
10
th

 World Congress on Structural and Multidisciplinary Optimization 

May 19 -24, 2013, Orlando, Florida, USA 

 

 

 

 

1 

Smart Sensing Function Design Using Multifunctional Material for Failure 

Diagnostics and Prognostics 

 
Abdulaziz T. Almaktoom

1
, Zequn Wang

2
, Pingfeng Wang

3
, and Soobum Lee

4 

 
1,2,3Department of Industrial and Manufacturing Engineering, Wichita State University   Wichita, KS 67260, USA,  

atalmaktoom@wichita.edu, zxwang5@wichita.edu, pingfeng.wang@wichita.edu 
4Department of Mechanical Engineering, University of Maryland, Baltimore County Baltimore, MD 21250, USA, 

sblee@umbc.edu 

 
1. Abstract  

Multifunctional structural materials possess attractive attributes that can be designed to realize smart system 

functionalities such as integrated sensing systems for failure diagnostics and prognostics. With integrated sensing 

capabilities enabled by multifunctional structural materials, real-time monitoring of potentially damaging 

structural responses becomes possible. However, due to various uncertainties introduced by structural material 

properties, manufacturing processes, as well as operating conditions, ensuring the robustness of sensing 

performance is of vital importance for smart sensing system development. This paper presents a reliability-based 

robust design approach to develop piezoelectric materials based structural sensing systems for failure diagnostics 

and prognostics. In the proposed approach, a detectability measure is defined to evaluate the performance of any 

given sensing system being designed. With the detectability measure, a sensing system design problem can be 

transformed to a problem of maximizing detectability values for different failure modes through optimally 

allocating piezoelectric materials into a target structural system. This transformed problem can be conveniently 

formulated into a reliability-based robust design framework to ensure design robustness while considering the 

uncertainties. Two engineering design case studies will be employed to demonstrate the efficacy of the proposed 

methodology in developing multifunctional material sensing systems. 
 
2. Keywords: Reliability-based robust design, Multifunctional material systems, Failure diagnostics and 

prognostics, Piezoelectric materials 

 

3. Introduction 

With the increasing complexity of engineering system, failure diagnostics and prognostics (FDP) technique is 

employed to prevent the potential catastrophic failure. This technique has been applied successfully on 

engineering structures such as automotive industry, turbine, aerospace, and transformers among many others 

[1]-[7]. This FDP system should be able to monitor structural systems, recognize the state and severity of damages, 

and also indicate the future structural health state which helps evaluate system’s health conditions and the 

remaining useful lives (RULs). 

Multifunctional material for FDP holds advanced characteristics beyond the strength and arduousness that 

normally ambition research disciplines and engineers. Furthermore, it can be designed to have integrated 

functionalities to compensate the basic material capabilities. There is no doubt that FDP can impact maintenance 

strategies and working efficiency. RUL also can be increased by implementing FDP appropriately [8], while FDP 

can be costly and inefficient unless it is appropriately implemented [9]. Still there is a need to enhance FDP 

systems by increasing sensing detectability. Multifunctional material sensing system has been studied to improve 

the detectability and reduce uncertainty that can contaminate measured detectability [10]. In [11], sensor 

placement design is studied for structural health monitoring under uncertainty. In [12], optimal location of sensors 

is presented for parametric identification of linear structural systems.  A methodology for optimally locating 

sensors in a dynamic system presented in [13], [14] proposed a probabilistic approach for optimal sensor allocation 

in structural health monitoring system. [15] Developed a Bayesian approach to optimal sensor placement for 

structural health monitoring with application to active sensing. In [16], an optimal sensor location methodology for 

structural identification and damage detection is studied. Most of these methods were settled for allocating a 

number of sensors to distinguish a specific health state of structural damage, and their applications are limited by 

the type of health state failure mechanisms.  

