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ABSTRACT: In this research uncertainty quantification (UQ) using evidence theory in optimum 

design subject to epistemic uncertainty is undertaken. The constraints posed in the optimum design 

problem are evaluated using plausibility measure provided by evidence theory as a surrogate 

modal of traditional probability constraints. In order to alleviate the computational difficulties in 

the evidence theory based UQ analysis, an improved differential evolution (DE) based interval 

optimization for computing bounds method is developed. Furthermore, the DE approach is used to 

drive the evidence-based optimum design process. The methodology is illustrated in application to 

truss shape and sizing optimum design problems. 
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uncertainty, uncertainty quantification. 

 

1. INTRODUCTION 

                                                
 

Uncertainty is prevalent in the domain of 

engineering design, and it often makes engineering 

designers difficult to reach an optimal decision due to 

lack of information. In any case, uncertainty 

quantification is required in order to understand the 

capabilities and limitations of the designing process. 

Especially in the conceptual design phase it is highly 

probable that very little information will be known 

about some of the uncertain variables within the 

problem. Uncertainties can be classified as ‘aleatory’ 

or ‘epistemic’ depending on their nature. Aleatory 

uncertainty is well defined as a probability 

distribution. While an epistemic uncertainty also 

known as subjective uncertainty arises due to 

ignorance, lack of knowledge or incomplete 

information. There have been a wide variety of 

methods and techniques for modeling uncertainty. 

Historically, probability theory is the most commonly 

used tool for quantifying uncertainty in engineering 

and the sciences. However, it is not always possible to 

obtain the precise and complete information for the 

probabilistic uncertainty description in practice. Thus, 

a well-defined probability distribution may not 

always be available to handle uncertainties in a design 

optimization problem. 

Conventionally, probability theory has been used 

to characterize both aleatory and epistemic 

uncertainties. However, recent developments in the 

characterization of uncertainty reveal that traditional 

probability theory provides an inadequate model to 

capture epistemic uncertainty (Kiureghian and 

Ditlevsen, 2009). In such case, there are limitations in 

using only one framework (probability theory) to 

quantify the uncertainty in reliability assessment and 

design optimization. 

More recent approaches have identified and 

addressed design situations with distinguishable 

epistemic and aleatory uncertainty components (Riley, 

2015). Some of the promising uncertainty theories are 

the fuzzy sets theory (Jahani, Muhanna and Shayanfar, 

2014), imprecise probability theory (Aughenbaugh 

and Paredis, 2006), possibility theory (Huang, He and 

Liu, 2014), convex interval analysis (Du, 2012), and 

Dempster–Shafer theory of evidence (Park and 

Grandhi, 2012; Zhang, Jiang and Han, 2014). Many 

of these new representations of uncertainty are able to 

more naturally represent epistemic uncertainty than 

traditional probability theory. Among these methods, 

evidence theory has great potential in uncertainty 

quantification which is more general than probability 
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and possibility theories. Evidence theory is of 

particular interest, because it permits the explicit 

modeling of doubt and ignorance. Also, it can be used 

in design under uncertainty if limited, and even 

conflicting, information is provided from 

experimental data or experts. Furthermore, the basic 

axioms of evidence theory allow to integrate aleatory 

and epistemic uncertainty into a unified framework 

without any assumptions. Recently, some successes in 

engineering applications with uncertainty 

quantification and non-deterministic design 

optimization have been achieved. (Agarwal, Renaud 

and Preston, 2004) suggested using evidence theory 

to perform a design optimization for multi-

disciplinary systems, (Bae, Grandhi and Canfield, 

2004) applied evidence theory for the uncertainty 

quantification and reliability design optimization of 

an aircraft wing structure with imprecise interval 

information, (Mourelatos and Zhou, 2006; Srivastava, 

Deb and Tulshyan, 2013) implemented the evidence 

theory to resolve the design optimization of pressure 

vessel. The evidential uncertainty reasoning approach 

successfully applied to uncertainty quantification of 

Johnson-Cook plasticity model. (Salehghaffari, Rais-

Rohani and Marin, 2012) 

Despite the fact that evidence theory can handle 

epistemic uncertainty effectively, the use of evidence 

theory has barely been explored in engineering 

applications. One of the major difficulties may be its 

high computational cost. Unlike in probability theory, 

uncertainty variable is represented by many 

discontinuous sets instead of a smooth and continuous 

explicit probability density function, it needs 

propagate through a discrete basic belief assignment 

(BBA) structure, which involves the evaluation of the 

maximum and minimum values of system response 

over all possible set. There are many methods for 

solving this problem such as the sampling method, the 

vertex method and the optimization method. 

