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ABSTRACT 
 

The civil engineering community has recently adopted wireless sensing 
technologies for use in structural health monitoring (SHM) systems. By encouraging 
high density installations within civil structures, ad-hoc wireless sensor networks 
promise to make extensive sets of real-time structural response data readily available 
to the engineer. These comprehensive data sets can be used to validate structural 
design assumptions, formulate performance-based design concepts, and detect 
damage in existing structural systems. However, these benefits can only be obtained if 
the data gathered by a sensor network is automatically and efficiently analyzed. In this 
study, an automated method of analyzing large sets of data is proposed and embedded 
within a distributed network of wireless sensors. Using a novel parallel 
implementation of the simulated annealing search algorithm, a model updating 
procedure is designed that can automatically detect changes in structural properties 
using an ad-hoc network of wireless sensors. By comparing updated structural 
properties with those obtained in an undamaged state, a wireless sensor network can 
potentially detect damage within a structural system. Experimental validation of this 
method is provided using a small test structure instrumented with a network of 
wireless sensing prototypes optimized for SHM applications. 
 
 
INTRODUCTION 
 

In addition to ensuring the safety and wellbeing of the public by safely designing 
new civil structures, the civil engineering community is responsible for maintaining 
the health and integrity of existing civil infrastructure systems. The installation of 
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sensors within a structure can aid in this endeavor by providing real-time response 
data to the engineer. Recent advances in wireless sensing technology have hastened 
the development of structural health monitoring (SHM) systems and have paved a 
way for the inexpensive installation of dense networks of sensors in large and 
complex structures. 

Wireless sensing networks (WSNs) offer many benefits to the engineering 
community. Primarily, a WSN is attractive because it can be deployed at a fraction of 
the cost of a traditional tethered sensing system, which may incur installation costs on 
the order of several thousand dollars per sensing channel [1]. Additionally, because 
wireless sensors often utilize analog-to-digital converters (ADCs) and low-power 
microcontrollers, data processing tasks can be distributed and performed at each 
individual sensing node. When combined with the self-organizing and self-healing 
capabilities of an ad-hoc network topology, a WSN gains the ability to autonomously 
and intelligently collect and analyze sensor data. This fact has led to wireless sensing 
devices being recently labeled as “smart” sensors [2], and has spurred the 
development of a large array of commercial and academic wireless sensor prototypes 
[3]. Because of the affordability of these scalable ad-hoc wireless sensing networks, it 
is anticipated that networks consisting of hundreds of intelligent sensors may soon be 
deployed in practice, creating amounts of data not previously possible from tethered 
monitoring systems. 

Unfortunately, merely producing large amounts of data is not sufficient in a health 
monitoring context; scalable interrogation methods must also be developed that can 
automatically analyze sensor data for accurate quantification of structural health. In 
this study, an automated method is developed that searches for changes in structural 
properties that may indicate structural degradation. Using a novel parallel 
implementation of the typically serial simulated annealing optimization algorithm, a 
frequency domain model updating technique is modified for implementation within a 
distributed array of processors. For experimental validation, a small test structure is 
assembled and instrumented with a network of wireless sensing prototypes. The 
proposed parallel model updating algorithm is then embedded within the distributed 
computational fabric of the wireless sensor network, and dynamic structural data is 
used to detect and locate structural damage. Many of the advantages of this type of ad-
hoc wireless system are highlighted through the use of this testbed. 
 
 
BACKGROUND ON MODEL UPDATING 

 
Over the past two decades, the SHM community has developed many different 

methods capable of potentially estimating damage within a structural system. Most of 
these techniques function by comparing structural vibration data obtained from a 
structure in an unknown (possibly damaged) state of health with data previously 
collected from the same structure in an undamaged state [4]. Because of recent 
advances in computing speed, power, and cost, it has become feasible to use 
sensitivity-based finite element model updating techniques for damage estimation [5]. 
These techniques can determine current structural properties by iteratively adjusting 
structural parameters in an analytical (e.g. finite element) model such that the 
analytical system produces an output that closely matches experimental results 
obtained from the physical system. By looking for changes in specific structural 



parameters that can be indicators of localized damage, model updating techniques can 
not only detect structural degradation, but can also assist in the quantification and 
location of damage within a structure. 

Several different model updating techniques have been developed and validated 
for damage detection using dynamic structural data [6]. The most common 
methodology centers around the declaration of an objective function, E, which 
mathematically expresses the objective difference between analytically derived results 
and those obtained experimentally through a set of system “updating” parameters. If 
this objective function can be minimized, a set of structural parameters representing 
the current state of the system can be determined. Then, as the system ages and new 
results are obtained experimentally, the analytical model can be updated again with 
changes in model parameters suggesting possible damage. 