However, due to various uncertainties introduced by structural material properties, manufacturing processes, 

as well as operating conditions, ensuring the robustness of sensing performance is a vital importance for smart 

sensing system development. Reliability based robust design optimization (RBRDO) is developed recently in 

order to guarantee the desired quality and reliability and minimize uncertainties. RBRDO aims to qualify the 
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performance of engineered systems by regulating design characteristics and constraints for robustness and 

reliability by considering cost, variability, and uncertainties involved in the process of system design, operating 

conditions, manufacturing processes, and structural materials into account.  Numerous studies have been 

developed to deal with uncertainties [17]-[20] and robustness associated with reliability [21]-[26].  

To customize RBRDO for sensing system design problem, RBRDO of multifunctional sensing system for FDP 

is developed in this paper using piezoelectric material. In RBRDO, the detectability of sensing system under 

uncertainty is defined and the design problem is formulated to minimize the lifecycle cost while satisfying the 

predefined detectability target. The rest of the paper is organized as follows. First, smart sensing with piezoelectric 

materials is introduced in section 4. In section 5, a detectability measure is defined in a probabilistic form as a 

unified quantitative measure for the performance of any given sensing system used for the structural health 

diagnostics. A general approach for detectability evaluation is also introduced based on health state classification. 

In section 6, a generic RBRDO framework is developed to design smart material systems for the structural health 

diagnostics and prognostics. A rectangular plate case study is used in section 7 to demonstrate the efficacy of the 

proposed methodology in developing multifunctional material sensing systems. 

 

4. Smart Sensing with Piezoelectric Materials  

Piezoelectric materials can be potentially applied for real-time monitoring of structural damages, utilizing direct 

piezoelectric effect – generation of electric potential in response to an applied mechanical stress. One of the 

commonly used piezoelectric materials is lead zirconate titanate (PZT) [27], a piezoelectric ceramic, which has 

wide application in vibration sensors and health monitoring systems [28]: a self-sensing piezoelectric actuator for 

collocated control [29], health monitoring/damage detection of a rotorcraft planetary gear train system using 

piezoelectric sensors [30], and smart sensor system for structural condition monitoring of wind turbines [31]. In 

this paper a new smart sensing system design framework will be developed for FDP using piezoelectric materials. 

 Piezoelectric materials constitutive relationship can be formulated mathematically [32][39] and used in both 

actuating and sensing applications. In actuating applications the PZT actuator is attached to a structure and an 

external electric source is applied to the actuator that induce strain field.  In sensing applications the PZT sensor is 

attached to a structure and exposed to a stress field that creates electric charges. In both cases a coupled field 

problem is solved as follows: 

 
c E

k jk j km md E s  
 (1) 

 

 
d

i ij j im mD e E d  
 (2) 

 

where,  is a vector of the strain, d 
c
jk is a vector of the piezoelectric coefficient that defines strain per unit at 

constant stress (m/V), E is a vector of the electric field (V/m), s
E

km is a vector of the elastic compliance (m2/N), σm 

is a vector of the stress (N/m2). D is a vector of the electric displacement (Coulomb/m2), e 
σ
ij is a vector of the 

dielectric permittivity (F/m). This paper considers a sensing application which utilizes d31 effect of PZT material: a 

voltage output along the thickness direction as a response of in-plane strain see Figure 1. 

This paper makes use of a harmonic vibration model with a fixed frequency for the design of a piezoelectric 

energy harvester. Harmonic response analysis solves the time-dependent equation of motion for linear structures 

under steady-state vibration with a fixed excitation frequency. Considering a general equation of motion for a 

piezoelectric coupled-field structure after the application of the vibrational principle and finite element (FE) 

discretization, the coupled FE matrix equation is derived as [25]: 
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where M, D, and K are the structural mass, damping, and stiffness matrices respectively, K
z
 is piezoelectric 

coupling matrix, K
d
 is dielectric conductivity matrix, {u} is displacement vector, {V} is voltage vector, and {F} 

and {L} are structural and electrical load vectors. The electrical load vector is assumed to be zero in this paper, {L} 

