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ABSTRACT 

As costs associated with wireless sensing technologies continue to decline, it has become feasible to deploy dense 
networks of tens, if not hundreds of wireless sensors within a single structural system. Additionally, many state-of-the-
art wireless sensing platforms now integrate low-power microprocessors and high-precision analog-to-digital converters 
in their designs. As a result, data processing tasks can be efficiently distributed across large networks of wireless sensors. 
In this study, a parallelized model updating algorithm is designed for implementation within a network of wireless 
sensing prototypes. Using a novel parallel simulated annealing search method optimized for in-network execution, this 
algorithm efficiently assigns model parameters so as to minimize differences between an analytical model of the 
structure and wirelessly collected sensor data. Validation of this approach is provided by updating a lumped-mass shear 
structure model of a six-story steel building exposed to seismic base motion. 
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1. INTRODUCTION 

Wireless sensing technology provides the engineering community with an affordable method of obtaining rich sets of 
measurement data from large, spatially diverse networks of sensing devices. Because wireless sensing networks do not 
depend on large amounts of cabling to connect sensors to a central repository, wireless monitoring systems have a 
significant cost advantage over traditional tethered sensing systems. For example, tethered sensors often incur costs of 
several thousand dollars per sensing channel, creating high installation costs in large engineered systems [1]. For 
example, the Tsing Ma suspension bridge in Hong Kong was instrumented with over 350 tethered sensing channels, 
incurring an estimated cost of over $8 million [2]. As the desire for larger and more complex sensing systems continues 
to grow, the cost benefits of using wireless communication renders wireless sensing systems increasingly attractive to 
the engineering community. As such, a wide variety of wireless sensing platforms have been developed and validated for 
both commercial and academic use [3, 4]. 

In addition to the cost benefits of wireless communication, wireless sensing technology also provides a framework for 
processing sensor data locally at each sensing node. By integrating high-precision analog-to-digital converters (ADCs), 
and low-power microcontrollers within each sensing device, data processing tasks can be performed locally at each 
individual sensing node. The ability of wireless sensors to autonomously collect, store, analyze, and communicate data 
has led to these devices being labeled as “smart” sensors [4]. By locally interrogating data at the sensor, only small 
amounts of processed data need to be transmitted wirelessly, thus alleviating problems associated with the transmission 
of long time history records of raw sensor data (such as quick depletion of battery power and excessive contention for 
limited wireless bandwidth). 

As wireless technology continues to mature, more and more opportunities arise to utilize smart sensors to perform 
sophisticated engineering data analysis. For example, algorithms such as autoregressive (AR) model fitting, wavelet 
transforms, and fast Fourier transforms (FFTs) have all been embedded within the computational cores of wireless 
sensor prototypes [5]. By transmitting only processed data (such as modal frequencies or AR coefficients), these 
algorithms enjoy a small communication advantage over sending raw time histories to a centralized data server. 
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However, when performed individually at the sensor, these algorithms require the use of a central data repository in 
order to extract spatial, network-wide properties from sensor data. As such, various distributed data processing 
architectures using tiered [6] and hierarchical [7] networks have been presented in the literature as scalable methods for 
eliminating the reliance on a centralized data processor. More recently, Zimmerman et al. [8] explored the parallelization 
of three traditionally serial system identification algorithms and embedded them within a network of wireless sensors. 
The wireless sensor network was used to autonomously determine the modal frequencies, mode shapes, and modal 
damping ratios of a historical theatre balcony in southeast Michigan. By utilizing parallel processing techniques, the 
sensor network was capable of performing complex engineering analysis (peak picking, random decrement, and 
frequency domain decomposition) with minimal communication requirements. 

Embedded data processing in a wireless sensor network can also be used to screen structural response data for signs of 
structural deterioration. One common technique used for damage estimation involves comparing system properties in an 
unknown state of health to those in a known, undamaged state. By looking for changes in system parameters known to 
be sensitive to damage, an estimate of the overall health of a system can be reached. Unfortunately, in many engineered 
systems, not all system parameters can be directly monitored. As such, it is often desirable to use measured response 
data to iteratively adjust the parameters of an analytical system model so that model predictions asymptotically converge 
to the measured experimental response. By repeatedly updating this model over time by matching model outputs with 
experimental responses, any changes in system parameters associated with damage would be reflected in the analytical 
model. This method, termed model updating, has been used extensively by various engineering communities for both 
model validation and damage detection [9]. 