Many stochastic methods have been developed for determining the global 
minimum of an objective function containing large numbers of free variables. One of 
the most common methods used in model-based damage detection is the simulated 
annealing (SA) technique [7]. SA is modeled after the annealing process of material 
physics, where a substance is cooled slowly from a very high temperature in such a 
way that it assumes a globally optimal energy state. This process was simulated by 
Metropolis et al. [8] for application to pattern classification and stochastic 
optimization problems. The Metropolis criterion, which considers the probability of a 
new system state being accepted at a given system temperature, can be stated as: 
accept the new state if and only if 
 
 ( )UTEE oldnew ln⋅−≤  (1) 
 
where E is the value of the objective function for a given state, U is a uniformly 
distributed random variable between 0 and 1, and T is a steadily decreasing variable 
representing the temperature of the system. The T·ln(U) term allows the algorithm to 
probabilistically accept invalid or suboptimal states early on in hopes of avoiding 
premature convergence to local minima.  However, as the SA algorithm executes, the 
temperature is slowly reduced thereby decreasing the chances of a suboptimal state 
being selected. In effect, the SA algorithm is allowed to randomly search the 
parameter space early in the process in hopes of finding the global minimum, but 
ultimately the cooling process forces the method to focus on reaching a single 
(hopefully global) minimum. 

The standard SA cooling schedule (shown in Figure 1) begins by assigning to the 
system an initial temperature value, T0. Subsequently, a set of N iterations are 
performed during each of which a pseudorandom subset of model parameters are 
psuedorandomly reassigned. The objective difference between the new analytical 
model results and the original experimental results is determined, and each new set of 

 
 

Figure 1. Standard simulated annealing cooling schedule



parameters is either accepted or rejected based on the Metropolis criterion (Equation 
1). After N iterations, the variable T is reduced by a factor ρ (ρ < 1) such that Tnew = 
ρ·Told. This process continues until very few new states are accepted and the system is 
essentially frozen, with an optimal set of model parameters converged upon. 
 
 
PARALLELIZED MODEL UDPATING ON A WSN 
 

Because the memory requirements for the SA algorithm are negligible, SA-based 
model updating is extremely attractive for embedment within a network of wireless 
sensors, where memory capacity is typically scarce. Unfortunately, while the memory 
requirements of such an algorithm may be negligible, the computational cost of 
implementing a stochastic search procedure such as SA, which may require tens of 
thousands of iterations to converge on the optimal solution to even a simple problem, 
can be extremely expensive. Particularly for a single processing unit, such a search 
can take a considerable amount of time. In response to this drawback, many parallel 
SA techniques have been developed for implementation on multiple processors [9]. 
Unfortunately, most of these methods require communication between processors 
both before and after each generated state in the search tree. This type of constant 
communication is both challenging to implement and represents a poor use of battery 
power in the wireless setting.  

However, one can take advantage of the fact that the Metropolis criterion rejects 
more states than it accepts, especially at low temperatures, in order to break the 
traditional SA search tree into a set of smaller search trees, each of which corresponds 
to a given temperature step and begins with the globally optimal value found at the 
preceding step [10]. Each of these smaller trees can be assigned to any available 
processor, and thus can be run concurrently, as illustrated in Figure 2. Global state 
information is propagated through the network from high to low temperatures, thereby 
maximizing the effectiveness of the search at each temperature step. As the search 
progresses towards completion, it becomes less likely that a new global minimum will 
be found at a given temperature step, and the number of utilized processors will weigh 
more heavily on the amount of time saved by parallelization. 

When embedded within a network of ad-hoc wireless sensors, this parallel SA-
based model updating algorithm yields numerous benefits. By taking advantage of the 
ad-hoc nature of certain network topologies, computational tasks can be intelligently 
distributed among all available nodes on a network. The SA search tree begins with a 

 

Figure 2. Parallel simulated annealing algorithm



central node or server assigning the initial model updating task to any available node 
on the network. This first node, and all additional nodes, can subsequently beacon the 
network looking for other available sensors to which further tasks can be assigned, as 
illustrated in Figure 3. In this manner, an ad-hoc assignment of computational tasks 
can filter through each sensor in the network, with each node making itself newly 
available to the network when its computations are complete. This method of ad-hoc 
parallelization can lead to a drastic decrease in the amount of time required to 
asymptotically converge on a set of optimal updating parameters; in addition, an 
increase in the accuracy of the converged solution is experienced. 
  
 
EXPERIMENTAL VALIDATION 
 

To validate the performance of the proposed parallel model updating process 
when implemented within a network of wireless sensors, a small three-story 
aluminum structure, seen in Figure 4, is constructed. Each floor is instrumented with 
one Crossbow CX02LF1Z accelerometer oriented in the direction of the lateral 
excitation. Each accelerometer is connected directly to a wireless sensor. For this 
study, the Narada wireless sensing prototype developed at the University of Michigan 
is adopted [11]. This unit runs on an Atmel Atmega128 microcontroller supplemented 
by 128kB of external SRAM for additional data storage. It uses the Chipcon CC2420 
IEEE 802.15.4 compliant wireless radio for ad-hoc wireless communication, and is 
equipped with a 16-bit Texas Instruments ADS8341 ADC for data acquisition. It is 
capable of sampling up to four channels at high sampling rates (100kHz). 