= 0; only the structural input loading exists for the design of energy harvester. In the harmonic response analysis, 

all points in the structure are vibrating at the same known frequency. Therefore the displacements and voltage may 

be defined as: 
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where {umax} and {Vmax} are the maximum displacement (maximum voltage), φ is the phase angle,  is the 
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imposed excitation frequency, j is square root of -1, and the sub-indices re and im represent the real and imaginary 

components, respectively. The force vector can be specified analogously as follows: 

             max max cos sin
j t j t j t

re imF F e F j e F j F e
    


          (5) 

 

Finally, substituting Eq. (4) and Eq. (5)  into Eq. (3)  and cancelling e
jt

, we obtain that [39]               
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Figure 1: Schematic of a piezoelectric ceramic sheet  
 

5. Probabilistic Detectability Measure and Evaluation 

The sensing system can monitor physical behaviors and determine the health state of a system. However, false 

alarm may occur due to the uncertainties on system operation processes and manufacturing. Therefore, the 

performance of sensing system should be qualified using a probabilistic method, so that the accurate detection of 

system health states can be achieved. In the proposed RBRDO of sensing system for FDP framework, a set of 

health states must be categorized based on historical failure data. Thus correct and incorrect detection rates of 

every health state will be defined as the sensing performance measures. The correct classification rate of particular 

health state can be calculated using a conditional probability so that the sensing system can detect the true health 

state and identify at which state the system is operated. On contrast, the incorrect detection rate can also expressed 

as a conditional probability that the sensing system detects wrong information. Using the data of correct and 

incorrect detection rates, the sensing system detectability can be defined by establishing the 

probability-of-detection (PoD) matrix.   

This section introduce the concept of  detectability and the method to evaluate the detectability for each health 

state based on structural simulation and system health state classification. Subsection 5.1 introduces the concept of 

probability of detection matrix to qualify the sensing system. Subsection 5.2 presents the Mahalanobis distance 

based approach for health state classification. In this research, it is assumed that all numerical models are valid and 

they deliver accurate results associated with actual systems.  

 

5.1. Probability-of-detection (PoD) matrix 

PoD matrix helps to define the overall sensing system detection performances that represent the probabilities of 

correct detection for all predefined health states. A general form of the PoD matrix is shown in Table 1.  

 

Table 1: Probability of detection (PoD) matrix 

 

Probability 
Detected Health State 

1 2 3 … NHS 

True Health State 

1 11P  
12P  

13P  … 
HS1NP  

2 21P  
22P  

23P  … 
HS2NP  

… … … … … … 

NHS 
HSN 1P  

HSN 2P  
HSN 3P  … 

HS HSN NP  

 

In the PoD matrix NHS represents the number of health states (HS), where Pij indicates the probabilistic 

relationship between the true system health state and the health state detected by the sensing system. Pij can be 

defined as the conditional probability that the system is detected to be operated at HSj by the sensing system given 

that the system is operated at HSi, where the i
th

 represents a conditional probability of correct detection for the i
th
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health state. This relation can be statistically expressed as shown in Eq. (7).  

  ij j  iP   Pr Detected as HS |  System is at HS     (7) 

 

To provide a probabilistic measure for FDP performance of a sensing system while considering uncertainty in 

manufacturing and system operation processes, it is a must to define the detectability of the i
th

 system health state 

(HSi) based on the PoD matrix. The detectability of a HS system can be statistically defined, See Eq. (8) below for 

the demonstration.   

  i ii i iD P Pr Detected as HS | System is at HS    (8)  

 

In this example there is only one sensor will be used for damage detection and three predefined health states as 

following: 

 Health State 1 ( HS1): The system is operating normally without any damage and follows a normal 

distribution as N (2, 0.9
2
) 

 Health State 2 (HS2):  The system is operating but has some minor damage that follows a normal 

distribution as N (3, 0.6
2
) 

 Health State 3 (HS3):  The system is operating but has a severe damage that follows a normal distribution 

as N (7, 1.5
2
) 

Now will measures detectability values for all three defined health states based on the available information. 

