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Operational modal analysis (OMA) has been increasingly adopted for system identification 
in structural health monitoring (SHM). OMA is typically performed by processing structur-
al response data either in the time domain or in the frequency domain. A time domain 
method that has received considerable attention in recent years, owing to its accuracy in 
yielding mode shapes, is the stochastic subspace identification (SSI). Moreover, due to the 
trend being directed in recent years towards wireless technologies in SHM, embedded algo-
rithms performing SSI on board wireless sensor nodes have been proposed. Despite the 
promising results from embedded SSI algorithms, attention needs to be drawn to the effi-
ciency of the embedded algorithms due to the inherent constraints of wireless sensor nodes 
in terms of power autonomy and memory management. Furthermore, the efficiency of the 
algorithms needs to be addressed in the context of quality control. The preliminary step 
towards quality control of embedded SSI, which is identifying the parameters of the process 
that could serve as quality indicators, is discussed in this paper. Specifically, an SSI algo-
rithm is designed and implemented into a prototype wireless SHM system. Subsequently, a 
series of laboratory tests are performed and the “key process variables”, i.e. variables relat-
ed to the implementation of the algorithm (e.g. battery consumption) that could serve as 
quality indicators, are identified. The paper concludes with a discussion on the quality indi-
cators identified and with an outlook on further steps towards quality control of embedded 
algorithms. 
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1 Introduction 

Structural health monitoring (SHM) is a field that receives increasing attention in civil 
engineering. SHM is associated with collecting data from structures to obtain information 
on structural states. Data collection can be performed by means of cable-based sensor net-
works or wireless sensor networks. Wireless sensor networks for SHM are composed of 
wireless sensors nodes, which are cheaper and easier to install than cable-based sensors 
(PENTARIS et al. 2013). One challenge of wireless sensor networks is managing battery 
consumption, which can be alleviated using embedded computing. 

Embedded computing in wireless sensor nodes has been utilized for performing a variety of 
monitoring tasks (SMARSLY 2011). For example, embedded algorithms have been proposed 
for detection and correction of synchronization problems in wireless SHM systems 
(DRAGOS & SMARSLY 2017a) and for decentralized condition assessment using partial 
numerical models (DRAGOS & SMARSLY 2017b). Regarding safety in structures, cable force 
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estimation using wireless sensors have been studied (CHO et al. 2008), damage detection 
has been exposed (LYNCH et al. 2004), and vibration control have been reported (JEONG et 
al. 2017). In the field of system identification, embedded computing has been utilized for 
obtaining information on structural properties (KIM & LYNCH 2012, DRAGOS & SMARSLY 
2015, 2016). 

In SHM, structural states can be evaluated by means of modal identification. There are 
various methodologies for performing modal identification; however, in existing structures 
the most common method is operational modal analysis (OMA). It can be performed with-
out interrupting normal operations of structures and can process structural response regard-
less of the input data. OMA can be done using algorithms that are divided into frequency 
domain methods and time domain methods. Frequency domain methods transform time 
signals into the frequency domain, usually via fast Fourier transform (COOLEY & TUKEY 
1965), while time domain methods use the time domain data, e.g. by means of covariance. 
OMA have been applied in SHM systems in form of algorithms using embedded compu-
ting. 

Several researchers have developed embedded algorithms implementing OMA methods 
into wireless SHM systems. The use of peak picking (PP), frequency domain decomposi-
tion (FDD), and random decrement (RD) algorithms for detecting modal properties auto-
matically has been reported by ZIMMERMAN et al. (2008). The stochastic subspace identifi-
cation (SSI) algorithm has been implemented in a wireless SHM system by CHO et al. 
(2015), testing the use of sensor nodes clustering and by validating the approach through 
laboratory tests. Additionally, CHO et al. (2008) have presented three smart wireless SHM 
systems used for modal identification through modified FDD and PP, which have been 
validated via field tests on a balcony structure in a historic theater and via testing a scaled 
laboratory cable-stayed structure. Moreover, LE CAM et al. (2013) has applied an embedded 
SSI algorithm into the PEGASE platform obtaining good correlation between the onboard 
results and the results of a centralized data analysis. While the aforementioned studies have 
used various algorithms for embedded OMA, the quality of embedded algorithms has not 
been adequately addressed yet. 

