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SUMMARY
Computational capability of wireless sensor network (WSN) signiﬁcantly facilitates application of dense sensory
arrays, which is increasingly important in health monitoring of large-scale structural systems. As the wireless
sensor technology improves, more complicated tasks can be assigned to sensing units, and the communication
between sensing nodes and their base station can be minimized, utilizing in-network processing. This strategy
should be used to address WSN challenges, such as limited communication bandwidth and prohibitive power
consumption, associated with wireless communication and battery power. An iterative modal identiﬁcation
algorithm is proposed in this paper, which uses the on-board processors for estimation of system parameters
through iteration cycles. The iterative algorithm was originally developed such that each individual sensor, having
an initial estimate of the system parameters, its local measurement, and the excitation signal, updates the estimated
model and passes it through the network until convergence. This study further improves the algorithm to eliminate
its limitations in need for availability of excitation load and initial estimate of the system parameters. As a result,
the algorithm is applicable for modal identiﬁcation of structural systems under ambient loading without need for
prior information about the system parameters. The development of the algorithm is presented in this paper and
validated through implementation on a numerically simulated example and a laboratory experiment. Furthermore,
its performance is evaluated using data from an ambient vibration test of the Golden Gate Bridge using a WSN.
Results of these implementations verify the functionality of the algorithm in monitoring of real-life structural
systems. Copyright © 2012 John Wiley & Sons, Ltd.
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1. INTRODUCTION
Identiﬁcation of dynamic characteristics of constructed structures is one of the fundamental steps in
many structural health monitoring (SHM) applications. Estimates of the dynamic properties enable
assessment of structures’ performance and calibration of ﬁnite element models and, thus, assist with
the maintenance of the structure over its lifetime. In the past three decades, vibration monitoring
techniques have improved in different aspects. These improvements can be classiﬁed into two
fundamental categories: (i) advancements in technology (e.g., sensing and data acquisition technology) and (ii) advancements in data processing and system identiﬁcation approaches. Despite this
classiﬁcation, a signiﬁcant dependency usually exists between technological improvement and data
processing improvements. One evident example of this dependency is in incorporation of wireless
technology into SHM. Wireless sensors present signiﬁcant advantages in deployments and data
collection by their lower cost and ease of instrumentation, achieved by eliminating cables for
communication and power. However, challenges in their application, such as prohibitive power
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consumption and limited data transmission bandwidth, raise the need for new approaches to
overcome these issues. Possible solutions to these challenges may rely on either a new technology
(e.g., use of wireless power transmission or energy harvesting) or a new processing strategy that
minimizes the need for communication energy.
Although technological solutions, such as energy harvesting [1,2] and wireless power transmission
[3], are promising and necessary in the future application of WSNs, they do not eliminate the entire
challenge; thus, it is still crucial to develop new approaches to manage and minimize their power
consumption. An idea that attracted many researchers after early application of wireless sensor network
(WSN) in SHM [4–6] was incorporating on-board computational capability of wireless sensors in data
processing [7–9]. Different types of network topologies and on-board processing algorithms have been
developed to replace the traditional centralized networks that transfer the entire measured data from
sensing nodes to the base station for processing. It is shown [10] that the power consumption of the
communication task is signiﬁcantly higher than that of on-board computation. Hence, the logical goal
in using on-board computational capability is to assign a portion of data processing to on-board
processors (so-called distributed data processing) and minimize the data transmission, which is the
more power-consuming task.
Literature shows a signiﬁcant effort recently devoted to develop and improve distributed data
processing techniques. Examples of distributed modal identiﬁcation algorithms are (i) coordinated
computing strategy proposed by Gao et al. [9] and further improved by Nagayama and Spencer [11]
and Sim et al. [12,13]. This approach divides the network into a number of sub-networks with cluster
heads in a hierarchical topology. In this design, all the leaf nodes in each sub-network receive the
data from cluster heads and compute and broadcast the correlation functions for implementation of
Eigensystem realization algorithm (ERA) [14]; (ii) parameter estimation by parallel processing
developed by Zimmerman et al. [15]. In this work, peak picking, random decrement, and frequency
domain decomposition are modiﬁed for implementation in a distributed array of sensors; (iii)
regularized auto regressive (AR) models, proposed by Pakzad et al. [16]. This approach proposes
a restriction on AR parameters of the multivariate AR models to eliminate the computation of
correlation functions between signals measured at nodes that are far apart, thus reducing the
volume of data passed through the network.
Whereas proposed approaches reduce the amount of communicated data in speciﬁc network
architectures, they are restricted by the underlying identiﬁcation algorithms. For example, the
approach proposed by Pakzad et al. [16] is applicable for AR technique as the identiﬁcation algorithm;
the approach proposed by Sim et al. [12,13] is developed for application of ERA as the identiﬁcation
technique. Additionally, more efforts are still needed to remedy the existing challenges in the current
state of WSN application and to improve the overall state of the distributed data processing
approaches for modal identiﬁcation. Recently, a new distributed modal identiﬁcation approach is
proposed by Dorvash et al. [10] in which the modal parameters of a system are identiﬁed in an iterative
method. This algorithm, called iterative modal identiﬁcation (IMID), works on the basis of an iterative
estimation method that predicts unknown parameters in the absence of complete information
(expectation–maximization [17,18]). IMID assigns the modal identiﬁcation task to each remote node
and limits the data communication to transmission of only the system parameters. This approach is
shown to be very efﬁcient as it can reduce the data transmission to less than 20% of traditional centralized network. The algorithm in [10], called IMID, is implemented and tested on different input–output
test beds, and its functionality is validated. Two basic limitations associated with IMID were not
addressed in the previous publication: (1) the need for prior information about the system (initial
estimate) and (2) the need for availability of the system’s input function. These restrictions impose
challenging limitations in real-life deployment of IMID.
The work presented in this paper is an effort towards eliminating these limitations of IMID
algorithm. The need for prior knowledge about the system is addressed by incorporating a new idea
to form an estimate of the system by cumulatively collecting information from network in the ﬁrst
cycle of iteration. Also, to make the algorithm applicable for output-only problems, further adjustments
are applied in which the estimated impulse response (e.g., correlation function between sensing nodes
and a reference node) are simulated, and the estimating parameters are updated through the network.
The modiﬁed algorithm is validated by implementation on different examples.
Copyright © 2012 John Wiley & Sons, Ltd.
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1.1. Scope of the paper
This paper presents a new approach for distributed modal identiﬁcation process that is designed for
on-board processing of wireless sensors data. To provide the background and terminology, the basic
formulation of IMID algorithm is presented, and its performance and limitations are discussed. A
modiﬁcation is introduced, which addresses the need for initial estimate of the system. For validation,
the new version of IMID is implemented for modal identiﬁcation of a laboratory truss structure.
Further improvement of the algorithm is presented through its extension for output-only systems.
For this purpose, estimates of unscaled impulse response at different nodes, having a reference node
in the network, are used instead of measured response for updating and extracting the system
parameters. To validate the functionality of the method, it is implemented on a numerically simulated
example and also on the data collected from a long-span bridge monitoring for modal parameter
identiﬁcation. The results are presented, and the performance of the algorithm is discussed on the basis
of the outcomes of the implementation examples.