The z-score is calculated to define a normalized distance between the testing data and the sensor output distribution 

for the three predefined health state. This step will classify all given data set of testing sensory into one of the three 

health states. A normalized distance will classify the collected data from the sensor output distribution of each 

health state that would categorize the testing data into the health state that has the minimum normalized distance. 

Boundaries between two health states will be identified by one neutral point that leads to three equal normalized 

distances as shown in Figure 2. 

 

 
 

Figure 2: Sensor output distributions neural points 

 

The natural point (X1-2) between HS1 and HS2 can be calculated using Eq. (9), and the natural point (X2-3) 

between HS2 and HS3 can be calculated as shown in Eq. (10). Then detectability (Di) can be evaluated as shown in 

Eq. (11, 12, and 13) using conditional probability procedure that defined in Eq. (7).  
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By solving this mathematical example using analytical evaluation of the detectability, it is clear that statistical 

distributions and health states classification of sensor outputs are critical for FDP sensing system detectability 

analysis. Nevertheless, in practical engineering applications, a sensing system for FDP contains numerous sensors 

to deal with more than three health states.  Accordingly, the analytical evaluation of sensing systems detectability 

becomes very difficult to calculate due to the calculation of neutral points between all health states. Also, statistical 

distributions of sensors’ outputs for all health states are not commonly available. As a substitute, the Mahalanobis 

distance (MD) classifier is employed to characterize the uncertainties of sensor output for each system health state 

using training data of the sensors’ outputs. 

 

5.2. Mahalanobis Distance Based Health State Classification  

This section presents a detectability method using Mahalanobis distance (MD) classifier to calculate the 

detectability value for each health state based on structural simulation and system health state classification. To 

classify all health stats in complex sensing systems, the MD classifier quantitatively measures the similarity 

between the sensors’ outputs data set and the training data.  The MD classifier has the ability to recognize if one set 

of testing data is related to another predefined set of training data. In other words, MD classifier can categorize 

which predefined health state is related to the system health state represented by the testing data. See Eq. (14) 

below for the demonstration.  

    1T

i i iMD X M X M      (14) 

where the superfix T denotes matrix transpose, and Σ denotes the common covariance matrix of the training data 

set for his, X is the given testing sensory data set to be classified, and Mi is the vector of mean values of the training 

data set for the health state HSi.  

One example is used to show the MD based health state classification approach. In this example, there are two 

sensors used for damage detection and three predefined health states as shown in Table 2. Also, there are five sets 

of testing data shown in the first two columns in Table 3. 

 

Table 2: Predefined system health states 

 

Health State (HS) Sensor 1 Sensor 2 

HS1 (Healthy state) σ*rand(1,n) − 1.4 σ *rand(1,n) 

HS2 (Minor damage) σ*rand(1,n) − 3 σ *rand (1,n) + 0.7 

HS3 (Severe damage) σ*rand(1,n) σ *rand (1,n) − 0.5 

 

Now we will find out the detectability values for all three predefined health states. The MD classifier method is 

used to define a normalized distance between the testing data and the sensor output distribution for the three 

predefined health states. This step will classify each testing data set into a specific health state with the smallest 

MD value.   

 

Table 3: System Health States Classification Using MD Classifier 

 

Sensory Data Mahalanobis Distance Classified 

State S1 S2 HS1 HS2 HS3 

-1.66 0.13 14.40 69.50 163.50 HS1 

-2.26 0.89 269.56 12.15 418.32 HS2 

-0.96 0.95 102.02 247.74 221.35 HS1 

-2.48 -0.31 84.74 90.99 264.06 HS1 

0.09 -1.64 999.68 563.43 172.23 HS3 
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Table 3 demonstrates system health states classification using MD classifier. The MD values for each testing data 

set are calculated using Eq. (14). The last column in Table 3 indicates the classified system health states for each 

sensory data set. PoD matrix can be evaluated based on the MD Classifier as follows. Suppose that there are 75 sets 

of testing sensory data, and Tij sets classified as exposed in Eq. (15). The probability of detection Pij can be 

intended based on the PoD matrix, as shown in Eq. (16), then the detectability of the three health stats is calculated 

using Eq. (17).  

