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ABSTRACT 
 
Wireless sensor networks (WSNs), which is characterized by low-cost, easy to install, and onboard computation, 
is one of the very promising technologies in structural health monitoring (SHM) of long span bridges and has 
received significant public attention in recent years. The limited energy availability and limited data 
transmission distance make optimal wireless sensor placement (OWSP) for SHM of long span bridges must 
meet the data transmission requirement of WSN besides the data obtainment requirement which is general 
demand of any sensor sub-system in SHM. An improved general genetic algorithm (GGA) with self-adaptive 
dynamic penalty function (SADPF) is proposed for OWSP in SHM of long span bridges. At first, considering 
the limited transmission distance of WSNs as a constraint, the mathematical mode of OWSP is established. And 
then, the SADPF is designed to transform the constrained optimization problem into an unconstrained 
optimization problem. Subsequently, some drawbacks of GGA are improved. At last, the performance of the 
proposed algorithm is validated by a numerical model of a long span bridge. Investigations results indicate that 
the proposed wireless sensor placement method can meet the needs of SHM and WSN data transmission, which 
provides a feasible approach for wireless sensor placement. 
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INTRODUCTION  
 
Structural health monitoring (SHM), which can monitor structural behaviour in real-time, evaluate structural 
performance under various loads and identify structural damage or deterioration, becomes a powerful 
supplement to visual inspection and is being adopted increasingly for newly constructed structures and some 
existing structures. Because of lightweight and flexibility, the long-span bridge is sensitive to dynamic loads, 
and its safety is concerned by researchers all over the world. Up to now, hundreds of SHM systems have been 
applied on the full-scale long-span bridge structures: e.g., the Great Belt Bridge in Demark, the Confederation 
Bridge in Canada, the Tsing Ma Bridge in Hong Kong, the Commodore Barry Bridge in United States, the 
Akashi Kaikyo Bridge in Japan, the Runyang Yangtze River Bridge in China and so on (Ko et al. 2005; Wang et 
al. 2011). The advancement in wireless technology has provided motives to the researchers to develop the 
wireless network (WSN)-based bridge SHM. Recent successful implementations of WSNs-based SHM on 
several full-scale bridges have demonstrated feasible use of the technology (Pakzad et al. 2008; Chae et al. 2012; 
Jang et al. 2010).  
 
Comparing with wired sensor network, the WSNs are characterized by having specific features such as limited 
data transmission distance, limited energy availability, low memory and reduced processing power. So 
estimating the wireless sensor placement, not only the vibration information acquirement but also the data 
transmission distance must be considered, which present new challenges for OSP. Considering the limited data 
transmission distance, the optimal wireless sensor placement (OWSP) becomes a constrained optimization 
problem. The existing gradient-based local optimization methods are insufficient to this problem. But as far as I 
know, there are no promising OWSP methods in literatures. The GGA is a powerful one to deal with 
constrained optimization problems. Using penalty functions that penalize infeasible solutions by reducing their 
fitness values in proportion to their degrees of constraint violation, the constrained problem is transformed to 
unconstrained one. Up to now, many penalty strategies are developed, including death penalty, static penalty, 
dynamic penalty, annealing penalty, adaptive penalty, segregated GA and co-evolutionary penalty (Yeniay 
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2005). This paper presents an improved general genetic algorithm (GGA) with self-adaptive dynamic penalty 
function (SADPF) for OWSP in bridge SHM. 
 
MATHEMATICAL MODEL 

 
Being different from OSP, there are two aspects must be considered in OWSP problem. The first one is that the 
data transmission distance between two wireless sensors is limited. And the next one is that the number of 
wireless accelerometer is limited. Based on the two aspects, the aim of bridge vibration monitoring OWSP can 
be described as finding the subset of m locations from a set of n candidates, where m≤n, which may provide the 
maximum bridge vibration information under the condition that the distance between two adjacent wireless 
sensor in data transmission route is less than the ultimate data transmission distance of wireless accelerometer. 
Comparing with conventional OSP problem, the OWSP includes the restriction of sensor distance, so the OWSP 
of bridge vibration monitoring is a kind of particular constrained knapsack problem from the view of 
mathematics. Its mathematic model can be defined as 
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where f represents optimization objective function or fitness function in GA, n represents candidate test DOFs, 
m represents the total number of wireless accelerometers, g represents the data transmission distance in route, 
dmax represents the ultimate data transmission distance of wireless accelerometer, xj (j=1, 2, …n) represents 
sensor placement index. If the value of xj is 1, it denotes that a sensor is located on the jth DOF. In contrast, if 
the value of xj is 0, then it denotes that no sensor is placed on the jth DOF. 
 