2. ITERATIVE MODAL IDENTIFICATION
Distributed modal identiﬁcation techniques are intended to incorporate the on-board computational capability of wireless sensors in data processing to minimize the communication as a strategy for optimizing
the power consumption. A challenge in the implementation of distributed modal identiﬁcation techniques
is the need for simultaneous access to the entire measured data at a single location (as it is required for
system identiﬁcation process). An IMID [10] algorithm is developed to eliminate such requirement. IMID
is based on a class of estimation algorithm, called expectation–maximization (EM). EM estimates
unknown parameter (θ), given the measurement data (Y), in the presence of some hidden data (Ŷ),
or in other words, in the presence of incomplete data [17,18].
Considering the log-likelihood function of unknown parameters θ as
LðθÞ ¼ logð pðY=θÞÞ

(1)

the estimation of unknowns (θ) is given by maximizing the function, L(θ), over θ:
θ ¼ Arg: max½LðθÞ

(2)

where Y is the available data (complete measured data).
In estimation problems, when the entire data set for estimation is not available, EM is an effective
tool. It ﬁrst estimates the complete data using a set of assumed parameters, θp, (expectation phase),
then maximizes the likelihood function over system parameter to ﬁnd a new set of parameters, θp + 1
(maximization step), and continues until the convergence for the parameters is achieved. The concept
of EM is illustrated in Figure 1.
Iterative modal identiﬁcation implements similar process for on-board estimation of system parameters
where the measured data from other sensors is not available. In this approach, system parameters are
(a)

(b)

Figure 1. (a) The block chart presenting the expectation–maximization algorithm and (b) tasks assigned to each
node in iterative modal identiﬁcation.
Copyright © 2012 John Wiley & Sons, Ltd.

Struct. Control Health Monit. (2012)
DOI: 10.1002/stc

S. DORVASH AND S. N. PAKZAD

deﬁned as those parameters that represent dynamic characteristics of the system and can be used to
simulate the structure’s response. For instance, stiffness, mass, damping, modal parameters, state space
system matrices (A, B, C, and D), or other non-physics based parameters such as correlation functions
or AR coefﬁcients can be considered as system parameters in IMID. The updating step (or maximization
step) in this approach is done by passing the system parameters through the network from node to node.
Considering a structure instrumented by n sensor nodes, the ﬁrst node, on the basis of an initial assumption
for system parameters, makes a numerical simulation and estimates the response on other nodes (expectation step in EM algorithm). The simulated response and the measured data at this node are used to
estimate a new set of system parameters (maximization step in EM algorithm). Then this node sends
the system parameters to the next node in the network for updating with a similar local processing. The
same steps are taken in all of the nodes of the network one by one, except that each node uses the system
parameter estimated at its previous node. This way, each node inﬂuences on the estimation by its
measured data. This procedure continues within the network until the estimated parameters are converged.
The convergence threshold can be deﬁned on the basis of the accuracy in identiﬁed parameters (e.g.,
response residual errors). Besides, a set of boundaries can be deﬁned to limit the number of iteration cycles
and prevent excessive non-improving cycles. The signiﬁcance of this technique is that it transmits the
estimated system parameters in the network instead of transmitting the measurement data. Considering
the fact that the size of estimated parameters is very small compared with that of the raw data, depending
on the number of iteration cycles, IMID can signiﬁcantly reduce the communication burden of the network.
There are two fundamental limitations associated with IMID, presented in [10]: (1) this algorithm
needs an initial estimate of the system parameters before starting the iteration and (2) the excitation
load must be available (i.e., IMID works only for input–output systems). An initial estimate for the
system parameters is assumed to be available by either a constructed ﬁnite element model of the structure
or from prior dynamic testing of the structure. Both assumed scenarios for addressing this limitation may
make the implementation of the algorithm somewhat challenging and restricted in certain cases.
The need for availability of excitation load also limits the application of the algorithm to input–
output problems, where the excitation load is measured (note that in the case of impact testing the
excitation is also known). This paper presents new approaches that overcome the limitations of the
prior work and eliminate the need for both initial estimate of the system parameters and the excitation
load. These approaches are cumulative system formation, application of Auto Regressive - Auto
Regressive with Exogenous (AR-ARX) analogy in IMID, and developing output-only IMID algorithm.