 

70 3 2

5 70 0

32 0 43

ijT

 
 


 
 
 

 (15) 

 

0.93 0.04 0.03

0.07 0.93 0

0.43 0 0.57
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 (16) 

  0.93 0.93 0.57i iiD P   (17) 

 

6. Reliability Based Robust Design Optimization Formulation  

RBRDO aims to find the best compromise between cost and reliability by taking uncertainties into account. 

Moreover, it is used to control reliability and reduce cost variances by minimizing cost and its uncertainty factors 

(variance) while meeting the required reliability and detectability. To tackle detectability issues, the design of a 

multifunctional sensing system for FDP is formulated with RBRDO to maximize the detectability for different 

failure modes by optimally allocating PZT sensor. The PZT sensor network can be demonstrated by Figure 3.  

 

 
 

Figure 3: Reliability-based Robust Design of Sensor Network 

 

 

 In this study, RBRDO of PZT sensing system for FDP can be formulated as a multi objective optimization 

problem as follows: 
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where The design constraints involved in the sensing systems design framework are detectability requirements 

considering uncertainties introduced by PZT material properties, manufacturing processes, as well as operating 

conditions. The design variables are the decision variables for PZT sensors dimension, PZT sensors locations, and 

the parameters for controlling the sensing process. As the intent of the sensing systems design optimization is to 

minimize the cost while satisfying the detectability requirements.  The cost can be determined by knowing sensors 

size.  

The objective is to minimize PZT sensor size and its variance. Where, M (X;d) is the cost on PZT material 

design, sensing system design, and installation, Qc (H(X;d)) is the quality loss cost (variation associated with the 

PZT sensor size),  Gi is the probabilistic performance function, βt is the reliability target, Di is the detectability of 

the sensing system for the HSi, βDi is the target detectability for the HSi, x
U
 and x

L
 are upper and lower random 

design variables X. d
U
 and d

L
  are upper and lower deterministic design variables d, and  n, nr ,and nf, are the 

numbers of probabilistic constraints, random variables, design variables, and objective functions. 

 

7. Design Case Study 

This section demonstrates the proposed RBRDO approach by designing PZT material for FDP of a rectangular 

panel. As shown in Figure 4, the panel has 2 m length and 1 m width and been fastened by eight joints (L1~L8); 

there is a harmonic force F with 120 HZ on the middle of panel. In this case study, eight health states are 

considered as shown in Table 4. To identify the healthy state of the panel, four square PZT sensors are attached to 

the surface of panel. The electrical potential signal, obtained out of the PZT sensors, is used to identify the health 

state based on the MD classifier. 

  

Table 4: Health States of Panel 

 

Health States Definition 

HS0 Healthy state 

HS1 Loosening of the joint L6 

HS2 Loosening of the joint L7 

HS3 Loosening of the joint L4 

HS4 Loosening of the joint L6,L7 

HS5 Loosening of the joint L6,L4 

HS6 Loosening of the joint L4,L7 

HS7 Loosening of the joint L4,L6,L7 

 

The objective function of this RBRDO for FDP is to minimize PZT sensor size and its variance while the 

detectability of each health state meets its requirement to be greater than the target 0.99. For each sensor, the 

coordinate and side length of each squared PZT sensor are chosen as design variables, thus totally there are 12 

design variables for this case study. All the design variables are assumed to be normal distributed and their upper 

and lower bounds of means and standard deviation are shown in Table 5. Besides the random design variables, 

other random parameters are also taken into consideration and listed in Table 6.  
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Table 5: Design Variables 

 

