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ABSTRACT 
 
In this paper, a sensor placement method is presented and applied to optimize the accelerometer placement for a 
pilot study on a bridge span of Verrazano Narrows Bridge that is connecting Staten Island and Brooklyn in New 
York City. The sensor placement method is formulated to search for the sensor locations, represented as nodes 
in finite element model, to maximize the coverage of the dynamic integrity, which is defined as a percentage of 
the detectable damage scenarios. Using the Monte Carlo method and a finite element model, thousands of 
damage scenarios are automatically generated and analyzed. The calculated responses are used to form a 
sensitivity matrix, which is used to evaluate the sensor placement location. For a given number of sensors, the 
placement solution is optimized by using the Darwin optimization framework, which is a generic parallel 
optimization tool. For Verrazano bridge span, multiple runs of sensor placement optimization were conducted 
for placing 3, 5, 8, 10 or 15 accelerometers. The optimized sensor placement solutions were carefully analyzed 
and the 5-sensor solution was adopted with slight modification for the dynamic measurement in the field. The 
dynamic measurement was completed by using tri-axial accelerometers wired to Stucturocardiograph (SKG). 
This device performs data collection and provides initial analysis. It can be interrogated locally using the 
secured Wi-Fi for data transmission. The field work was completed in 6 hours and the frequencies of resonance 
were identified from the measurement and used for finite element model calibration. 
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INTRODUCTION 
 
Since civil infrastructures are generally subjected to adverse operational and environmental conditions during 
long service lives, structural aging or deterioration is inevitable, especially for long-standing structures. For 
example, over 26% of the 600,905 bridges in the U.S. are rated as either structurally deficient or functionally 
obsolete (ASCE 2009). As a result of economic consideration, these aging civil structures are still in service. If 
existing bridge deficiencies are not improved or damage and cracks are not detected and repaired at an early 
stage, a minor deficiency may grow and lead to expensive repairs or cause catastrophic failures. The current 
biennial bridge inspection mandated by federal highway administration (FHWA) is primarily a visual activity 
(AASHTO 2009). Visual inspections are time-consuming, labor-intensive, and cannot detect small-size cracks or 
cracks hidden under paint. It is unlikely to uncover the hidden deteriorations, the underlying causes of the 
structural damage cannot be established and consequently the bridge condition cannot be thoroughly evaluated. 
Therefore, the maintenance solution is not always adequate or reliable. 
 
To address difficulties experienced by visual inspections, structural health monitoring (SHM) systems have been 
developed for automatic identification of degradation in recent decades. SHM systems can help engineers to 
move from current time-based maintenance to a condition-based cost-effective maintenance. Although these 
sensing systems provide valuable measurements of structural health conditions, the expensive or labor-intensive 
deployment of such a SHM system prevents it from wide applications. For example, the cost of implementing a 
typical structural health monitoring system for a building can reach tens of thousands of dollars (Çelebi 2002). 
On the other hand, due to economic, structure accessibility, and other constraints, only a limited number of 
sensors can be instrumented on large or complex infrastructures. Therefore, for a limited number of utilized 
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sensors, it is important to determine the best locations of sensors so as to maximize the information necessary for 
structural identification. 
 
Optimal sensor placement (OSP) is a crucial issue for structural identification (Kirkeaard and Brincker 1994; 
Udwadia 1994; Shih et al. 1998), structural control (Mackiewicz et al. 1996; Gawronski 1997), and structural 
health monitoring (Basseville et al. 1987; Cobb and Liebst 1997; Shi et al. 2000). Different criteria have been 
adopted as objective functions. Kammer (Kammer 1991; Kammer 2005) presented and developed an effective 
independence (EI) method based on the contribution of each sensor location to the linear independence of the 
identified modes. Hemez and Farhat (Hemez and Farhat 1994) extended the EI method in an algorithm where 
sensor placement was achieved in terms of the strain energy contribution of the structure. Curvature data is also 
adopted as an optimization parameter for optimal sensor placement (Worden and Burrows 2001). Mutual 
information has been applied to optimal sensor placement for impact damage detection in composite structures 
(Wong and Staszewski 1998). Measures of modal controllability and observability have also been developed for 
the determination of sensor locations (Hamdan and Nayfeh 1989). Meanwhile, the optimal sensor configuration 
can also be selected by minimizing the information entropy norm, which quantifies the uncertainty of the model 
parameter estimates (Papadimitriou et al. 2000). 
 