3. CUMULATIVE SYSTEM FORMATION
3.1. Initial estimate of the system
One of the limitations of IMID is its need for a starting point for the iteration process. In many applications, an initial estimate of the system can be provided from previous implementations or ﬁnite element
model of the structure. However, because in many applications this information may not be available, a
cumulative system formation approach is developed here that can estimate the modal properties on the
basis of a similar principle but is independent of initial values.
In IMID, sensing units, in addition to measurement of the structural response at their locations, simulate the response at other locations to complete the data for performing system identiﬁcation [Figure 1(b)].
To start the iteration, therefore, the ﬁrst node needs system parameters to simulate for the rest of the nodes.
These parameters for this node are estimated using only measured data at its location (single output
problem). The second node then receives estimated parameters from the ﬁrst node and uses them to
simulate the ﬁrst node’s measurement. Together with its locally measured data, the second node updates
the estimated systems parameters (two outputs). The third node performs a similar process with three
outputs, and the process continues up to the last node in the array; each time, the number of outputs
increases by 1. As the estimation reaches the last node, one cycle of iteration is completed, and the
estimated system is formed from multiple outputs. At this stage, the estimated parameters are capable
of simulating as many outputs as participated in the ﬁrst cycle because they are extracted from a multiple-output model. For next iteration cycles, a multiple-output system will be updated through the network,
and updating continues until convergence. The challenge in this approach is that models estimated with
Copyright © 2012 John Wiley & Sons, Ltd.
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only a few outputs are not accurate estimates of the true system. However, in implementation examples of
this paper, it is shown that the accuracy improves quickly as estimation is updated through the network.
In summary, the different steps in IMID are as follows:
(i)
(ii)
(iii)
(iv)
(v)
(vi)

All sensing nodes in the network perform the measurement.
The ﬁrst node estimates the system and transmits to the second node.
The second node receives parameters from the ﬁrst node, simulates the ﬁrst node’s response,
updates the system parameters together with its measurements, and passes them to the next node.
The process continues up to the last node.
If the convergence has not happened in the ﬁrst cycle, the iteration starts the next cycle.
Iteration continues until the system parameters are converged.

Figure 2 also demonstrates the strategy for application of IMID.
In the implementation of IMID, careful consideration should be given to the selection of model
order, particularly in the ﬁrst cycle. The reason is that system parameters that are identiﬁed from lower
number of outputs are expected to carry the entire system characteristics, and therefore, estimation may
need a higher model order to accomplish the task. For example, the ﬁrst node is supposed to estimate
the system from its only measured output. To do this, the model order should be selected high enough
to capture all high-level and low-level dynamic characteristics of the measured signal. For the rest of
the iteration cycles, selection of model order should also be based on the accuracy in simulation of
response. However, in general, it is important to use optimum model order, which results in accurate
results as increasing the model order increases the communication burden for the network. One
approach is to select the model order on the basis of minimum simulation error (for more information
about optimum model order selection, readers are referred to Dorvash et al. [10]). Alternative
approaches for model order selection are Akaike’s information criterion [19] and partial autocorrelation analysis presented in Box et al. [20].
3.2. (AR-ARX) model analogy
AR-ARX model is a two-step process that is a popular implementation of Auto Regressive and Moving
Average (ARMA) [21] model and can be ﬁt to the data from output-only systems [22,23]. In this
approach, the system with relatively broadband input is characterized by ARX parameters in two steps:
(i) applying an AR model with relatively high order which is ﬁt to the output data (y) and provides an
estimate of the output (y) and (ii) ﬁtting an ARX model with relatively low model order in which the
estimation error (residuals) in step (i) is considered as the exogenous input of the model. An analogous
strategy can be utilized in the implementation of IMID. In this analogous approach, different steps (AR
for output-only and ARX with residuals as input) are performed in different iteration cycles. In other
words, the ﬁrst iteration cycle uses AR model, and the later iteration cycles use ARX model, using
residuals of the AR model, for estimating the system parameters and predicting the response. Similar
to AR-ARX approach, the ARX models use residuals as the input. The available residual at the sensor

Figure 2. Iteration cycles in iterative modal identiﬁcation.
Copyright © 2012 John Wiley & Sons, Ltd.
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location is the difference between the locally measured signal and the predicted one from simulation.
The process is outlined in Figure 3. Utilizing this approach in implementation of IMID enhances the
results of the algorithm as it reduces the residual error and, thus, expedites the convergence.