In this study, a distributed model updating algorithm is developed for implementation within dense wireless sensor 
networks. Given the constraints inherent to a wireless monitoring system, the simulated annealing (SA) stochastic 
optimization method is parallelized for the wireless computing environment. This approach draws on previous work in 
parallelized algorithms embedded in networks of wireless sensors, but expands on the concept of scalability by 
producing a computational system that actually becomes more efficient given higher nodal densities. Furthermore, by 
utilizing the ad-hoc communication capabilities inherent to many wireless devices, this parallelized simulating annealing 
technique allows a network of sensors to autonomously detect and utilize available processing nodes on the fly, 
increasing the parallelism of the network in real-time. Applications envisioned for this model updating system include, 
but are certainly not limited to, the detection and estimation of damage within failure-prone machinery and the long-
term, large-scale monitoring of civil infrastructure such as bridges, buildings and pipelines. Experimental validation of 
this method is provided using experimentally collected sensor data from a six-story steel building structure. Using 
acceleration data from each floor of the building, an analytical model of the system is updated by the wireless 
monitoring system by comparing modal frequencies, mode shapes and modal damping ratios. 

2. BACKGROUND ON MODEL UPDATING 

Many different approaches to model updating have been presented over the years [9]. Of these methods, the most 
common center around the use of an objective function, E, which is used to represent the difference between the way a 
physical system and its analytical model respond to experimental stimuli. The goal of the model updating procedure is to 
minimize the value of this objective function; in other words, to seek parameters of the analytical model that produce an 
analytical system response that correlates as closely as possible to the response of the physical system. Unfortunately, for 
any system with a reasonable degree of complexity, this optimization problem is not easily solved. As such, many 
stochastic methods have been developed for complex optimization problems defined by large numbers of unknown 
variables. One of the most common stochastic search methods used for model updating, especially in the structural 
dynamics community, is the simulated annealing (SA) optimization procedure [10]. 

2.1 The simulated annealing optimization technique 

SA was developed to mimic the annealing process of certain metallic materials. In nature, when a substance is slowly 
cooled over time from a very high temperature, it will eventually assume its minimum energy state amidst an infinite 
number of possible atomistic configurations. In 1953, Metropolis et al. created an algorithm which simulates this 
annealing process for use in stochastic optimization and pattern classification applications [11]. The Metropolis 
algorithm utilizes a simple recursive procedure that probabilistically accepts or rejects randomly selected atomic states. 
In the context of model updating, each randomly generated state, s, represents a unique configuration of model 
parameters, and the energy corresponding to that state, E(s), represents an objective difference between model data and 



 
 

 

 

physical data. If a system is in a state sold with energy E(sold), a randomly chosen new state snew with energy E(snew) is 
accepted unconditionally if E(snew) < E(sold). However, if E(snew) ≥ E(sold), then the probability of accepting the new state 
is given by: 

  
   

kT

sEsE oldnew

eaccept


Pr  (1) 

where T is the system temperature.  

If this process of accepting and rejecting states is continued, the probability of the system being in a given state tends to 
the Boltzmann distribution. If given enough time, the system will eventually reach a thermal equilibrium at temperature 
T. As such, the Metropolis criterion that expresses the probability of a new system state being accepted at a given 
temperature is stated by: accept a new state snew if and only if: 

      UTsEsE oldnew ln  (2) 

where U is a uniformly distributed random variable between 0 and 1. The addition of the T·ln(U) term allows the system 
to periodically accept a sub-optimal state in hopes of avoiding premature convergence to a local minimum energy state. 
In 1983, the Metropolis algorithm (which models state equilibrium at a given temperature) was expanded by Kirkpatrick 
et al. [10] by defining an SA algorithm for a system where the temperature is constantly decreasing throughout the 
annealing process. A standard SA cooling schedule (seen below in Figure 1), begins the optimization process by 
assigning a high initial temperature T0 and then letting the Metropolis algorithm run for N iterations. During each 
iteration, a new psuedorandomly generated state is created, and the newly generated state is either rejected or accepted 
based on the Metropolis criterion (Eq. 2). After N iterations, the temperature of the system is reduced by a factor of ρ, 
such that Tnew = ρ·Told. This process continues until very few new states are accepted, meaning that a globally optimal 
state has been found and the system has, in essence, frozen. 