Except for optimal sensor placement algorithms, computational issues in the search for the optimal sensor 
configuration are also addressed in the literature. Generic algorithms (GA) based on the Darwinian principle of 
natural selections have been proposed as an effective algorithm in sensor placement type problems (Yao et al. 
1993; Worden and Burrows 2001; Bedrossian and Masri 2003). Meanwhile, the method of simulated annealing 
is an established method for combinatorial optimization based on an analogy with the physical process of 
annealing. In this paper, the methods (Yi and Wu 2012), developed previously by integrating STAAD.Pro 
(Bentley 2012) and Darwin optimization framework (Wu et al. 2012), have been enhanced and applied to the 
sensor placement optimization process on a span of Verrazano Narrows Bridge. For a given number of sensors 
(accelerometers), the locations are sought for placing the accelerometers so that the sensor performance in terms 
of extracting relevant structural dynamics information is maximized. Based on the optimized sensor placement 
solutions, dynamic measurements were conducted in the field and the vibration data were processed to extract 
frequency and mode shapes. This is essential information for successful calibration of a finite element model 
calibration (Wu et al. 2013).  
 
METHODOLOGY 
 
The process of structural identification can be affected by using the precise measurement of the dynamic 
characteristics of a structure. For a full identification it is necessary to measure, for each mode of vibration the 
frequency of resonance, the deflected mode shape, the associated damping, and the response per unit force. For 
the calibration of a finite element model a reduced set of parameters will suffice. This includes the frequencies 
of resonance and the deflected mode shape for each resonance of interest (Jeary and Ellis, 1983). Due to the 
aging of the structural materials, defects in the structural elements, the impacts of ambient factors and the 
possible external loading conditions, structural responses are not only different from the healthy condition, but 
also change over time. For both short-term dynamic measurement and long-term structural health monitoring, it 
is desirable to place the limited sensors that can maximize the coverage of all the resonances that dominate the 
response of the structure under normally occurring loads. In addition, account has to be taken of the possibility of 
local modes of vibration occurring (such as those that indicate that a mechanism has developed within the 
structure). 
 
Let S={s1,s2,...,sNn} be the set of available locations, which can be represented by using the nodes in finite 
element (FE) model, for placing the sensors, where Nn is the number of sensor locations. One possible dynamic 
(damage) scenario can be represented by the changed material attribute, e.g. Young’s Modulus, geometric 
variations of any physical element or external loadings. Using a FE model, a dynamic scenario can be simulated 
by changing the corresponding model parameters. Due to the changed FE model parameters, the dynamic 
responses, in particular the mode shapes, are expected to change correspondingly. The changed dynamic 
responses can be quantified as sensitivity, which is described as follows. 
 
Effective Independence Determination 
 
In an N degree-of-freedom (DOF) structure system, its global stiffness matrix is denoted as K and the global mass 
matrix is denoted as M. The structural damage is simulated as stiffness reduction, which is further expressed as a 
linear combination of each elemental stiffness matrix. Assuming the stiffness changes are small in a specific 
damage scenario m, the characteristic equation of the damaged structure system can be expressed as: 
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where λi and Φi are ith eigenvalue and eigenvector of the undamaged structure system; m

iλ∆  and m
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eigenvalue and mode shape change under structure damage of ΔKm, which evaluates the structural changes. In 
the system described by Eq. (1), structural damping is ignored and no mass reduction is considered in the 
damaged structure system.  
 
If the mode shape change is further expressed as a linear combination of the mode shapes in the original 
structure system, m

i∆Φ  in Eq. (1) can be written as (Shi et al. 2000): 
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where Lm is the total number of damaged elements in the damage scenario m; F(K) is the N×Lm matrix of 
damage sensitivity coefficients of the ith mode shape changes with respect to the damage vector δA ; Ki is the 
ith elemental stiffness matrix. If several modes are used, m

i∆Φ  would become the measured mode shape 
difference matrix and F(Km) becomes the combination of sensitivity matrices for the selected modes. 
 