3.3. Validation through implementation on an experimental laboratory truss
To validate the idea of cumulative system formation in IMID, the algorithm is applied in modal
identiﬁcation of a three-dimensional steel truss structure. The truss is 9 m long in six panels as shown
in Figure 4. A network of 10 wireless sensors is installed on the lower chord of the truss to collect the
acceleration response. Figure 4(b) shows the conﬁguration of sensor network on the truss. The
accelerometers are LIS3L02AS4 [24,25] with 50 mg/√Hz noise density in X and Y direction and
resolution of 0.66 V/g, capturing acceleration in 2 g range. IMID is emulated in MATLAB [26], and
the data from the sensors are used to evaluate the performance of the proposed algorithm.
Because the truss structure is relatively stiff, with natural frequencies all above 10 Hz, a relatively
long response measurement with a high sampling rate is required for extracting fundamental natural
modes. For this experiment, the impulsive loads were applied on the top chord of the truss between
joints 1 and 2 [Figure 4(b)] in vertical direction, and, as presented in Figure 5(a), it takes about 30
to 40 s for the impulse response with a peak of 0.6 g fully attenuated. Figure 5 shows the measured
response from sensor 3 at the mid-span and its power spectral density.
Auto regressive with exogenous model is used as a numerical model for characterizing the system.
ARX models can be used for both simulation and identiﬁcation steps. An ARX model can be written as
follows [21]:

Figure 3. Block chart presenting AR-ARX analogy in application of iterative modal identiﬁcation.
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Figure 4. (a) The experimental truss structure and (b) the location of sensors on the truss.
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Figure 5. (a) The impulse response in a node at mid-span and (b) the power spectrum of the response.
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X

ai yðn  iÞ ¼

q
X

bi uðn  iÞ þ eðnÞ

(3)

i¼1

i¼0

where y(n) = [y1(n) y2(n) . . . ym(n)] and u(n) = [u1(n) u2(n) . . . ur(n)] are matrices of output and input
vectors, respectively. Parameters ai and bi are ARX coefﬁcients, e(n) represents the noise and measurement error, and p and q are orders of the autoregressive and exogenous terms in the ARX model,
respectively. For IMID based on ARX model, ARX parameters are communicated throughout the
network to represent the structural system. These parameters (ai and bi) can be estimated by least
square approach (minimizing the sum of squared errors) having the response (estimated response).
Using ARX, one can estimate response at any time step on the basis of the past inputs and outputs
and the current input. Considering the noise with zero mean, Equation (3) can be rewritten to estimate
for the response at time step n:
yðnÞ ¼ 

p
X

ai yðn  iÞ þ

q
X

bi xðn  iÞ

(4)

i¼0

i¼1

When the input is an impulse, for n > p + 1, Equation (4) will be simpliﬁed to the following:
yðnÞ ¼ 

p
X

ai yðn  iÞ

(5)

i¼1

This equation can be used for one-step output prediction. For multi-step output prediction, the
vector of s step responses can be obtained directly by the following equation [27]:
2

3
2
ap
yðnÞ
6 yðn þ 1Þ 7
6 að1Þ
6
7 ¼ 6 p
4
5
4 ⋮
⋮
yðn þ s  1Þ
aðps1Þ

ap1
ð 1Þ
ap1
⋮
ðs1Þ
ap1

⋯
⋯
⋱
⋯

32
3
a1
yðn  pÞ
ð1Þ
6
7
a1 7
76 yðn  p þ 1Þ 7
5
⋮
⋮ 54
ðs1Þ
yðn  1Þ
a1

(6)

where
ð 0Þ

a1 ¼ a1
ðk Þ

a1 ¼ akþ1 

k
X

ðkiÞ

ai a1

for k < p

i¼1

ðk Þ

a1 ¼ akþ1 

k
X

ðkiÞ

ai a1

for k ⩾ p

i¼1

Therefore, to predict the output response, a sensor only needs AR parameters of the system, which is
estimated in the previous sensor and is passed through the network.
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3.4. Implementation and results
The objective of this implementation is to identify the modal parameters of the truss structure. For this
purpose, the system parameters are estimated through the iteration cycles. Beginning from one node, the
network runs the iteration following the estimation/simulation steps. To make the implementation more
efﬁcient, the network can be divided into different sub-networks where each runs the iteration and transmits
the converged result to the base station separately. The idea of dividing the network into sub-networks has
been used in several distributed modal identiﬁcation algorithms presented in the literature [9,11]. Figure 6
shows a few examples of different alternative topologies for dividing the network in this experiment. In the
topology (a), all the nodes are within one group, while in topology b, c, and d, they are divided in two
separate groups with different orders.
As the results are converged and the parameters are transmitted to the base station, the complete
response is simulated, and the global modal parameters are estimated. Among different topologies
presented in Figure 6, the best results (i.e., the lowest residual errors) are obtained from topology (b). This
can be attributed to the fact that in this topology, the clustered nodes in each group are from either the front
or back 2-D trusses, which makes the two sub-networks less correlated compared with topologies (c) and
(d). Because the location of the impulsive load was on the left side of the truss, node 1 had relatively high
signal-to-noise ratio (which means higher modal information), and, thus, it is a good candidate to be the
starting point for iteration. Besides, in implementation of IMID on a sensor network, starting from one of
the end points of each sub-network is preferred because in this way, nodes (e.g., from left to right or vice
versa) pass their data one by one up to the last node and cover all nodes in each pass.
To check the convergence, at each node, the root mean square (RMS) of the residual (simulated signal subtracted from measured signal) is compared with the RMS of the measured signal. Figure 7 shows the residualto-signal ratio of three cycles of iteration. It should be noted that the convergence check assigns an extra task
to individual nodes. As Figure 1(b) presents, different tasks of sensing nodes in IMID are to receive the estimated parameters, update them by the use of their measurement, and send them to the next nodes for further
updating. Part of the updating task is to check the convergence, for which the response is simulated using the
updated parameters and is compared with the measured response. Therefore, for an efﬁcient implementation,
convergence check can be assigned to only the node which is located at the end of each iteration cycle.
The model order for this implementation is 30 for the ﬁrst cycle and 10 for the rest of the cycles.
These model orders are selected on the basis of minimum simulation error.
Having the converged parameters at the base station, the response of the complete structure is
simulated, and the modal parameters are extracted using any system identiﬁcation algorithm. Considering
AR algorithm, the structural model can be rearranged to the state space representation as follows:
xðn þ 1Þ ¼ Ad xðnÞ þ Bd uðnÞ