This paper presents preliminary steps towards quality control of embedded algorithms by 
identifying parameters that could serve as quality indicators. For identifying the quality 
indicator parameters, a prototype wireless SHM system equipped with embedded SSI algo-
rithms is exemplarily developed. Specifically, an algorithm for implementing the SSI-Cov, 
which is a variant of SSI based on the covariance between structural response data sets, is 
devised and embedded into the prototype wireless SHM system. The wireless SHM system 
is installed in a laboratory test structure, and a series of tests are performed, varying one 
input parameter of the SSI-Cov method in each test. From the test results, conclusions are 
drawn onto which parameters are important for investigating the quality of embedded algo-
rithms. 

2 Stochastic subspace identification for OMA 

The SSI-Cov method is derived from the state-space model representation of the equation 
of motion of a linear-invariant multi degree of freedom system. The continuous state-space 
model is shown in equation (1). 
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x                    (1a) 
                   (1b) 

where AC is the system matrix, ẋ(t) is the derivative of the state vector, BC is the input ma-
trix and defines the spatial distribution of m inputs from the input vector u(t). The matrices 
CC and DC are the output matrix and direct transmission matrix, respectively, and define the 
output vector y(t). From the continuous state-space model, the stochastic subspace model is 
derived (VAN OVERSCHEE & DE MOOR 1996) and the relation between the correlation ma-
trix of the structural response data and the system matrix is found, as shown in equation (2). 

        (2) 

where C is equal to CC and G is the correlation between the state and the output vectors. 
Matrix A represents the discrete system matrix and is derived from AC. The output covari-
ance sequence Rj, estimated from structural response data, is related with the state-space 
matrix A of the discrete state-space model; therefore, it is possible to calculate A from 
structural response data.  

The modal parameters of the system can be obtained from matrix AC, using the eigen-
decomposition, i.e. the decomposition into eigenvalues and eigenvectors, shown below: 
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  … …   for k=1, ..., n2               (3c) 

In equation (3), Ψ and ΛC are the matrices containing the eigenvectors and eigenvalues, 
respectively, from the eigendecomposition of AC. The eigenvalues are λk and the eigenvec-
tors are φk. The notation ●* denotes complex conjugate. Since the matrix Ψ contains all the 
eigenvectors measured (physical and non-physical), the corresponding mode shapes Φ are 
selected using the matric CC: 

         (4) 

The covariance function is calculated from an infinite number of structural response data 
points. Since there are only a finite number of structural response data points yk, the covari-
ance function considered is essentially an estimated covariance R̂ (pseudo covariance): 

∑  for j=1, ..., jm     (5) 

Values calculated for R̂ are arranged in a Toeplitz matrix, which is a diagonal-constant 
matrix. The dimension of the Toeplitz matrix represents the order of the SSI-Cov method. 
Further details on the mathematical background of SSI-Cov are described in VAN 

OVERSCHEE & DE MOOR (1996). 

3 Implementation into a prototype wireless SHM system 

The implementation of the SSI-Cov method in an algorithm embedded into a prototype 
wireless SHM system, which consists of wireless sensor nodes and a gateway sensor con-
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nected to a server (i.e. a computer), is illustrated in Figure 1. First, all sensor nodes are 
started and set ready to communicate with the server. Then, the sensor nodes are synchro-
nized and structural response data is collected. Next, one sensor node used as reference 
sends the structural response data to the rest of the sensor nodes, which receive the data and 
perform baseline correction. Subsequently, each sensor node uses the structural response 
data locally collected and the structural response data of the reference sensor node for ap-
plying the SSI-Cov algorithm for several orders, i.e. varying the size of the Toeplitz matrix; 
the solutions are stored locally in each sensor node. Then, from the solutions stored locally 
each sensor node finds the stable eigenfrequencies and mode shapes, which means finding 
the values that represent the physical behavior of the structure. Finally, the eigenfrequen-
cies and mode shapes are sent to the server. 

 

Figure 1: Overview of the wireless SHM system 

4 Laboratory tests and results 

In this section, the performance of the embedded algorithm implementing the SSI-Cov 
method is analyzed by means of laboratory tests. The tests are devised for varying input 
parameters of the SSI algorithm and analyzing the results of memory usage and battery 
consumption. 