3. PARALLELIZED MODEL UPDATING IN WIRELESS SENSOR NETWORKS 

When considering performing model updating tasks on a wireless sensor network, SA may at first appear to be an 
excellent candidate for a stochastic search procedure. Since memory capacity within most wireless sensing prototypes is 
limited, the negligible memory requirements of the SA algorithm are extremely attractive. However, while simulated 
annealing has been used in practice to successfully solve many complex optimization problems, the computational costs 
of implementing SA, which may require hundreds of thousands of random states to be generated in order to converge on 
an optimal solution, can be staggering. When implemented within a wireless sensing device, where processing speed is 
usually only a fraction of what it would be on an ordinary personal computer, this poses a serious dilemma. Many 
parallel simulated annealing techniques have been developed that can successfully increase the speed with which SA can 
obtain a solution to an optimization problem [12]. However, most of these methods require communication between 
processors both before and after each randomly generated state. This type of constant communication negates the 
advantages of parallelism and represents a poor use of battery power in the wireless setting, where battery preservation is 
a high priority. 

Fortunately, it is possible to take advantage of the fact that the annealing process typically rejects more states than it 
accepts, especially as the temperature lowers and the algorithm converges on a solution. To create a parallelized SA 

 

Fig. 1. Standard simulated annealing cooling schedule 



 
 

 

 

procedure that takes advantage of the computational resources distributed across large wireless sensing networks, the 
traditionally serial SA search problem (which is continuous across all temperature steps) is broken into a set of smaller 
search problems, each of which corresponds to a given temperature step and begins with the globally optimal state 
assignment from the preceding temperature step. Each smaller search problem can then be assigned individually to any 
available sensor in the network, and thus multiple temperature steps can be searched concurrently. One of the great 
advantages of this methodology is that, given the ad-hoc communication topology of many wireless sensing devices, 
these individualized search problems can be distributed in real-time to any available processors within the sensing 
network. Because the ad-hoc assignment and reassignment of search problems can allow for individual nodes to drop 
from or appear in the network mid-search, this parallelized updating method is incredibly valuable in systems where 
sensor or communication reliability may be in question. 

3.1 Wireless implementation of the parallelized simulated annealing algorithm 

In the parallel SA implementation used in this study, a model updating task requiring SA optimization is first assigned at 
random to any one available sensing unit, along with a user-defined initial temperature, T0. This initial wireless sensor 
can then beacon the network, searching for other sensors available for data processing. If a second sensing node is found, 
the first sensor will assign the search problem at the next temperature step, T1, to the second sensor, passing along its 
current information regarding the globally optimal state of the system. This process continues until no available nodes 
remain. If a given node, ni, finishes its part of the stochastic search without having converged on a solution, it will alert 
its successor, ni+1, that no solution was found at temperature step Ti, and it will again make itself available to the network 
for computation on a lower temperature step. 

As the parallelized SA search continues, updated global state information is disseminated downwards through the 
network, such that all nodes are cognizant of any search progress that has been made at higher temperature steps. This 
allows all inherited nodes to maximize the effectiveness of their search at a given temperature, and maintains the 
continuity of the serial SA process. Specifically, when a node detects a state with a lower energy than that of any other 
known state, it will propagate this information downward to the node directly below it in the search tree (its child). If the 
propagated state information represents a new global minimum energy at the child node, the child node will then restart 
its SA search iterations with the new global minimum state information and inform the node directly below it of its 
newly updated state. However, if a child node receives a state, sp, from a parent, and the child node has already randomly 
generated a state, sc, with a lower energy than sp,  that child will merely restart its SA iterations given its current search 
state, sc, without passing any information on to its successor. In this way, it is assured that each temperature step is 
thoroughly searched given the complete information obtained at the preceding temperature step. While this does result in 
an increase in the total number of SA iterations required to reach a solution over the serial SA procedure, the additional 
randomly generated states at many (if not all) temperature steps increases the probability that a “better” solution will be 
found at a higher temperature than otherwise possible.  

3.2 Example execution of the parallelized SA procedure on a wireless sensor network 

The parallelized SA procedure utilized in this study can be seen detailed in Figure 2a and Figure 2b. These figures 
illustrate the distribution of one parallelized SA task over a network of four wireless sensors. Figure 2a depicts the 
overall search progress and temperature step distribution over time while Figure 2b shows the changing network 
topology at five distinct time steps. Note that both figures depict the same time scale, with vertical lines representing 
consistent time steps across the figures. The SA task in these figures has an initial energy value (E) of 10 and an initial 
temperature (T0) of 1.0. It is assigned by the user to wireless sensing unit 1 (WSU 1). After receipt of this task 
assignment, WSU 1 beacons the network and learns that WSU 2 is an available computational node. As such, it orders 
WSU 2 to perform N iterations of SA search at the second temperature step (T1 = ρ·T0), starting with WSU 1’s current 
global state (with a minimum energy of 10). In a similar manner, WSU 2 assigns the third temperature step to WSU 3, 
and WSU 3 assigns the fourth temperature step to WSU 4. 