Eq.(2) is the theoretical mode shape differences without any noise consideration, while the measured mode 
shapes are usually compromised by environmental noises. Assuming a stationary Gaussian white noise ε is 
considered in the measurement system, a Fisher information matrix Qm (Lm×Lm) can be used to quantify the 
damage sensitivity from each DOF of the structure system (Kammer 1991):  
 

( ) ( )m m T m=Q F K F K  (5) 

 
It leads to the best estimate of damage coefficients when the measurement noise is uncorrelated and has 
identical statistical properties from each sensor. For this reason the use of high precision measurement devices is 
preferred for the purposes of the current exercise. 
 
The Fisher information matrix contains the damage sensitivity information, but the contribution from each 
specific DOF has an influence function associated with it which corresponds with the deflected mode shape for 
practical purposes. If only limited sensors are available in the measurement, it is important to quantify the 
contributions from all locations. The locations in the candidate sensor set can be reduced if their contributions 
are small. The amount of information can be formulated as the rank of the following matrix Em, and the 
contribution from each DOF is referred to as the diagonal element of the matrix (Kammer 1991): 
 

1
( ) ( ) ( ) ( )m m m T m m T−

 =  E F K F K F K F K  (6) 
 
where Em is a N×N matrix. The diagonal terms of the matrix Em represent the fractional contribution of each 
DOF to the rank of Em. Hence, if a DOF contributes little information to the rank of the matrix Em, this 
degree-of-freedom is redundant and can be removed from the candidate sensor set. The remaining 
degrees-of-freedom are the optimum locations. By this technique, the first K sensor locations with most 
information for damage localization can be determined. Although these sensor locations have most information, 
the joint information contributed by two selected sensors can be duplicated for the same damage scenarios, 
instead of information from different damage scenarios. In order to achieve largest damage scenario coverage 
information, the spatial correlation relationship between sensor locations can be explored to maximize the 
sensor coverage.  
 
As described in Eq.(3), the elemental stiffness matrix is required to simulate local damage at each element. It is 



generally not convenient to fetch an elemental stiffness matrix for a large structure, especially when different 
types of elements are involved. An alternative implementation is proposed to deal with the situation when 
elemental stiffness matrices are not available. ( )mF K  in Eq. (2) is the damage sensitivity matrix of the damage 
scenario m. In addition to the direct calculation based on elemental stiffness, it can also be calculated through 
finite element simulation (Bentley 2012) with damage scenario i. 
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where m∆Φ  is the modal shape changes between the undamaged structure and the structure in damage 
scenario m; mδA  represents m-th damage scenario; ( )mF K  in Eq.(7) is a N×Nm matrix and Nm is the number 
of modes considered in the computation. For every damage scenario m, single or multiple members can be 
damaged with different stiffness reduction ratios. Contribution matrix Em can be similarly formulated according 
to Eq. (6) with modified ( )mF K  in Eq. (7). Contribution from each DOF is represented by diagonal element of 
Em matrix.  Similarly, The Em matrix for all other simulated damage scenarios can be calculated and 
contribution from each DOF is extracted. The contribution matrix C for all damage scenarios can be formulated 
as follows.  
 
Contribution Matrix 
 
Assume that Nn nodes, as noted in the sensor location set S, be available for sensor placement. The damage 
scenario m is analysed with the FE model and the contribution matrix Em is calculated by Eq.(6). The 
contribution of scenario m is assessed by using the contribution impact factor, ,m jc taking the value of either 1 
or 0, which indicates effectively or ineffectively coverage of the scenario m by placing the sensor at location or 
DOF j, given as: 
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where cm,j is the contribution of damage scenario m at sensor location j, and cT is the specified threshold value 
for evaluating the contribution. Alternatively, contribution of damage scenario to DOF j can also be evaluated 
as: 
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where { }max ( ) max ( )

mm N mj jf f∆ = ∆ is the maximum mode shape change for all of the selected modes at j-th 

DOF under damage scenario m and Tψ is the specified threshold mode shape change. Generating and 
analyzing each of the M scenarios will result in a contribution matrix, given as: 
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Optimization Model 
 