SADPF 
 
In OWSP, two factors should be integrated in penalty function. The first factor is dynamic. At the beginning 
stage of evolution, the diversity of individuals in population is beneficial to search global optimal solution. At 
the later stage of evolution, the pressure of penalty should be increased in order to accelerate convergence. 
Hence the penalty function should be dynamic and can adjust according to the property of population and the 
number of generation. The other factor is self-adaptability. The reliability of WSNs will reduced significantly if 
all sensors in network operating at full load and the packet loss rate increases obviously. So the high pressure of 
penalty should be put on the individuals whose maximum data transmission distance in route nears the ultimate 
data transmission distance. Therefore, the penalty function should be self-adaptive according to the data 
transmission distance in route. Based on the two factors, the pressure of penalty is self-adaptive and dynamic, 
which change with the number of generation and their degrees of constraint violation. Building the SADPF in 
bridge vibration monitoring OWSP as follows: 
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where p(d,t) represents penalty function, du represents the maximum allowed distance after relax, α, β, s0, n0 and 
d0 represent constants determined by wireless sensor type, t represents the number of generation. d is equal to 
the maximum of g. If p(d,t) is less than 0, forcing p(d,t) is equal to 0. 
 
IMPROVED GENERALIZED GENETIC ALGORITHM 
 
Because of the non-convexity of the bridge vibration monitoring OWSP problem, applying GAs is tend to 
inbreed, local converge and premature converge. In order to improve those drawbacks, a kind of GGAs (Holland 
1975) is adopted here. The GGA is based on some modern biologic theories such as the genetic theory by 
Morgan, the punctuated equilibrium theory by Eldridge and Gould, and the general system theory by Bertalanffy 
(Yi et al. 2011). So it is superior in biologics to the classical GA, but it also has some faults like one-
dimensional binary coding, low converge speed, low stability and low reliability. In this paper, some attempt is 
made to improve the GGA.  
 



Fitness Function 
 
In this paper, the modal strain energy (MSE) is employed as the fitness functions. Then, the objective of OWSP 
becomes to find a reduced configuration of wireless sensor placements, which maximizes the measure of the 
MSE of the structure. Supposing the mode shape matrix is Φ=[φ1, φ1,…, φn] (subscript n is the number of mode 
shape vectors) and the number of wireless sensor is m, the MSE fitness function can be given as 
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Where φri represents the deformation of rth component in the ith model vector amd φsj represents the 
deformation of sth component in the jth model vector, krs represents the stiffness coefficient between the rth 
DOF and the sth DOF. r,s∈m means r and s are restricted in the locations where wireless sensors are placed.  
 
Based on the fitness function establishing method for constrained optimization problem proposed by Yokota 

(Yokota et al. 1996), the fitness function of bridge vibration monitoring OWSP can be defined as： 
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Dual-Structure Coding 
 
A dual-structure coding is adopted to overcome the problem that the number of wireless senor will be changed 
in the crossover and mutation. The dual-structure coding, as show in Table 1, includes two rows. The upper row 
s(i) is the append code, which denotes the candidate DOFs of sensor placed. The lower row is the variable code 
xs(i) corresponding to append code s(i), which is the same as the codes of one-dimensional binary coding. When 
coding certain individuals, the shuffle method is firstly employed to produce stochastic {s(i), (i = 1, 2 . . .n)} and 
list on the upper row, then the variable code (0 or 1) is generated randomly. For example, four sensors are 
placed on 10 candidate DOFs, one of the dual-structure code is generated and show in Table 1. From the dual-
structure code, it is easy to know that the sensors are located on the eighth, ninth, seventh and sixth DOFs. The 
genetic operators may only operate on upper append code and the lower variable value of offspring is fixed. 
This means that the number of sensors can be unchanged. 
 

Table 1. A dual-structure coding example 
Append code s(i) 5 8 9 3 4 2 7 1 6 10 
Variable code xs(i) 0 1 1 0 0 0 1 0 1 0 

 
Elite Conservation Strategy and Worst Elimination Policy 
 
The representative characteristic that the GGA is different from the simple GA is the evolutionary processing. 
The two-quarter selection rule is employed in the GGA, which can be described as follows: firstly, the two-
parent is selected from the population; secondly, two children are created through crossover; thirdly, executing 
two-quarter selection and eliminating the two individuals with worst fitness values; fourthly, considering the left 
two individuals as parent and generating two children through mutation; fifthly, executing two-quarter selection 
again and selecting the two individuals with best fitness values as the next generation (Yi et al. 2011).  
 