After searching approximately N/4 SA-generated search states, WSU 3 detects a state with an energy value of 8. It 
immediately passes the state with the energy value of 8 along to its child, WSU 4. Because WSU 4 has a current global 
minimum energy value of 10, WSU 4 restarts its search of N SA-generated states at the fourth temperature step with this 
updated information. WSU 4 has no children, so the propagation of this new state stops when it reaches WSU 4. 

Soon thereafter, WSU 1 detects a SA-generated state with an objective function value of 9. This is lower than its current 
minimum value of 10, so it informs its child, WSU 2, of the newly found state. WSU 2 recognizes 9 as a new global 
minimum, so it restarts its search at the second temperature step with this information and passes the updated values 



 
 

 

 

along to its child (WSU 3). WSU 3, however, has already detected a global minimum of 8, and thus it simply restarts its 
search of N SA-generated states with its current state information (without needing to send any updated information to 
its child). 

When WSU 1 finishes its search of N SA-generated states, it alerts its child (WSU 2) that it has not found a globally 
optimal solution, and it disengages from the search process. At this point, however, WSU 1 broadcasts its availability to 
the other nodes in the network. WSU 4, which is in need of a child node, assigns the SA task at the fifth temperature step 
to WSU 1, given its current state (with a global minimum value of 8). This process continues for several more 
temperature steps until WSU 1 detects a globally optimal state (i.e. it finds a state with an objective function value of 
zero). At this point, WSU 1 broadcasts its finding to the network, thereby stopping all other computation, and it alerts the 
user that a globally optimal state has been found. 

4. VIBRATION-BASED DAMAGE ASSESSMENT BY MODEL UPDATING 

In dynamic structural systems, finite element or other structural models are often used to predict the dynamic response of 
a system to a know external loading. As computing resources have become faster, more powerful, and less expensive, it 
has become feasible to use model updating techniques to successfully match an analytical structural model with a 
physical structural system using dynamic vibration data [9,13]. By updating structural model parameters such as 
Young’s modulus, mass density, moment of inertia, etc. to match experimental dynamic data collected over time, it has 
been found that changes in certain structural properties can serve as indicators of damage within a structural system 
[13,14]. 

For model updating purposes, it is necessary to find an appropriate mathematical function that effectively conveys the 
objective difference between experimentally gathered results and analytical results projected from a structural model. In 
updating dynamic structural systems, it is common to create this objective function, E, by comparing analytical and 
experimental frequency domain characteristics (modal frequencies, mode shapes, and damping ratios). The objective 
function utilized in this study is proposed as follows: 
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where ωai and ωei are the ith analytical and experimental modal frequencies, ζai and ζei are the ith analytical and 
experimental modal damping ratios, MACi is the modal assurance criteria generated by comparing the ith analytical and 
the ith experimental mode shapes, and α, β, and γ are weighting constants determined experimentally to properly account 
for differences in the magnitudes of the three modal parameters. It is assumed that there are n modes in the system. For 

  

                                                        (a)                                                                                                            (b) 

Fig. 2. (a) Search progress and (b) parent/child relationships for one parallel SA task running on four wireless sensors 



 
 

 

 

this paper, α is taken to be 0.6, β is taken to be 0.1, and γ is taken to be 0.005. The modal assurance criteria (MACi) is 
defined for the ith mode by Allemang and Brown [15] as: 
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where ai and ei are the ith analytical and experimental mode shapes, respectively. 

5. EXPERIMENTAL VALIDATION 

When combined with previous work by Zimmerman et al. [8] which automated the identification of modal frequencies, 
mode shapes, and modal damping ratios within a network of wireless sensors, the proposed automated parallelized 
model updating algorithm represents a completely autonomous method for updating structural models using dynamic 
sensor data. In order to validate the ability of a network of wireless sensors to effectively update a physical structure, a 
six-story steel structure located at the National Center for Research in Earthquake Engineering (NCREE) at National 
Taiwan University in Taipei, Taiwan is chosen as a viable testbed. Each of the six bays in this structure (seen in Figure 
3a) is 1.0m wide by 1.0m tall by 1.5m deep. Each floor, with a mass of approximately 900kg, is supported at all four 
corners by a 150mm x 25mm steel column, leading to a floor stiffness of approximately 2000kN/m at each floor. 

