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ABSTRACT 
 
Optimal sensor placement technique plays an important role in structural health monitoring (SHM) of large-
scale structures. This paper develops a hybrid optimization algorithm call immune monkey algorithm (IMA) by 
introducing the immune mechanism of biosphere into the monkey algorithm (MA). The dual-structure coding 
method is used to overcome that the MA can only solve the optimization of continuous variables. Then, the 
chaotic search is adopted to initialize the monkey’s location for ensuring the uniform distribution of monkey. In 
addition, some improved strategies such as the advanced climb process, immune selection, clonal proliferation, 
and immune renewal are defined to maintain population diversity and inhibit degeneracy during evolution. The 
effectiveness and reliability of the proposed IMA is demonstrated on the Dalian world trade building. The 
results showed that some innovations in the proposed IMA in this paper can better solve the optimal sensor 
deployment problem when compared to the original MA. 
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INTRODUCTION  
 
The optimal sensor placement (OSP) problem involves determining the most effective locations to place a 
network of sensors across an array of measurable signals, in accordance with a set of specified objectives and 
constraints, such as cost, performance, and sensitivity to variations in uncertain environments. (Krenk and 
Hogsberg 2009). For a structure that has smaller number of degrees of freedom (DOF), experience or a trial-
and-error approach may suffice to solve the problem. For a large-scale complicated structure, whose finite 
element (FE) model may have tens of thousand of DOFs, an efficient approach is needed to solve such a 
computationally demanding problem (Yi et al. 2011a). The present study investigates techniques for selecting 
sensor locations in a sensor network designed to monitor the health condition of a high-rise structure Dalian 
world trade building (DWTB), by capturing sufficient information to identify structural dynamic behaviour 
based on a novel optimization algorithm call immune monkey algorithm (IMA). The MA, originally developed 
by Zhao and Tang (2008), is a population-based algorithm, which is inspired by the mountain-climbing process 
of monkeys. The algorithm mainly consists of the climb process, watch-jump process and somersault process. 
Despite of the MA having some attractive feature, it doesn’t imply this algorithm always perform as per 
expectations for the OSP problems. For example, the MA was originally designed to solve optimization 
problems with continuous variables while the OSP is a kind of optimization problem involving discrete-valued 
variables. In addition, the random initialization process may generate similar positions for different monkeys. 
Lastly, the computational time required to evaluate the objective function, coupled with the local premature 
convergence problem renders the standard MA impractical for planning of a large number sensor configurations. 
Keeping the existing problems in view, the original MA is modified in this paper based on the IA technique 
(Farmer et al. 1986). 
 
IMMUNE MONKEY ALGORITHM FOR SENSOR DEPLOYMENT 
 

Coding Method and Population Initialization 
 
To implement the MA, it is necessary to devise a general coding system for the representation of design 
variables first. Here, the dual-structure coding method (Yi et al. 2012) is adopted for the representation of 
design variables in the IMA. Here, the ordered pair ( , )x c  is designed for the possible solutions of each monkey, 
where x  denotes the position vector in the IMA and c  means the binary vector which represents the sensor’s 
location. The next step in the MA is to create an initial monkey population. However, the original random 



initialization process in the MA may generate similar positions for different monkeys. In order to avoid this 
issue, a chaos-based approach can be used to initialize the population of the IMA. 
 
Climb Process 
 
The original climb process in the MA is designed to use the idea of pseudo-gradient-based simultaneous 
perturbation stochastic approximation. Some analysis results showed that this kind of climb process makes the 
monkeys’ positions greatly changed before/after updating, which might skip the local optimal solution. In order 
to alleviate this problem, a novel advanced climb process is incorporated in the proposed IMA to search in better 
local areas, i.e. the entire climb process is divided into two steps: initial and advanced climb process. For the 
initial climb process, the reader can refer to Yi et al. (2012). For the monkey i  with the position 

,1 ,2 ,1 ( 1 , 1 ,..., 1 )i i i i fx x x x= , the outline of the proposed advanced climb process is as follows: 
Step (1): Define the search probability as 1q , which varies between 0 and 1. For the j -th component in the 
position vector ,1i jx  of monkey i , to generate a random number 1r  between 0 and 1, if 1 1r q< , generate a 
integer 2 ijx∆  in the interval [ , ]a a−  randomly, otherwise this component keep unchanged (i.e. 2 0ijx∆ = ); and 
other components can be generated in the same way, thus the new integer vector 

1 22 ( 2 , 2 ,...., 2 )T
i i i ifx x x x∆ = ∆ ∆ ∆ can be obtained, where { }1,2,...,j f∈ . 

Step (2): Obtain monkey’s new position 2newx  by 1 2i ix x+ ∆ , then calculate ( 2 , )new newf x c , update the 
monkey’s position 1ix  with 2newx  only if ( 2 , )new newf x c  is better than ( 1 , )i if x c , otherwise keep 1ix  unchanged; 
Step (3): Repeat steps (1) and (2) until the maximum allowable number of iterations (called the advanced climb 
number, denoted by 2Nc ) have been reached. 
 