Due to the limited number of sensors to be placed onto a large number of possible nodes, it is preferable not to 
rely solely on experience for the placement of the sensor. It is common practice that just a handful of sensors are 
available for a given structure system. Assume K (K << Nn) sensors can be placed on the nodes chosen from the 
sensor location set S, each of the selected sensor locations is represented by using its index in the location set, 
the index of sensor ks  is noted as ,1

k ks s nd d N≤ ≤ , k = 1, ..., K. The contribution of dynamic scenario m to 

sensor k is noted as , skm dc .The contribution of scenario m to all the K sensors is given as: 
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Eq.(11) is the binary OR function, which results in a value of either 1 or 0 for scenario m. When taking value of 
1, it indicates that at least dynamic response change is recorded or covered by at least one sensor, otherwise it is 
zero. Eq.(11) ensures that a damage scenario is only accounted for once among all the sensors to be placed. The 
overall performance of the selected K sensors is evaluated by the ratio of the number of the covered scenarios to 
the total number of the scenarios, given as: 
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In order to optimize the sensor placement, it is desirable to search for a specified number of, noted as K, sensor 
locations so that the overall performance of the K sensors is maximized. Therefore, the sensor placement 
optimization is formulated as: 
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The problem is solved in two phases including (1) generation of the contribution matrix and (2) the optimization 
of the sensor placement using the contribution matrix. The integrated solution method is implemented by using 
the Darwin Optimization Framework (Wu et al. 2012), a generic parallel optimization tool. 
 
IMPLEMENTATION 
 
As shown in Figure 1, similar to the pressure logger placement (Wu and Song 2012) for water distribution 
system model calibration, a two-phase solution method is implemented for optimizing sensor placement for 
structural health monitoring. The first phase of the solution method is to create the contribution database and the 
second phase is to optimize the sensor placement by integrating Darwin with the component of the sensor 
placement evaluation. Figure 1(a) illustrates the conceptual steps for generating the contribution database. For 
each of the generated damage scenarios for a structure system, one FE model run is conducted by changing the 
corresponding attributes to reflect the damage. Each scenario is simulated and the results, particularly the mode 
shapes, are retrieved to calculate the contribution factors for all possible sensor locations. The calculated 
contribution factors are used to assemble the contribution binary database. Once the database is created and 
saved in a binary file, it can be used for optimizing the sensor placement in the second phase. 
 

                                         
 

(a) Phase I: Create contribution database  (b) Phase II: Optimize sensor placement 
Figure 1. Integrated implementation of the solution method for optimizing sensor placement 

 
Using the contribution database, any combination of sensor placement can be evaluated by using the Eq. (12). 
For a given number of sensors to be placed, the Darwin Optimization Framework is applied to search for the 
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combination of the sensor locations so that the performance is maximized. Figure 1(b) shows the conceptual 
integration of Darwin with the sensor placement performance. For any new solution created by Darwin, it is 
passed to the sensor placement evaluation module to compute the performance indicator using the database and 
Eq. (12). The calculated performance indicator is assigned as the fitness value that is passed back to Darwin for 
the corresponding solution, which is optimized by searching for the combination of sensor locations so that the 
performance is maximized. The integrated solution method was applied to the Verrazano Narrows Bridge span 
and is considered in the following section. 
 
APPLICATION  
 
The integrated solution method is applied to the optimization of sensor placement on the approach span of 
Verrazano Narrows Bridge in Brooklyn New York City. Figure 2 shows the frame plan of the bridge span. 

 
Figure 2. Layout of the bridge span 

 
The necessary information to create the finite element model came from a series of original design drawing and 
consisted of the following: 

(1) Geometric information that describes the bridge orientation and member layout 
(2) Definition of the members that make up the model (deck slab, main longitudinal girders, intermediate 

cross frames, horizontal bracing, end cross frame at EBU abutment and floor beam at pier EB14) 
(3) Member end support at bearings on pier EB14 
(4) Member end support at abutment EBU 
(5) Material properties 

 
The finite element model was constructed using the latest version of STAAD.Pro v8i (Bentley 2012). Based on 
the FE model, the placement of sensors or accelerometers has been optimized for the different numbers of 
sensors. 
 
Sensor Placement Results 
 
Using the two-phase solution method, as shown in Figure 1, the case study was conducted as follows. 
(1) Generate 1,000 random damage scenarios by Monte Carlo method, each of which represents a likely 

damage of the elements that are randomly selected with the reduced Young’s modulus in the range of 20% 
reduction of the original values specified in the model. 