5.1 Wireless hardware and experimental instrumentation 

Each degree of freedom in the six-story structure is instrumented with a Crossbow CX02LF1Z accelerometer oriented in 
the direction of lateral excitation (to be provided by NCREE’s 5m x 5m tri-axial seismic shaking table). An 
accelerometer is also placed on the floor of the shaking table to measure lateral ground acceleration. Each accelerometer 
is connected directly to a low cost wireless sensing prototype designed explicitly for structural health monitoring. In this 
study, the Narada wireless sensor (Figure 3b) developed at the University of Michigan is adopted [16]. This unit’s 
computational capabilities are provided by an Atmel Atmega128 microcontroller supplemented with additional data 
storage capacity provided by 128kB of external SRAM. It is equipped with a 4-channel 16-bit Texas Instruments 
ADS8341 ADC for high-resolution data acquisition capable of sampling at up to 100kHz, and utilizes a Chipcon 
CC2420 IEEE 802.15.4 compliant wireless radio for scalable ad-hoc wireless communication between sensor nodes. An 
example set of time history and frequency response data collected from the network of wireless sensing prototypes can 
be seen in Figure 4. These plots correspond to the structure being excited by the El Centro (1940) ground motion record. 

 

 

                              

                                                      (a)                                                                                            (b) 

Fig. 3. (a) 6-DOF steel structure and (b) Narada wireless sensing prototype 



 
 

 

 

5.2 Analytical model of the dynamic structural system 

Because of the computational constraints imposed by the wireless sensing hardware, it is decided to utilize a damped 6-
DOF lumped-mass shear structure model to model the structural response of the steel structure. This model is 
characterized by the following equation of motion: 

  tug M1KuuCuM   (5) 

where u is a vector of displacements for each DOF relative to ground, M, C, and K are the structural mass, damping, and 
stiffness matrices, respectively, 1 is a vector of order 6 (corresponding to the number of degrees of freedom in the 
system) with each element equal to unity, and üg(t) is the ground acceleration provided by the shaking table. Because of 
the lumped-mass simplification of the system, the mass and stiffness matrices are assumed to be of the following 
structure: 
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Additionally, an assumption of classical damping is made, such that the Caughey damping matrix, Cc, can be constructed 
given the damping ratio in all six modes [17]. Using the state space formulation of the equation of motion (Eq. 5), it is 
rather straightforward to obtain analytically derived modal properties. The state space formulation is as follows: 

        tutt g BzAz   (7) 

        tutt gDzCy   (8) 

where z is the system state vector   




  TTT xxz  , y is the output vector corresponding to a measurement of 

acceleration relative to the base motion at each degree of freedom, and üg(t) is the time-dependent ground acceleration 
input to the system. The state space matrices A, B, C, and D can be expressed as follows: 

             

                                                   (a)                                                                                                               (b) 

Fig. 4. (a) Acceleration time history and (b) frequency response function at each floor as calculated by each wireless sensor 
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Modal frequencies (i) mode shapes (i) and modal damping ratios (i) can be easily extracted from this state space 
formulation by finding the eigenvalues (λi) and eigenvectors (i) of the system matrix, A: 

 i = |i|,     i = i,     i = cos[tan-1(Im(i)/Re(i))] (10) 

where i is expressed in radians per second. 

5.3 Model updating of the six-story steel test structure 

In this study, the mass and stiffness of each degree of freedom (mi and ki) as well as each modal damping ratio (i) are 
treated as unknowns. The distributed model updating procedure is used to stochastically search the range of each of these 
18 model parameters for the system state (s = {m1 … m6, k1 … k6, 1 … 6}) which provides the optimal match between 
modal properties produced by experimental response data and those extracted from the analytical model. The optimal 
match is that which minimizes the objective function (Eq. 3). These updated properties allow for the construction of 
structural mass, stiffness, and damping matrices which could be used, if updated repeatedly over time, as indicators of 
damage within the structure. Note that the damping ratios used to calculate the Caughey damping matrix appear not only 
as updating parameters but also directly in the objective function.  Because changes in modal damping can be observed 
over time (by analyzing vibration data), this approach forces the update to keep modal damping ratios fairly close to 
what is observed experimentally, but allows a moderate degree of fluctuation in order to possibly provide a better 
objective match between modal frequencies and mode shapes. 

