure in the vertical (z-axis) direction, and test 2 exciting the 

structure in the lateral/transversal (y-axis) direction with respect to the deck’s longitudinal axis. The 

sampling rate for both tests is 25 Hz. 

 

 
Figure 12. Experimental setup 
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Acceleration response data from each excitation is collected and processed on-board the wireless 

sensor nodes, and the respective frequency spectrum data is wirelessly transmitted to the server for 

graphic visualisation. The frequency spectra of both tests are illustrated in Figure 13 and Figure 14. 

 

 
Figure 13. Frequency spectra of node 1 (left) and node 2 (right) from test 1 

 

 
Figure 14. Frequency spectra of node 1 (left) and node 2 (right) from test 2 

 

As can be seen from the results of test 1 (Figure 13), the first peak of the frequency spectra of both 

sensor nodes is identified at f1,z = 3.10 Hz, which is concluded to be the fundamental eigenfrequency 

along z-axis. Although there is a second peak in both frequency spectra, it does not correspond to the 

same frequency and is therefore not considered the second modal peak. Considering that the second 

mode of vibration in multi-span beam structures usually has an antisymmetric half-sinusoidal shape 

with nodal (zero-amplitude) points at the middle of the spans, identification of the second modal peak 

is not likely with the current setup. Moreover, the highest detectable modal peak is restricted by the 

selection of the sampling rate; the highest frequency of the spectrum, also termed “Nyquist” 

frequency, is half of the sampling rate (fmax = 12.5 Hz). The results of test 2 (Figure 14) are quite 

similar to the results of test 1 with respect to peak detection. The first mode of vibration is identified at 

a frequency of f1,y = 4.80 Hz, while no other modal peaks are identified. It is worth mentioning that 

there is an additional peak at the frequency spectrum of node 1 in test 1 at the same frequency as f1,y. 

This result could be indicative of coupling between one lateral and one vertical component for this 

mode of vibration.  

 

Summary and conclusions 

System identification and condition assessment of structures is of utmost importance for maintaining 

the integrity of ageing infrastructure and for mitigating potential risks posed to public safety. To this 
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end, structural health monitoring has been introduced aiming at successfully detecting adverse changes 

in the condition of structures that could indicate damage. In the field of structural health monitoring, 

wireless sensor networks have been drawing increasing research attention, as an alternative to 

conventional wired systems, which have been proven particularly costly and labour intensive. Wireless 

sensor nodes are autonomous platforms where sensing modules are collocated with processing units. 

The exploitation of the processing power of wireless sensor nodes has been demonstrated in various 

research efforts in the form of embedded algorithms used to execute monitoring tasks on-board the 

sensor nodes.  

 

In this study, an embedded computing approach for wireless SHM systems has been presented. More 

specifically, an embedded algorithm has been proposed for transforming collected acceleration 

response data from the time domain into the frequency domain using the fast Fourier transform. The 

proposed approach has been implemented into a wireless SHM system, and embedded software has 

been written using the Java programming language. The proposed approach has been validated in 

experimental tests on a laboratory model of an existing suspension bridge. Two tests have been 

conducted; in the first test, the bridge model has been excited in the vertical direction and in the second 

test, it has been excited in the lateral (transverse) direction. Collected acceleration response data has 

been transformed into the frequency domain using the fast Fourier transform, and the processed data 

has been sent to the server for graphic visualisation. The results have shown that the peaks of the 

calculated frequency spectra correspond to the dominant modes of vibration and can be used for 

system identification and condition assessment. 

 

Further extension of the embedded computing approach will encompass the design of more 

sophisticated algorithms to enable the execution of system identification tasks of increasing 

complexity. More specifically, the embedment of algorithms that handle peak-picking on the extracted 

frequency spectra, frequency domain decomposition, or stochastic subspace identification could be 

investigated as an attempt to facilitate the decentralised system identification and condition assessment 

of monitored structures.  
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