 
 

Figure 3. Ad-hoc computational parallelization

          
                                 (a)                                                                           (b)

  

Figure 4. (a) Three-story test structure and (b) close-up view of wireless instrumentation 



Because of the simplicity of the small structure used in this study, a simple 
lumped-mass analytical model of the structure is designed and embedded within each 
wireless sensing prototype. Given a set of structural properties for each degree of 
freedom in a lumped-mass system (mass, stiffness, and dimension), this software 
program is capable of estimating modal frequencies and mode shapes of the physical 
system it models. Because of the strong correlation between changes in stiffness and 
structural degradation, the stiffness values of each floor of the structure are chosen as 
the updating parameters. 

For model updating purposes, it is important that an objective function be chosen 
that realistically links the experimental and analytical results so that evidence of 
structural damage can be detected by the model. Following standard procedure for 
updating analytical structural models, it is decided to update the model in the 
frequency domain using a direct comparison between experimental and analytical 
modal frequencies and modal assurance criteria (MAC) values [12]. Thus, the 
objective function, E, is defined as: 
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where ωai and ωei are the ith analytically and experimentally derived modal 
frequencies, m is the number of prominent modes, MACj is the modal assurance 
criteria of the jth mode calculated using mode shapes determined analytically and 
experimentally, and α and β are weighting constants determined experimentally to 
properly account for the differences in magnitudes between the two objective 
functions. In this study, α is taken to be 0.4 and β is taken to be 0.6. 

In order to induce damage to the system, the overall cross-sectional area of the 
first floor columns are gradually reduced. Reduction increments of 0%, 12.5%, 25%, 
37.5% and 50% are used. After each increase in damage, the three-story structure is 
excited with an impulse load located at the second floor level. The wireless network 
collects the acceleration response of the structure at each floor, and wirelessly 
transmits this data back to a central server where experimental modal frequencies and 
mode shapes are determined using the frequency domain peak picking method [13]. 
These values are then shared with the network, and the central server assigns the 
model updating task to a random wireless node in an ad-hoc fashion. This node then 
searches for other available nodes to assign additional tasks to, and the model 
updating process continues (Figure 3). When the wireless network has converged on a 
set of updated model parameters, the results are communicated back to the central 
server. Because a full model update is performed after each increment of damage, it is 

TABLE I. MODEL UPDATING RESULTS FOR 4-STORY TEST STRUCTURE 
 

Induced 
Damage

1st Floor 
Stiffness

2nd Floor 
Stiffness

3rd Floor 
Stiffness

1st Floor 
Change

2nd Floor 
Change

3rd Floor 
Change

0% 1.691 1.815 2.102 0.0% 0.0% 0.0%
12.5% 1.449 1.848 2.060 -14.3% 1.8% -2.0%
25% 1.215 1.848 2.056 -28.1% 1.8% -2.2%

37.5% 0.981 1.896 1.993 -42.0% 4.5% -5.2%
50% 0.739 1.938 1.939 -56.3% 6.8% -7.8%



possible to look for changes in structural properties over time as indicators of damage. 
Table I displays the model updating results obtained by the network for varying 
degrees of structural damage. It can be seen that the automated parallel model 
updating procedure proposed in this study, when embedded within the computational 
core of a wireless sensing network, is capable of both locating and quantifying the 
damage induced in the first floor of the structure with a fairly high degree of accuracy 
given a simplistic analytical model. 

To validate the effectiveness of the ad-hoc parallelization of the model updating 
procedure, a complete model update is performed using varying numbers of wireless 
sensors as computing agents. As additional ad-hoc sensors are added to the network, 
the amount of time required to reach a converged solution decreases. These results are 
illustrated in Figure 5. While the time savings achieved by adding large numbers of 
computing nodes (8 or more) in this simple problem are minimal, the advantages of 
the parallel model updating method in more complex problems can be clearly seen. 
Due to the simplicity of the updating problem in this study, no perceptible 
improvements in solution accuracy could be found by adding sensors to the network. 
However, previous work has shown that parallel model updating does improve both 
the speed and the accuracy with which a solution is converged upon [10]. 
 
 
CONCLUSIONS 
 

 As the prevalence and availability of low cost, ad-hoc wireless sensors continues 
to grow, structural engineers will be provided with continually increasing amounts of 
response data from their structural systems. In order to take advantage of this wealth 
of information, scalable data interrogation tools are needed that can automatically and 
accurately extract estimates of damage from extensive data sets. In this study, an 
automated method of analyzing structural response data collected by a network of 
wireless sensors is proposed. By employing a novel parallel implementation of the 
simulated annealing algorithm, it is shown that a model updating procedure can be 
embedded within the computing core of a network of wireless sensors in order to 
automatically detect, localize, and quantify changes in structural properties using 
wirelessly collected response data. Experimental validation of this method is provided 
using a small test structure instrumented with a network of ad-hoc wireless sensing 

  

Figure 5. Improvements in time to convergence using parallel simulated annealing 



prototypes. A lumped-mass analytical model of the structure is embedded within the 
distributed computational fabric of the wireless sensing network, and is used to find 
updated structural properties in several different states of damage. The algorithm is 
shown to be capable of accurately detecting this damage; in addition, the effectiveness 
of the parallel model updating procedure is shown using increasingly large wireless 
sensing networks. 
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