(7-a)

yðnÞ ¼ CxðnÞ þ DuðnÞ

(7-b)

In Equation 7-a and -b x(n) is the state vector, y(n) is the observation vector, and u(n) is the input vector
at time step n; Ad is the state matrix and Bd the input matrix in discrete format, C is the observation matrix,
and D is the transmission matrix. Choosing the state vector as

Figure 6. Different sub-networking topologies for communication.
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xðnÞ ¼ ½yðnÞ yðn þ 1Þ

...

yðn þ k  1Þ

0

the state and observation matrices can be expressed in the controller form as follows:
2
3
0
I
⋯
0
6 ⋮
⋮
⋱ ⋮ 7
7
Ad ¼ 6
4 0
0
⋯
I 5
ap ap1 ⋯ a1

(8)

(9)

C ¼ ½I 0 ⋯ 0
(10)
where [I] and [0] are identity and zero matrices with appropriate dimensions, respectively. From these
matrices, the natural frequencies, mode shapes, and damping ratios of the structure can be extracted
[21]. Figure 8 shows the ﬁrst six identiﬁed mode shapes, natural frequencies, and damping ratios of the
truss structure. Table I also presents the identiﬁed modal parameters and compares the two centralized
and IMID approaches.
To evaluate the performance of IMID in this example, the number of transmitted data points is
calculated. Equation 11 provides the total number of communicated data points:
h Xn

i
s
2
2
ð
Þp
k

1
n
þ
n
Np ¼ ng  p1
c
2 s
k¼1

(11)

where ng is the number of groups of nodes, ns is the number of nodes in each group, nc is the number
of iteration cycles ([nc  1] is used in the equation to exclude the ﬁrst cycle), and p1 and p2 are model
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Figure 8. Identiﬁed mode shapes of the experimental truss structure.
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Table I. Modal parameters of the truss identiﬁed by IMID and centralized approach.
Frequency (Hz) Frequency (Hz)

Mode 1
Mode 2
Mode 3
Mode 4
Mode 5
Mode 6

Centralized

IMID

Error
(%)

11.245
13.982
16.196
16.958
27.453
29.459

11.140
14.231
16.470
17.270
28.020
30.530

1.47
1.78
1.72
1.84
2.05
3.81

Damping (%) Damping (%)
Centralized

IMID

MAC
Error
(%) (Centralized vs. IMID)

0.600
0.700
2.500
0.900
2.800
1.612

0.54
0.595
2.29
0.77
2.55
2.001

11.11
17.65
9.17
16.88
9.80
19.44

0.998
0.982
0.985
0.956
0.975
0.948

IMID, iterative modal identiﬁcation; MAC, modal assurance criterion.

orders in the ﬁrst cycle and the rest of the cycles, respectively. Considering model orders p1 = 30 and
p2 = 10, the grouping scheme which is shown in Figure 6(b), and the total three cycles of iteration for
convergence, the total number of communicated data points (system parameters) will be 11,600, which
is about 10% of communication cost for a centralized modal identiﬁcation method.

4. ITERATIVE MODAL IDENTIFICATION FOR OUTPUT-ONLY IDENTIFICATION
Output-only modal identiﬁcation for structural systems is important as performing input–output tests in
many cases is either infeasible or very expensive. On the other hand, the proposed algorithm requires
individual sensors to simulate the system response using the estimated parameters, and to perform the
simulation, the excitation load is needed. Therefore, it is important to devise a strategy that eliminates
this requirement and makes IMID applicable to output-only modal identiﬁcation.
One solution to such a limitation is the use of impulsive loading in which the input is known (e.g.,
hammer testing for the truss example presented earlier in this paper). Considering the fact that the
cross-correlation function between two measured responses is an estimate of unscaled impulse
response, IMID can be adopted to estimate the parameters of correlation functions instead of the
response. The concept of on-board computation of correlation function was previously proposed by
Nagayama and Spencer [11]. In this approach, one node, as the reference, sends its measured timehistory data to the rest of the nodes in the network. The other nodes, then, calculate the crosscorrelation functions and send them to the base station for modal identiﬁcation. IMID can utilize a
similar step to allow all the nodes to have the cross-correlation functions (between their measured data
and the reference node data). The rest of the process is identical to the implementation of IMID when
impulsive loading is applied. As an alternative, the unscaled impulse response can be estimated
through the use of random decrement (RD) technique [28]. It is shown that for a linear, time invariant
system with stationary white noise excitation, the RD function is proportional to the correlation
function [29]. Using RD technique, the correlation function, hpq(t), between two outputs (p and q),
is estimated as follows:
N
X