Immune Selection and Slonal Proliferation 
 
During the climb process to the mountaintop (optimal value), the monkeys tend to converge in local optimal 
solution since the original climb process is only a random search process. In order to avoid this issue, the IAs is 
adopted here. The IAs is an evolutionary algorithm based on physiological immune systems that have 
mechanisms to enable them to eliminate foreign substances. The outlines of the proposed immure selection and 
clonal proliferation in IMA is given as follows: 
Step (1): Evaluate the corresponding proximity degree for each antibody. 
Step (2): Select the best 1m  monkeys with highest selection probability and eliminate the remaining inferior 2m  
monkeys. 
Step (3): Calculate 1m  monkeys’ objective function values and select the best position vector (denoted by 
xbest ) to carry out cloning operation. 
 
Watch-jump Process 
 
For each monkey, when it gets on the top of the mountain in the local area, it is natural to have a look and to 
find out whether there are other mountains around it higher than its present positions. If yes, it will jump to 
some place of the mountain watched by it from the current position (this action is called “watch-jump process”) 
and then repeat the advanced climb process until it reaches the top of the mountain. The outline of the proposed 
watch-jump process can refer to Yi et al. (2012). 
 
Immure Renewal 
 
Considering that it is unreasonable to eliminate all of the inferior monkeys since the total number of monkeys is 
limited. So as to overcome the problem, a kind of immune renewal mechanism is proposed and conducted on 
the eliminated monkeys to find the potential superior monkeys in the following iterative process. The proposed 
immune renewal mechanism can be described as follows: 
Step (1): Calculate objective function values for each monkey; 
Step (2): Select the best 3m  monkeys and the remaining monkeys are defined as inferior ones. 
Step (3): Select the best position vector (denoted by 2xbest ) as vaccine to carry out immune renewal operation 
on the inferior monkeys. 
 



Somersault Process 
 
After repetitions of the above process, each monkey will find a locally maximal mountaintop around its initial 
point. In order to find a much higher mountaintop, it is natural for each monkey to somersault to a new search 
domain (this action is called “somersault process”). The outline of the proposed somersault process can be refer 
to Yi et al. (2012). 
 
CASE STUDY 
 
In order to demonstrate the superiority and also the computational performance of the proposed IMA, two cases 
to determine the optimal sensor network on DWTB are taken into account. 
Case (i): The original MA with the dual-structure coding (called the SMA); 
Case (ii): The proposed NMA. 
 
The DWTB, located in Dalian, China, is a super-high-rise structure with a height of 242 m, consisting of a 201.9 
m high main structure and a 40.1 m antenna mast. It has four stories under the ground level and 50 stories above 
(Yi et al. 2011b). In this paper, only translational DOFs are considered for possible sensor installation, as 
rotational DOFs are usually difficult to measure in the on-site test. In addition, the structural modes only in the 
weak axis are taken into account for the sensor placement since the structural stiffness of the DWTB in two 
translational directions is different. Consequently, a total of 50 DOFs are available for the sensor installation. 
With this model, the modal analysis is carried out, and the first 10 mode shapes of the DWTB are selected for 
calculation. The quality of sensor network designs is evaluated according to an objective function, i.e. the fitness 
function, which must be formulated in relation to the specific optimization problem. In the case under 
investigation the objective function is the MAC (Carne and Dohmann, 1995). 
 
Figure 1 demonstrates the MAC values obtained by the SMA and IMA, respectively. The corresponding 
objective function values of each kind of sensor placement scheme are shown in Table 1. A close look at the 
results given in Figure 1 indicates that the proposed IMA can yield optimal sensor locations compared to the 
SMA. The largest off-diagonal MAC term is 0.0399 for the SMA, whereas 0.0080 for the IMA, which denotes 
the computational performance of the IMA that has been effectively improved and 79.95% reduction is gained 
to reach a satisfactory solution. Table 2 shows the optimal sensor locations obtained using the proposed IMA. 

 

  
(a) Case (i) (b) Case (ii) 

Figure 1 MAC values obtained by case (i) and case (ii) 
 

Table 1 Objective function value of each kind of sensor placement 
Scheme selection All DOFs Case (i) Case (ii) 

Objective function value 0.1442 0.0399 0.0080 
 



Table 2 Sensor placements of the DWTB 
Sensor No. 1 2 3 4 5 6 7 8 9 10 

DOFs 2 3 4 5 6 8 11 12 17 18 
Sensor No. 11 12 13 14 15 16 17 18 19 20 

DOFs 23 25 29 32 35 36 42 44 46 48 
 

CONCLUSIONS 
 
Placing sensors at appropriate locations is an important task in many engineering applications, and its role is 
central in SHM. In this paper, a novel and efficient methodology called the IMA for the optimal design of SHM 
system sensor arrays of the DWTB is proposed. Numerical investigations presented in this paper clearly suggest 
that the proposed hybrid IMA algorithm outperforms the original MA implementation in convergence. 
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