In practice, the “group in group” scheme is employed. The initially generated population is divided as leading 
population and supporting population. The leading population is a small size population and composed with N 
individuals that are selected from current population with best fitness values. At the same time, keeping the 
individuals in leading population is different from each other. The residual M-N individuals form supporting 
population. In every evolution generation, at first time, the father is selected from leading population by the 
roulette wheel selection (RWS) method and the individual with the worst fitness values in supporting population 
is selected as the mother; at next iteration, the father is selected from leading population by the RWS method 
and the mother is selected from supporting population by the stochastic universal sampling (SUS) method. By 
this way, the worst one is eliminated inevitably in every evolution generation, and the convergence speed is 
improved. At the same time, the excellent individuals come to next generation directly, which means the elites 
are conserved.  
 



Genetic Operators 
 
The gradual change and sudden change are combined in the evolution processing. When the head or the tail of 
the population is unchanged in many generations, the genetic operator is transferred to sudden change. After the 
head or the tail changed, the genetic operator is transferred back to gradual change. In the whole evolutionary 
processing, the gradual change is dominant and the sudden change is secondary. In the course of gradual change, 
crossover is first and mutation is second. While in the course of sudden change, mutation is first and crossover is 
second. The partially matched crossover (PMX) is applied in the crossover. Considering that there are gradual 
change and sudden change in the GGA, the swap mutation and the inversion mutation are used in gradual 
change and sudden change, respectively.  
 
NUMERICAL EXAMPLE  
 
The Runyang Suspension Bridge (RSB), with a main span of 1,490 m, is used for numerical example. The first 
16 vertical modes are calculated by finite element method and list in table 2.  

 
Table 2. The first 16 vertical frequencies of the RSB 

Model 1 2 3 4 5 6 7 8 
Frequency (Hz) 0.0879 0.1228 0.1662 0.1885 0.2406 0.2493 0.3450 0.4025 

Model 9 10 11 12 13 14 15 16 
Frequency (Hz) 0.4621 0.5278 0.5938 0.7428 0.8264 0.9112 1.0051 1.1007 

 
Since the dimension in the longitudinal direction of long-span bridge is much larger that in the transverse 
direction, the WSN can be designed as a single line and the data is transmitted to the sink by muti-hop. The 
space of neighbor nodes is equal to the distance of data transmission in route. When determining the number of 
wireless accelerometer, the ultimate data transmission distance of node is an important factor need to be 
accounted for besides the cost of the SHM system. Supporting the ultimate data transmission distance of node is 
150m and the number of nodes is 10, the wireless accelerometer must be placed uniformly along the main span 
of RSB in order to satisfy the data transmission needs. Obviously it is not rational from the view of bridge 
vibration monitoring. So the number of nodes must be more than that calculated according to the ultimate data 
transmission distance and bridge span. In this example, the number of nodes is selected as 20.  
 
Before the simulation of the GGA process, there are many problem specific parameters such as the population 
size, leading population size and SADPF need to be determined so that the rational results can be achieved. In 
this example, the population size is 300 and the leading population size is defined as one quarter of the 
population size. The parameters of SADPF are list in Table 3. The best result for the 20 nodes is listed in Tables 
4. In the table, the location denotes the distance from the sensor location to the left bridge tower. From table 4, 
the maximum sensors space can be easily computed through the location difference of two sequential sensors. 
The maximum sensors space is 96.6m, which is much less than the ultimate data transmission distance of node. 
The fitness convergence curves are show in Figure 1. It can be seen that the fitness values converge to the best 
results quickly. After 62 iterative times, the maximum fitness value tends to a constant, which denotes the result 
is convergent. The results indicates that, combing the SADPF with improved GGA, the evolution progress gives 
a good characteristic of convergence and the optimal results satisfy the data transmission needs and bridge 
vibration monitoring requirements at the same time.  
 

Table 3. Parameters of SADPF 
Parameter du s0 α n0 β d0 

Value 300 30 2 10 1.2 30 
 

Table 4. The optimal sensor locations 
Sensor number 1 2 3 4 5 6 7 8 9 10 
Location (m) 257.6 305.9 402.5 483 515.2 547.4 644 692.3 788.9 869.4 

Sensor number 11 12 13 14 15 16 17 18 19 20 
Location (m) 917.7 1014.3 1094.8 1175.3 1255.8 1320.2 1352.4 1384.6 1416.8 1465.1 

 
 



CONCLUSIONS 
 
An improved GGA combined with SADPF is proposed for the vibration monitoring OWSP of long span bridge 
in this paper. The evolution progress shows a great best solution searching ability of the proposed method. The 
numerical example demonstrates that the proposed method was particularly effective in solving the OWSP 
problem, and it can get the better results quickly and stably. 
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Figure 1. Evolution progress of the improved GGA 
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