^h pq ðtÞ ¼ 1
xp ðtk : tk þ tÞ a1 ⩽xq < a2
N k¼1

(12)

where xp and xq are the responses at the two locations, a1 and a2 are the lower and upper bounds for the
trigger at xq, t is the time index, t is the lag, and N is the length of the RD function. Triggering values
are determined in different ways and are well described in the literature [34–36]. A common triggering
approach is level crossing-triggering condition that puts a1 = 0 and a2 = 1 [36].
Sim et al. [13] proposed the use of RD in decentralized wireless network for system identiﬁcation.
The advantage of RD technique that is used in this algorithm [13] for decentralized approaches is that
the reference node only sends the trigger information, instead of time-history data, to the rest of the
nodes for estimating the unscaled impulse response. In this way, the overhead due to transmission of
reference node time-history data is reduced signiﬁcantly, as the trigger information is a lot smaller.
Regardless of the technique applied for estimation of unscaled impulse response at different nodes,
IMID concentrates on estimating and updating the system parameters throughout the network.
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To validate the functionality of the IMID algorithm for output-only (ambient input) systems, the method
is applied for modal identiﬁcation in two examples. The ﬁrst example consists of a numerically simulated
beam subjected to a stationary white noise excitation. The second example uses data from ambient vibration
testing of the Golden Gate Bridge with WSN. These examples are explained in the next sections.
4.1. Numerically simulated beam
The model is a simply supported steel beam with 10 lumped masses along the span. Figure 9(a) shows the
speciﬁcations of this simulated beam. The masses are determined on the basis of the weight of the beam
element and a uniform load. The acceleration response of the beam to a stationary white noise excitation is
simulated and used for modal identiﬁcation with IMID. Measurement noise as Gaussian white noise with
RMS ratio of 5% of the response signal is added to the simulated response. Figure 9(b) and (c) show the
time-history response of the beam at location 4 and the corresponding power spectral density.
In this example, the objective is to compute the cross-correlation functions between each node and a
selected reference node and then use IMID to estimate the system parameters and update them until the
converged parameters provide the modal properties of the beam. Two different references, nodes 2 and
4, are selected for this example. As the ﬁrst step, all the nodes calculate the correlation functions to begin
the iteration. IMID then starts by estimating the AR parameters and updating them through the network.
To track the convergence of the iteration, similar to the truss example, prediction errors (residuals) are
investigated. Figure 10 presents the comparison of the measured and the predicted correlation functions
at node 5 during different iteration cycles. This ﬁgure illustrates how the simulated signal converges to
the true signal in just a few iteration cycles. Figure 11 shows the residual-to-signal RMS ratio at different
nodes in different steps of iteration up to the third cycle. It can be seen that the ratio drops down to lower
than 5% after three cycles, which results in less than 2% error in the identiﬁcation of natural frequencies
(presented in Table II). Figure 12 also presents the mode shapes of the beam identiﬁed by IMID, next to
the true mode shapes. The modal assurance criterion (MAC) [30], shown on the mode shape plots,
presents the accuracy of each identiﬁed mode shape. In this implementation, model orders are selected
as 30 for the ﬁrst iteration cycle and 15 for the rest of the cycles.
Through this example, it is shown that the estimated system parameters can be updated and
converge to true system parameters during just a few iterations. The updated parameters can be used
to simulate the measured response or directly provide the desired modal parameters.
4.2. Implementation on Golden Gate Bridge data

(a)
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This section presents the implementation of output-only IMID on the ambient vibration data from the
Golden Gate Bridge. The acceleration data was measured using a WSN, consisting of 65 sensing units,
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Figure 9. (a) Beam example speciﬁcations, (b) time history of acceleration response at mid-span, and (c) power
spectral density of response.
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Figure 10. Estimated signal versus true signal at different iteration cycles.
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Figure 11. Residual-to-signal ratios in different iteration cycles.

Table II. Natural frequencies identiﬁed by IMID and centralized approach.
Mode 1 Mode 2 Mode 3 Mode 4 Mode 5 Mode 6 Mode 7 Mode 8 Mode 9 Mode 10
True frequency (Hz)
Identiﬁed centrally
Identiﬁed by IMID
Error in IMID (%)

0.321
0.344
0.324
0.93

1.284
1.309
1.301
1.32

2.888
2.912
2.929
1.42

5.128
5.130
5.206
1.52

7.989
8.011
8.080
1.14

11.427 15.330 19.453 23.321
11.420 15.327 19.433 23.302
11.491 15.234 19.538 23.597
0.56
0.63
0.44
1.18

26.191
26.142
26.634
1.69

IMID, iterative modal identiﬁcation.
Copyright © 2012 John Wiley & Sons, Ltd.