Variables Definition LB UB 
Distribution 

Type 
SD 

X1 X coordinate of the first sensor 0 2 Normal 0.05 

Y1 Y coordinate of the first sensor 0 1 Normal 0.05 

S1 Side length of the first sensor 0 0.1 Normal 5e-3 

X2 X coordinate of the second sensor 0 2 Normal 0.05 

Y2 Y coordinate of the second sensor 0 1 Normal 0.05 

S2 Side length of the second sensor 0 0.1 Normal 5e--3 

X3 X coordinate of the third sensor 0 2 Normal 0.05 

Y3 Y coordinate of the third sensor 0 1 Normal 0.05 

S3 Side length of the third sensor 0 0.1 Normal 5e-3 

X4 X coordinate of the fourth sensor 0 2 Normal 0.05 

Y4 Y coordinate of the fourth sensor 0 1 Normal 0.05 

S4 Side length of the fourth sensor 0 0.1 Normal 5e--3 

 

Table 6: Random Parameters 

 

Parameters Definition Distribution Type Mean Standard Deviation 

L Length of Panel Normal 2 0.1 

W Width of Panel Normal 1 0.05 

F Amplitude of Force Normal 1000 50 

 

 
 

Figure 4: Rectangular plate with indicated damages 

 

To get the electrical potential response of PZT attached on the panel, a 3D finite element model is established 

in ANSYS 12. Figure 5 shows a particular sensor layout and its vibration displacement of health states HS0.  

 

 

                     
  

 a) Sensor Locations and Designed PZT Geomtry                                 b) Vibration displacement of HS0 

 

Figure 5: Sensor Layout and Vibration Displacement Contour of the Panel 

 

The location and size of PZT sensor can directly determine the electrical potential response given a certain 

scenario. In this case, sensor S1 and S2 get relative significant electrical response while there is almost no obvious 

electrical potential for sensor S3 and S4.  The average electrical potential of each PZT layer is extracted as signal 

output. Due to the uncertainties involved from not only the whole structural but also the sensing system, the signal 

output of each sensor is also a random value. Figure 6 demonstrates the distribution of signal outputs given all the 

uncertainties listed in Table 6 and 7.  

S1 

S2 

S3 

S4 
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              a) S1 Sensor                            b) S2 Sensor                       c) S3 Sensor                        d) S4 Sensor  

 

Figure 6: The Distribution of Signal Outputs 

 

Generic algorithm is used to search optimal solution for the RBRDO problem, and the optimal design is 

obtained after 15 generations. The design history is shown in Table 7 while the corresponding detectability and 

cost are shown in Table 8 in which CT represents the total cost comprising design cost M and quality lost Qc. The 

corresponding detectability of each generation is also shown in Figure 7. Figure 8 demonstrates the cost 

distribution of initial and optimum design while Figure 9 shows the costs of iterations during RBRD process. As 

shown in the Figure 8; both the mean and variance of design cost are increased slightly while the detectability of 

sensing system is improved significantly.   

 

Table 7: Design History during RBRD 

 

Iter. 
X1 

(cm) 

Y1 

(cm) 

S1 

(cm) 

X2 

(cm) 

Y2 

(cm) 

S2 

(cm) 

X3 

(cm) 

Y3 

(cm) 

S3 

(cm) 

X4  

(cm) 

Y4 

(cm) 

S4 

(cm) 