(2) Analyse each of the damage scenarios to create the contribution matrix. 
Optimize sensor placement solutions for the given number of sensors, e.g. 3, 5, 8, 10 and 15 sensors, that allows 
the maximum structural dynamics, as formulated as Eq. (12), was calculated and results are shown in Table 1, 
which illustrates the solutions for five optimization runs, each of which is undertaken for a given number of 
sensors to be placed on the structure. It is clearly demonstrated that the dynamic coverage increases as the 
number of the sensors increases, and also that the optimized placement solution for a smaller number of sensors 
is the subset of the solution of a greater number of sensors. For instance, 3-sensor placement solution is the 
subset of 5-sensor solution, so is the 8-sensor solution the part of 10-sensor solution. As the number of sensors 
increases while the coverage does not increase as much, some optimized sensors are close each other, so that not 



exactly every sensor in 10-sensor solution is included in the 15-sensor solution although 8 out of the 10 sensor 
nodes are included in 15-sensor placement. Figure 3 illustrates the 5-sensor placement solution, which was 
adopted for the dynamic measurements in the field. The solution was slightly adjusted by shifting both sensor 
nodes of 99 and 115 to the supports in order to capture the boundary conditions. 

 
Table 1. Optimized sensor placement solutions for different numbers of sensors 

No. of Sensors 3 Sensors 5 Sensors 8 Sensors 10 Sensors 15 Sensors 

Sensor 
Node ID 

102 102 102 102 102 

111 111 111 111 111 

115 99 99 99 99 

 115 107 107 107 

 114 109 109 109 

  115 115 115 

  114 114 114 

  149 149 112 

   
112 50 

   
101 56 

    81 

    94 

    95 

    146 

    175 

Dynamic coverage (%) 37 43 48 50 51 

 

 
Figure 3. Optimized 5-sensor placement solution for Verrazano Narrows Bridge Span 

 
Dynamic Measurements  
 
Dynamic measurement was conducted on October 18 2012 in the field. Five tri-axial accelerometers were 
placed on the bridge span as shown in Figure 4 (a). Each of the accelerometer placed on the bridge, as shown in 
Figure 4(c), was wired to the SKG as illustrated in Figure 4(b). The dynamic measurement was undertaken for 
about 4 hours, during which time the collected data were automatically transmitted to the secured portal o f  the  



SKG.  The  SKG is powered by battery and connected with a Wi-Fi capability (Jeary and Winant 2012). The 
time necessary for recording a random process is dictated by a requirement for reducing variance errors to a 
level that will allow the precise identification of the frequency of resonance (Jeary 2003). The collected data can 
be viewed in real-time through the secured portal and the spectra were produced to identify the dynamic modes, 
as shown in Figure 5, and also the corresponding frequency as illustrated in Table 2. The sharp responses in 
Figure 5 are the responses of the structure in resonance conditions, and the broader band response is a forced 
excitation caused by the passage of traffic over the bridge. The identified modes and frequencies are the 
essential data used for finite element model calibration (Wu, Zhao, Love, Bhide, Jeary and Winant 2013). 

 
Figure 4. Photos of dynamic measurements for the bridge span 

 

 
Figure 5 Sample spectra of the dynamic measurements 

 
Table 2. Frequencies of the first six modes identified from the dynamic measurements 

Modes Descriptions Frequency (Hz) 
1 1st Horizontal 3.00 
2 1st Vertical 3.20 
3 1st Anti-symmetric torsion 3.70 
4 Bird wing flap mode 6.20 
5 1st Anti-symmetric vertical 6.70 
6 1st Anti-symmetric torsion 8.90 

 
CONCLUSIONS 
 
As structural health monitoring is becoming increasingly important approach for lifecycle asset management of 
civil infrastructural systems, cost-effectively placing sensors is imperative to undertake a SHM project. This 
paper presents a relatively comprehensive study on formulating the sensor placement method, integrating the 



method with a generic optimization tool, applying it to a real bridge structural system, conducting dynamic 
measurement in the field and identifying the dynamic modes and frequencies. Those identified features 
represent the dynamic signature of the existing bridge structure and are used to calibrate the finite element 
model. The results obtained from this study indicate that the integrated sensor placement method is effective and 
applicable to many other civil infrastructural systems for long-term and short-term structural health monitoring 
and modeling. 
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