Struct. Control Health Monit. (2012)
DOI: 10.1002/stc

STOCHASTIC ITERATIVE MODAL ID. ALGORITHM AND APPLICATION IN WSNS

1st Mode, MAC=0.994

6th Mode, MAC=0.943

True mode
IMID

2nd Mode, MAC=0.997

7th Mode, MAC=0.991

3rd Mode, MAC=0.989

8th Mode, MAC=0.997

4th Mode, MAC=0.965

9th Mode, MAC=0.991

5th Mode, MAC=0.942
0

2

4

6

True mode
IMID

10th Mode, MAC=0.989
8

10

0

2

4

6

8

10

Figure 12. Identiﬁed mode shapes of the beam example using iterative modal identiﬁcation approach.

during a 3-month deployment period [31–33]. For this example, however, as a validation of the
approach, a subset of 10 sensors along the main span of the bridge is selected. The locations of selected
sensors on the main span are shown in Figure 13. Output-only IMID is emulated in MATLAB [26], and
the data from selected sensors are used for evaluation of its performance.
Similar to the implementation on the truss example, sensor nodes are divided into two groups of ﬁve
(south and north), and data transmission and parameter updating are performed separately in each group.
In this example, node 4 is selected as the reference, and the cross-correlation functions are computed
between this node and the rest of the nodes in the network. Figure 14(a) presents both the cross-correlation
function between nodes 4 and 5 as well as the estimated cross-correlation function using the updated
model parameters. Iteration results are also shown in Figure 14(b) for both groups of nodes.
The modal properties of the bridge span are extracted after having updated the system parameters.
Table III presents the ﬁrst 15 identiﬁed modal parameters of the main span in the vertical direction,
using centralized and IMID approaches. The corresponding errors are presented for identiﬁed natural
frequencies. MAC values are also presented to compare the identiﬁed mode shapes from IMID with
those of centralized approach.
Moreover, to compare the accuracy of the identiﬁed modes, consistent mode indicators (CMI),
developed by Pappa et al. [37] are calculated (for both methods) and presented in this table. To calculate
these indicators along with the modal parameters of the system, ERA [14] is used. CMI is deﬁned as the
product of modal amplitude coherence (MAC) [37,38] and modal phase collinearity (MPC), both of
which can be extracted when ERA is used. MAC measures the coherence between extracted modal
amplitude history and the modal amplitude which is formed by extrapolating the initial value to later

Figure 13. Location of selected nodes along the main span of the Golden Gate Bridge.
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Figure 14. (a) Estimated versus true cross-correlation function between nodes 5 and 4 and (b) residual-to-signal
ratio at different iteration cycles.

Table III. Natural frequencies, damping ratios, MAC values, and consistant mode indicators of vertical modes of
the main span of the Golden Gate Bridge identiﬁed by IMID and centralized approach.
Frequency (Hz)

Damping (%)

Consistency of mode (CMI)

Mode

Centralized

IMID

Error (%)

Centralized

IMID

MAC

Centralized

IMID

1A
2S
3A
4A
5S
6A
7S
8A
9S
10 A
11 A
12 S
13 A
14 A
15 A

0.1079
0.1408
0.2348
0.3565
0.4585
0.5572
0.6593
0.6843
0.8151
0.9347
1.0671
1.1486
1.2708
1.3903
1.4563

0.1082
0.1370
0.2245
0.3758
0.4593
0.6005
0.6566
0.6611
0.8324
0.9403
1.0736
1.1544
1.2665
1.3852
1.4343

0.31
2.74
4.39
5.40
0.20
7.76
0.40
3.39
2.13
0.60
0.61
0.50
0.33
0.37
1.51

6.223
5.898
2.272
1.172
1.606
0.571
0.799
1.401
1.254
0.592
0.552
0.452
0.175
0.322
1.619

7.880
5.453
3.855
1.619
2.517
0.898
0.904
1.301
1.915
1.662
1.296
1.731
1.423
0.359
2.386

0.996
0.998
0.989
0.981
0.992
0.999
0.997
0.957
0.911
0.993
0.834
0.994
0.972
0.838
0.803

0.991 (well)
0.956 (well)
0.540 (moderate)
0.317 (poor)
0.975 (well)
0.872 (well)
0.989 (well)
0.820 (well)
0.814 (well)
0.951 (well)
0.960 (well)
0.614 (moderate)
0.660 (moderate)
0.932 (well)
0.873 (well)

0.999 (well)
0.979 (well)
0.468 (poor)
0.502 (moderate)
0.827 (well)
0.695 (moderate)
0.407 (poor)
0.958 (well)
0.935 (well)
0.915 (well)
0.747 (moderate)
0.414 (poor)
0.418 (poor)
0.898 (well)
0.665 (moderate)

IMID, iterative modal identiﬁcation; MAC, modal assurance criterion; CMI, consistent mode indicators.