4.1 Experimental setup 

The laboratory tests are conducted using a four-story shear frame structure. The structure 
height is 1200 mm, in which each floor is composed by an aluminum plate of 300 mm 
length and 200 mm width. The columns, with cross sections of 2 mm × 20 mm, are con-
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nected to each story using bolts. The columns are connected at the base to a block, ensuring 
fixed supports. Each story has a sensor node of type Oracle SunSPOT (Oracle Corp., 2009) 
placed at the center of the plate. Each sensor node is equipped with a triaxial digital output 
accelerometer and with a temperature sensor. The laboratory structure is shown in Figure 2. 

Figure 2: 
Laboratory structure 

 

4.2 Description of the laboratory tests 

A series of tests are conducted using the laboratory structure. In each test, one input param-
eter of the SSI-Cov method is varied to investigate the effect of the parameter in question 
on the performance of the embedded SSI-Cov algorithm. The input parameters considered 
are: 

 Sampling frequency: 50 Hz, 100 Hz, and 125 Hz 
 Length of structural response data sets: 500, 1000, and 2000 data points 
 Maximum order of the SSI-Cov algorithm: 26, 36, and 42 

Battery consumption and memory usage from each sensor node are retrieved and studied as 
potential quality indicators. The sensor node placed at the roof of the laboratory structure is 
that sensor node, which is used as the reference for the embedded SSI-Cov algorithm in all 
tests. 

4.3 Tests results and discussion 

The tests results are grouped according to the quality indicator studied. Figure 3 shows the 
variation of memory usage when varying each of the input parameters of the SSI-Cov 
method. The corresponding results of the battery consumption are illustrated in Figure 4. 

The results from Figure 3 show a decreasing trend of the memory usage for shorter data set 
lengths; however, the results are too dispersed in the case of 1000 data points. Similarly, 
when the SSI order increases, the memory usage, in general, increases as well, but results 
do not show a strong convergence. In the case of sampling frequency variation, there is no 
visible trend. 
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Figure 3: Memory usage for each of the SSI-Cov input parameters  

The lack of clear trends with respect to memory usage is attributed to the stochastic nature 
of the algorithm. The size of the identification matrix, i.e. the Φ matrix, depends on the 
frequencies identified. Thus, for the same input parameters, but using different structural 
response data, each test will have different memory usage. 

 

Figure 4: Battery consumption for each of the SSI-Cov input parameters. 

From Figure 4 it is evident that longer data sets are associated with an increasing trend in 
battery consumption, which is also the case for increasing SSI order. When increasing the 
sampling frequency, the battery consumption is reduced; however, the variation is relatively 
low and the consumption can be considered as constant. 
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From the test results it is clear that varying the input parameters of the SSI-Cov method has 
a noticeable and quantifiable effect on the performance of the embedded SSI-Cov algo-
rithm, as reflected in memory usage and battery consumption. It is therefore concluded that 
performance metrics of embedded computing, such as battery consumption and memory 
usage, serve as reliable indicators for conducting quality control of embedded algorithms in 
wireless SHM systems. 

5 Summary and conclusions 

In recent years, engineering structures have been increasingly investigated to determine 
their current structural states. There are several methods to investigate the properties of 
structures, which are normally classified into destructive testing methods and non-
destructive testing (NDT) methods. Among the NDT methods, structural health monitoring 
is frequently used, and it is usually performed by collecting structural response data and by 
processing the data to extract conclusions about structural states. One method used in SHM 
for obtaining information on structural dynamic properties is OMA. Particularly in wireless 
SHM systems, the use of embedded algorithms for SHM, such as OMA algorithms, has 
been widespread including various algorithms, such as peak-picking, frequency domain 
decomposition, and stochastic subspace identification. However, investigating the quality 
of embedded algorithms has not received adequate attention. This paper has presented an 
investigation of quality indicators for embedded algorithms through an example of an SSI-
Cov algorithm embedded into a prototype wireless SHM system. 

The parameters that could serve as quality indicators of the embedded algorithm have been 
studied through laboratory tests using a shear frame structure, by varying input parameters 
of the SSI-Cov method in each test. The results of the laboratory tests have shown that the 
parameters considered, i.e. the memory usage and the battery consumption, are affected by 
the variation of the SSI-Cov input parameters and may serve as indicators when analyzing 
the quality of the embedded algorithm. Future research may focus on quantifying the quali-
ty of embedded algorithms. 
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