The first step in the model updating procedure is to determine baseline experimental values for the modal properties used 
in the objective function. Using the peak picking, frequency domain decomposition, and random decrement methods 
(which can be embedded directly in the wireless sensors [8]), modal frequency, damping ratio, and mode shape values 
can be extracted from the acceleration data collected by the wireless sensors placed at each floor. Figure 5 graphically 
displays the mode shapes identified for each of the six peak frequencies found using the peak picking algorithm. 

Once experimental modal parameters have been determined, they are shared with all sensors in the wireless network. 
The user, stationed at a centralized server, can then commence the model updating procedure by selecting an available 
sensor at random and assigning to it the initial annealing temperature step, T0. This initial node then searches for 
additional available units and the parallelized model updating process (as described in Section 3) begins. When the 
wireless network has converged on an optimal system state (s = {m1 … m6, k1 … k6, 1 … 6}), the results are 
communicated back to the centralized server for viewing by the user. 

5.4 Model updating results 

When simulating an input-output relationship using the M, C, and K matrices found through the updating process, it can 
be seen (as in Figure 6) that the updated model parameters produce a dynamic system output similar to what was 

Fig. 5. Experimentally determined modal frequencies, mode shapes, and modal damping ratios 



 
 

 

 

observed experimentally, given the same ground motion input. Figure 6a shows the time history response of both the 
experimental and analytical systems to an earthquake ground motion (El Centro, 1940) while Figure 6b shows the 
frequency response function of the two systems to the same earthquake excitation. Numerically, Table 1 shows that after 
a complete model update, an analytical model can be found that produces a good match between analytical and 
experimental frequency domain properties. Table 2 further enforces the model updating results by confirming that the 
updated mass and stiffness properties of each were within range of their estimated physical values. 

Lastly, Figure 7 displays the speedup that can be achieved by increasing the number of wireless sensors participating in 
the model update. Speedup is defined as the average amount of time required to reach an optimal solution in the serial 
(one processor) case divided by the average amount of time required to reach an optimal solution in the parallel (n 
processor) case. It can be seen that by increasing the size of a given wireless network (up to approximately 20 sensors), 
the amount of time required to completely update the lumped-mass shear structure presented in this study is decreased. 
Because of the time required to produce a sufficiently averaged curve using a wireless sensing network for computation, 
this figure was generated using a computer simulation of the distributed model updating algorithm. 

Table 1. Comparison of experimentally determined modal properties with those of the updated analytical model 
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Table 2. Comparison of estimated structural properties with those of the updated analytical model 
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                                                    (a)                                                                                                          (b) 

Fig. 6. Comparison of experimental response (denoted by solid, dark lines) and updated analytical model response (denoted by 
dashed, light lines) to an earthquake excitation in (a) the time domain and (b) the frequency domain 



 
 

 

 

6. CONCLUSIONS 

This study expands upon previous work in distributed data processing on wireless sensing networks by proposing an 
additional tool for the automated interrogation of system response data. Specifically, a distributed model updating 
algorithm is designed using a parallelized simulated annealing optimization method intended for use within large 
networks of wireless sensors. This algorithm optimally assigns model parameters so as to minimize the difference 
between an analytical model of a structure and wirelessly collected measurement data. By utilizing ad-hoc 
communication capabilities inherent to many wireless sensor networks, this parallelized model updating technique 
allows a network of sensors to autonomously detect and utilize processing nodes as they drop from and re-enter a 
network. This flexibility is advantageous in systems where sensor or communication reliability may not be 100%. 

Validation for this algorithm is provided using experimental wireless data collected from a six-story steel structure 
subjected to dynamic ground motion. It can be seen that by using acceleration data obtained at each floor of the 
structure, a wireless sensing network can effectively determine modal properties (modal frequencies, mode shapes, and 
modal damping ratios) of the system and then update a lumped-mass shear structure model for unknown mass, stiffness 
and damping properties of the model. Results show that this updating procedure produces good correlation between 
experimental modal properties and those projected by the updated model, as well as good correlation between the 
estimated mass and stiffness properties of the structure and those obtained by the model updating procedure. It can be 
seen that by increasing the number of sensors in a network, the time required for the network to achieve an updated set 
of model parameters is decreased. 
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