points in time, using the identiﬁed eigenvalues. MPC also quantiﬁes the spatial consistency of the
identiﬁed mode shapes. More information about these parameters can be found in Pappa et al. [37].
Table III shows that in almost all the identiﬁed frequencies, the results of IMID are comparable with
and close to those of the centralized approach. Figure 15 shows examples of identiﬁed mode shapes of
the main span using both IMID and centralized method. In this ﬁgure the comparable results can also
be observed. Results of this example show that a sensing network with IMID is capable to provide
modal parameters of the system with almost the same accuracy as a centralized network but with
signiﬁcantly less communication burden.
4.3. Signiﬁcance of the algorithm
The signiﬁcance of the algorithm in the identiﬁcation of Golden Gate Bridge’s modal parameters is
evaluated in this section. Because the data is obtained from a real ambient test and is affected by
environmental noise and structural nonlinearities, the model order is selected to be 40, which is higher
than the previous examples. Equation 11, for calculating the number of data points for communication,
is slightly modiﬁed to account for the transmission of the reference node data (or triggering information
when using the RD technique):
Copyright © 2012 John Wiley & Sons, Ltd.
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Figure 15. Instances of identiﬁed vertical modes of the main span of the Golden Gate Bridge using iterative modal
identiﬁcation and centralized approach.

h Xn
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s
2
2
Np ¼ Nref þ ng  p1
k
ð

1
Þp
n
þ
n
c
2 s
k¼1

(13)

where Nref is the length of data transmitted from the reference node to the rest of the nodes in the
network. Other parameters in Equation 13 are deﬁned similar to those of Equation 11. Applying this
equation and a calculation similar to the truss example, the number of data points that should be
communicated for modal identiﬁcation of the bridge’s span using IMID is 8800 samples plus the length
of the data sent from the reference node. The total length of the data in each test in the monitoring of the
Golden Gate Bridge, after averaging and down-sampling to 200 Hz, is 48,000 [31]. However, the data are
low-pass ﬁltered and further down-sampled to 50 Hz on-board before communication. This low-pass
ﬁltering helps the modal identiﬁcation, as the natural frequencies of the span are in the 0 to 5 Hz frequency
range. Additionally, ﬁltering and down-sampling makes the transmission more efﬁcient, particularly for
centralized data collection, as in this approach all the sensors transmit their measured data to the base
station, and the higher volume of the raw data directly affects the communication time. Considering
12,000 samples as the length of the reference node signal (after ﬁltering and down-sampling), three cycles
of iteration for convergence (as shown in Figure 14b), the total number of data points is 20,800, which is
about 17% of 120,000 (10  12,000) for the centralized approach.
Application of RD technique reduces the length of communicated data from reference node to the
rest of the network to 4570 samples when the level crossing-triggering condition is applied (different
triggering conditions result in different length for crossing information; the largest length will result
when level crossing-triggering is applied. Information regarding different ways of determining trigger
levels in RD technique can be found in [34–36]. The total number of data points in the case of using
RD technique is 13,370, which is about 11% of the centralized approach.
It should be noted that although using distributed identiﬁcation approaches helps the efﬁciency by
reducing the data communication, they add an extra processing burden that consumes energy at the
node. Chang and Pakzad [39] and Chang [40] conducted a study about the required computational cost
for several different time domain system identiﬁcation algorithms. In [40], the computational time for
extracting AR coefﬁcients is presented as a function of model order, number of outputs, and the signal
length. According to this study, the time for accomplishing the identiﬁcation process of IMID at each
sensor (considering speciﬁcations of this example: model order is 40, size of sub-network is 5, and the
length of data is around 4500) is less than a second, and thus, the major time-consuming task is still the
data transmission (note that data transmission depends on the embedded transceiver. The maximum
actual transmission rate on Imote2’s transceiver, obtained in the experiments, is around 80 kbps [41]
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for single-hop transmission). Additionally, through a detailed calculation in [10], it is shown that the
extra energy consumed in the on-board processing task does not have signiﬁcant effect on the
efﬁciency of IMID as it is much smaller than the energy cost of communication.

5. CONCLUSION
In this paper, a new approach for distributed modal identiﬁcation of structural systems using WSNs is
developed. The objective of the algorithm is to minimize the in-network data transmission in order to
address the limited communication bandwidth and prohibitive power consumption issues of WSNs.
The algorithm, called IMID, was originally developed such that each individual sensor, having an
initial estimate of the system parameters, its local measurement, and the excitation load, updates the
estimated model and passes it through the network until the convergence. In this paper, the algorithm
is improved such that the need for availability of excitation load and initial estimate of the system
parameters are eliminated. Thus, IMID can be used for modal identiﬁcation of structural systems under
ambient loading without need for prior information about the system parameters. The details of the
algorithm are presented, and its performance is validated through implementation on a simulated
model, laboratory specimen data, and ambient vibration data of the Golden Gate Bridge. It is shown
that using this algorithm, the communication burden can be reduced signiﬁcantly, as in the example
of the Golden Gate Bridge the total number of communicated data points was as low as 11% of
centralized networks. Results show that the modal parameters identiﬁed by IMID are comparable with
those identiﬁed by the centralized approach. The implementation examples also showed that the
algorithm tolerates the noise which exists in the measured responses data and simulations.
The future work in this study is implementation of the algorithm on a network of wireless sensors for
actual, on-board modal parameter identiﬁcation and evaluation of its performance (energy and time
efﬁciency) when wireless sensor’s processors perform the required computations. The advantage of the
proposed algorithm is that it can use different identiﬁcation and simulation methods in its implementation.
Considering this ﬂexibility, the future work will be also devoted to evaluating the performance of the
algorithm in terms of accuracy and efﬁciency through the use of different identiﬁcation methods.
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