1 12.00 12.00 3.00 110.00 60.00 3.00 12.00 60.00 3.00 110.00 60.00 3.00 

2 23.64 17.87 3.80 175.64 71.10 3.20 18.52 65.55 6.79 175.70 61.45 5.77 

3 71.91 27.42 5.11 115.07 71.65 3.44 68.83 64.02 6.07 139.60 67.59 3.03 

4 71.91 25.34 3.45 115.07 77.63 3.44 68.83 64.02 6.07 168.58 69.27 3.03 

5 71.91 25.34 3.45 115.07 77.63 3.44 68.83 64.02 6.07 139.60 69.27 3.03 

6 73.91 25.34 3.45 115.07 77.63 3.44 68.83 64.02 4.07 141.60 69.27 3.03 

7 75.91 25.34 3.45 115.07 77.63 3.44 68.83 64.02 4.07 141.60 69.27 3.03 

8 75.91 25.34 3.45 167.15 77.63 3.00 68.83 60.31 4.07 141.60 69.27 3.03 

9 75.91 25.34 3.45 167.15 77.63 3.00 68.83 60.31 4.07 141.60 69.27 3.03 

10 73.91 25.34 3.45 115.07 77.63 3.00 68.83 60.31 4.07 141.60 69.27 3.03 

11 73.91 25.34 3.45 115.07 77.63 3.00 68.83 60.31 4.07 142.60 69.27 3.03 

12 76.91 25.34 3.45 115.07 79.35 3.00 68.83 60.31 3.07 142.60 69.27 3.03 

13 76.91 25.34 3.45 115.07 79.35 3.00 68.83 60.31 3.07 142.60 69.27 3.03 

14 76.91 25.34 3.45 115.07 79.35 3.00 68.83 60.31 3.07 142.60 69.27 3.03 

15 76.91 25.34 3.45 115.07 79.35 3.00 68.83 60.31 3.07 142.60 69.27 3.03 

 

Table 8: Detectability and cost during RBRD 

 

Iter. D0 D1 D2 D3 D4 D5 D6 D7 M Qc CT 

1 0.79 0.96 0.93 0.95 0.90 0.97 0.94 0.95 36.00 5.76 41.76 

2 0.96 1.00 0.98 0.98 1.00 1.00 0.99 1.00 104.04 16.72 120.76 

3 0.97 0.99 0.97 0.99 1.00 1.00 1.00 0.99 84.00 13.45 97.45 

4 0.98 0.98 1.00 0.99 0.99 1.00 1.00 0.98 69.76 11.10 80.86 

5 0.99 1.00 1.00 1.00 1.00 1.00 1.00 0.99 69.76 11.21 80.97 

6 0.99 1.00 1.00 1.00 1.00 1.00 1.00 0.99 49.48 7.91 57.39 

7 0.99 1.00 1.00 1.00 1.00 1.00 1.00 0.99 49.48 7.93 57.41 

8 0.98 0.99 1.00 0.99 1.00 1.00 1.00 1.00 46.62 7.47 54.09 

9 0.98 0.99 1.00 0.99 1.00 1.00 1.00 1.00 46.62 7.49 54.11 

10 0.98 0.99 1.00 0.99 1.00 1.00 1.00 0.99 46.62 7.44 54.06 

11 0.98 0.99 1.00 0.99 1.00 1.00 1.00 0.99 46.62 7.50 54.12 

12 0.99 0.99 1.00 1.00 1.00 0.99 1.00 1.00 39.48 6.35 45.83 

13 0.99 0.99 1.00 1.00 1.00 0.99 1.00 1.00 39.48 6.31 45.79 

14 0.99 0.99 1.00 1.00 1.00 0.99 1.00 1.00 39.48 6.29 45.77 

15 0.99 0.99 1.00 1.00 1.00 0.99 1.00 1.00 39.48 6.33 45.81 
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Figure 7: The Detectability during RBRD 

 

 
 

Figure 8: The Cost Distributions of Initial and Optimal Design 

 

 
 

Figure 9: Costs of PZT Design during RBRD process 



 

 

11 

 
 

Figure 10: Optimal Sensor Network 

 

 

8. Conclusion 

This paper presented a RBRDO approach to develop piezoelectric materials sensing systems for failure 

diagnostics and prognostics. In the proposed approach, a multifunctional material sensing systems is defined and 

used for real-time monitoring of potentially damaging structural responses. The detectability measure is defined to 

evaluate the performance of a given PZT sensing system. Then, detectability analysis of each health state was 

developed using MD classifier. Finally, the PZT sensing system design problem is transformed into a problem of 

maximizing detectability values for different failure modes by optimally allocating PZT sensors and their sizes on 

a vibrating structure to be monitored. This transformed problem is formulated into a RBRDO framework to ensure 

design robustness while considering the uncertainties. The rectangular plate case study demonstrated that the 

proposed RBRDO of PZT sensing system for failure diagnostics and prognostics is feasible to detect different 

health states in multifunctional material sensing systems under various uncertainties. 
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