Unfortunately, the sampling method or the traditional 

optimization method might be infeasible in complex 

structure, and the result of the vertex method is valid 

only for convex system. Recently, a large number of 

nature-inspired computing algorithms have been 

proposed to solve the complex optimization problem. 

Of these, Evolutionary Algorithms (EAs) have 

emerged as a revolutionary approach for solving 

complex global optimization problems. As a novel 

evolutionary computation technique, differential 

evolution (DE) has many advantages including 

simplicity of implementation, reliable, robust, and in 

general is considered as an effective global 

optimization algorithm.  

In this article, a new computationally efficient UQ 

technique by utilizing evidence theory and differential 

evolution algorithm is applied to shape and size 

optimization design problem affected by epistemic 

uncertainty or mixed uncertainty in a truss structure. 

The differential evolution algorithm is not only 

applied to alleviate the cost of calculating response 

bounds during the process of determining plausibility 

of failure, but also used to drive the non-deterministic 

optimization process. This represents a large saving in 

the computational time required to carry out 

evidence-based reliability based design optimization 

without sacrificing accuracy. 

2.  FUNDAMENTALS OF EVIDENCE 

THEORY 

Evidence theory, also called belief functions 

theory, is a theoretical frame work for reasoning with 

partial and unreliable information. It was first 

introduced by Dempster. Later, Shafer developed 

Dempster’s work and established the basis of 

evidence theory. In particular, it offers the possibility 

to explicitly represent doubt and conflict. We give 

here some of the basic notions of the theory and refer 

the reader to (Park, 2012) for a more complete 

description. Evidence theory uses two measures to 

characterize uncertainty; belief (Bel) and plausibility 

(Pl) (see Fig.1.). Bel and Pl are lower and upper 

probability bound of the occurrence of an event 

without use of explicit probability distribution. In 

comparison, probability theory uses just one measure, 

the probability of the event with the requirement of 

precise information to accurately construct probability 

distribution. So it is obvious that evidence theory is 

more reasonable to quantify the uncertainty than 

traditional probability theory when only partial 

evidence is given. 

 

uncertainty

0

Bel(A)

Pl(A)

1

Bel(A)

 

Figure 1: Belief (Bel) and Plausibility (Pl) 

 

Evidence theory starts by defining a Frame of 

Discernment Ω that indicates a set of mutually 

exclusive elementary propositions for an uncertain 

event. And the central notion of the theory of belief 
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functions is the basic belief assignment (BBA). It is a 

function m that maps the power set 2
Ω
 of the universal 

set Ω to (0, 1). The degree of belief in a particular 

element of 2
Ω
 is quantified by the corresponding BBA 

function m such that the three axioms (i.e., 0)( m , 

0)A( m  for 
 2Α , and   1)A(m ) are satisfied. 

An element 


 2Α  for which m(A) >0 is named as a 

focal element. 

The measures of uncertainty used in evidence 

theory are known as belief and plausibility, once the 

BBA function is obtained, the above two measures 

are determined by the following formulas. 

 


B allfor (A))B(

BA

mBel                  (1) 

 


  B all for(A)(B)

BA 

mPl                (2) 

where A represents different elements in 2
Ω
. 

Epistemic uncertainty is measured as the gap between 

plausibility and belief with probability of proposition 

B bounded as Bel(B)≤P(B)≤Pl(B). Pl(B) represents 

the maximal degree of belief supporting the 

proposition B. It is important to note that Pl boils 

down to a probability measure when m is a Bayesian 

BBA and to a possibility measure when the focal 

elements are nested. Probability and possibility 

measures are thus recovered as special cases of belief 

functions. 

Sometimes the available evidence can come from 

different sources. Such bodies of evidences can be 

aggregated using the rule of combination. Dempster’s 

rule of combination is one of the most popular rules 

of combination used. It is given by the following 

formula. 
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Where A and C denote propositions from sources 

m1 and sources m2, respectively. As Eq. (3) shown, 

Dempster’s rule disregards every conflict or 

contradiction by normalizing with the complementary 

degree of contradiction in order to consider only 

consistent information. It is usually appropriate for 

small amounts of conflict where there is some 

sufficient agreement among the opinions of the 

experts. Some improved rules of combination such as 

Discount and combine method, Yager’s modified 

Dempster’s rule, Inagaki’s unified combination rule 

were proposed. 

3.  DE-BASED APPROACH TO DESIGN 

OPTIMIZATION USING EVIDENCE 

THEORY 

3.1. DE-based uncertainty propagation 

analysis 

In reliable design process, uncertainty 

quantification is an important and indispensable 

procedure. Efficient and accurate uncertainty 

quantification can provide an assessment of risk or 

confidence in the design and is essential for designer 

to obtain a real robust solution. The evidence theory 

is a well-suited framework for representing both 

epistemic and aleatory uncertainty. This section 

shows how to propagate uncertainty through a given 

model. Without loss of generality, the mathematical 

model of a structural system can be expressed as Eq. 

(4): 

)( xy f                      (4) 

Where 
1 2

[ , , , ]
n

y y yy K  is a vector of system 

responses, and 
1 2

[ , , , ]
n

x x xx K  is a vector of 

uncertain input. 

In this work, it is assumed that information about 

the uncertainty is available as evidence of the 

uncertain variables lying within definite intervals 

around the nominal value. The intervals are assumed 

to be given with those BBAs from available 

information sources, such as experts, incomplete 

experimental data and so on. These intervals for an 

uncertain parameter can be scattered, nested, or 

partially overlapped. When aleatory uncertainties are 

also present, we may choose either to discretize the 

aleatory probability distributions into sets of intervals 

or treat them as well-characterized epistemic 

variables. In addition, more than two BBA structures 

for one uncertain parameter could be fused by using 

Dempster’s rule of combining as shown in Eq. (3).  

For multiple uncertain parameters in a structural 

system, a joint BBA structure, which is similar with 

the joint probability density function in probability 

theory, is defined by the Cartesian product of the 

combined BBA structures for each uncertain 

parameter. The result of Cartesian product indicates 

all possible joint set which construct the joint frame 

of discernment. 

Supposing that we assess the likelihood that the 

system response is less than the limit state value ylimit, 

every element of the Cartesian set C is required to be 

checked in the evaluation of the belief and plausibility 

functions by finding the minimal and maximal 

responses. That is to say the minimum and maximum 
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responses of each joint set are needed to calculate: 

)](max),([min],[
maxmin kk

cycyyy     (5) 

Where ck is the element of the possible joint set C. 

Once the bound value within each ck is obtained, we 

can define the set of a failure system response Uf and 

the corresponding set of uncertain input Xf as in Eq. (6) 

and (7). 

 
},],,[,0)(:{

1
CccxxxxfygfU

kknlimitf
 

                                                                                (6) 
},],,[,0)(:{

1
CccxxxxfygxX

kknlimitf
 

                      (7) 

Where function g represents limit state function, g 

<0 indicates that structure is failed. After setting Xf 

and Uf, the function Bel(Uf) and Pl(Uf) are evaluated 

by checking all the propositions of the joint BBA 

structure as in Eq. (8) and (9) 





CcXcc

kcf
kfkk

cmUBel
,:

)()(                        (8) 





CcXcc

kcf
kfkk

cmUPl
,:

)()(


                      (9) 

Where ck  Xf means that the joint proposition 

must be entirely within the domain 0g  and 

ck∩Xf≠   means that the joint proposition can be 

entirely or partially within the domain 0g  . It can be 

inferred from Eq. (6), Eq. (7) and Eq. (9) that the 

maximum value of response (the equivalent minimum 

value of the constraints g()) is enough to identify 

whether the joint focal element contribute to the 

calculation of plausibility of failure Pl(Uf), similarly, 

the minimum response value is also enough for 

calculation of Bel(Uf), so we just need to search for 

maximum value ymax for Pl(Uf) or minimum value ymin 

for Bel(Uf) within each joint focal element during 

uncertainty propagation. 

The above analysis and simulation are still cost-
prohibitive at the process of finding the response 
bound values or determining whether g is less than 0. 
To alleviate this computational burden, differential 
evolution (DE) based global optimization is 
introduced herein. In DE, an optimization task of n 
variables can be represented by an n-dimensional 
vector，and a population of NP candidate vectors is 
initialized randomly from the searching space S, Then, 
the differential evolution algorithm use NP 
(population size), n-dimensional vectors. 

NP,,2,1,),,,(
21

  iSxxx
T

iniii
x         (10) 

as a population for each iteration. Furthermore, each 

generation is evolved to find optimal solutions 

through the mutation, crossover, and selecting 

operation procedures. These mechanisms make DE 

has the advantages of great robustness, fast 

convergence, derivative-free and capability of 

handling discrete plausibility values. A detailed 

explanation of the DE can be referring in (Das and 

Suganthan, 2011). 

Thus, a DE-based computational strategy is 

proposed for the propagation representation of 

epistemic uncertainty. We will illustrate that, using 

the following simple figure (Fig.2, only one uncertain 

parameter is considered). The procedure of 

uncertainty propagation using the DE strategy is as 

follows: 

(1) For each uncertain parameter, collect all 

possible evidence and construct its BBA structure, 

combine the BBA structures under the situation of 

evidences provided by different sources or experts 

using Dempster’rule (Eq. (3)). 

(2) Determine the joint BBA structure for multiple 

uncertain parameters by the operation of Cartesian 

product. 

 
Figure 2: DE based propagation of system uncertainty 

 

(3) Use differential evolution algorithm to 

calculate the bound values of the system response 

within each joint interval (Fig.2.). Actually, once 

( ) 0 ,
k

g x x c  is found, it can be judged 

that
k f

c X I , and the value of ( )
k

m c  is assigned 

to calculate the ( 0 )P l g  automatically, so it doesn't 
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need to find the true maximum response value. For 

this reason, DE stop criterion used in UQ process 

could be changed, searching process of DE will be 

terminated if one of the following two stop criterion is 

met: a) ( ) 0g x   is met; b) specified generation 

number is met.  

(4) Evaluate the belief and plausibility measures in 

the failure region according to Eq. (8) and Eq.(9).  

3.2. Evidence-based design optimization 

In reliability-based design optimization (RBDO), 

the problem is performed to choose the design 

variables d that not only minimize / maximize the 

objective function but also restrict the probability of 

each constraint Pr() to be greater than Rj or less than 

Pfj for the jth probabilistic constraint, where Rj is a 

specified reliability level and Pf is the corresponding 

failure level, the above constrained minimization 

problem is formulated as:. 

Jj

RgPrpgPrts

f

jjfj

x

j

,,1

)0),((or  )0),((..

),(min
N



 xdxd

xd

(11) (14) 

Where x is the vector of uncertain parameters, 

which is characterized probabilistically, and x
N
 

donates nominal value of uncertain parameter. If the 

uncertainty in the variables and parameters can be 

confidently expressed as probabilistic characterization, 

the above RBDO formulation is sufficient for 

reliability analysis. Unfortunately, this gives no 

quantitative way of measuring the probability of 

failure or the risk associated with operating a given 

structure. In such cases, the above RBDO formulation 

cannot utilize this type of information and therefore, 

evidence theory is proposed to handle this design 

optimization under uncertainty. 

Usually the failure domain for each constraint is 

much smaller than the safe domain over the joint 

frame of discernment at a design point. As a result, 

the computation of the plausibility of failure is much 

more efficient than the computation of the belief of 

safe region, and hence (Mourelatos and Zhou, 2006) 

suggested that the plausibility measure is preferred, 

instead of the equivalent belief measure. According to 

Mourelatos and Zhou, probability constraint of the 

RBDO problem is replaced with a plausibility 

constraint, then the RBDO problem stated in Eq. (11) 

can be formulated using an evidence theory based 

approach as follows: 

JjpgPlts

f

j
fj

x

,,1,)0),((..

),(min

dx

dx
  (12) 

It should be noted that the problem (Eq. (12)) 

requires a nested optimization loop, i.e. the UQ is 

nested within the outside objective optimization loop. 

Due to DE’s flexibility in its operators, non-

requirement of any gradient and robust convergence, 

evidence based design optimization using a DE is 

promising. 

3.3. Implementation of the EBDO using DE 

solution 

This section describes a computationally efficient 

solution of problem (Eq. (12)) using a differential 

evolution algorithm. The EBDO algorithm starting 

with getting parameter information and identification 

of uncertainty type and initialization, a complete 

uncertainty quantification (UQ) is performed to 

calculate the plausibility for the failure region. Based 

on the results obtained from the UQ, the DE optimizer 

evaluates objective formulation at each design point, 

and then checks for stop criterion. If the criterion is 

not met, new values for the design variables are 

selected and the optimization proceeds. The DE-based 

EBDO algorithm used in this work is shown 

schematically in Fig. 3. 

 
 

Figure 3: A DE-based approach to design 

optimization using evidence theory 

 

4. NUMERICAL EXAMPLES 

Optimization of truss and frame structures is a 

popular topic in mechanical, civil, and structural 

engineering due to the complexity of problems and 

benefits to industry. In this study, a weld beam with 

uncertainty is employed to illustrate the efficient of 

proposed UQ method. A typical truss design 

 

Evaluating Pl functions 
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problems including size and shape optimizations are 

employed to validate the proposed design algorithm. 

Moreover, comparisons are made with deterministic 

design and reliability-based design results. 

4.1. Weld beam 

A beam of length L with cross-sectional 

dimensions t and b that is welded to a fixed support, 

as show in Fig. 4, is considered to illustrate the 

efficient of proposed UQ method. The weld is in the 

form of a triangle, weld depth is h, and weld length is 

l.  

h

h
P

t

b
L

l

 
Figure 4: A weld beam 

 

The length of the weld (l), the height of the weld 

(h) and the load (P) are considered to be uncertain, 

the corresponding BBA values are listed in Table 1, 

other parameters are deterministic, the nominal data is 

L=14in, t=8.273in. If the maximum shear stress in the 

weld exceeds the specified limit state value 9066.7 

lb/in
2
, the weld beam will be failure. Thus the limit 

state function ( , , )g l h p  is given as follows: 

   ( , , ) 9 0 6 6 .7 ( , , )g l h P l h P                          (13) 

 is the maximum shear stress developed in the 

weld.  

In order to evaluate the plausibility of failure Pl 

(g<0), the minimum value of ( , , )g l h p within 

4×4×4=64 joint focal elements are need to be checked. 

For the proposed DE strategy, NP=10 and G=10 are 

used, and once ( , , )g l h p <0 is met, DE operation stop. 

For comparison purposes, we also employ Monte 

Carlo Simulation with 100 sample points for each 

joint interval. Since the MC method is not simplified, 

the results can be considered as a reference to verify 

the efficiency and accuracy of the improved DE 

method presented in this paper. The comparison 

results are listed in Table 2. 

 

 
Table 1: BBA values for uncertain parameter 

l (in) h (in) P (lb) 

interval BBA interval BBA interval BBA 

(3,4.5) 0.04 (0.1,0.15) 0.04 (4500,5250) 0.07 

(4.5,6) 0.38 (0.15,0.2) 0.5 (5250,6000) 0.43 

(6,7.5) 0.48 (0.2,0.25) 0.43 (6000,6750) 0.43 

(7.5,9) 0.09 (0.25,0.3) 0.03 (6750,7500) 0.07 

 
Table 2: Comparison of computation cost 

Method Improved DE Monte Carlo 

The number of joint focal element 64 64 

Computation number of limit state function 2352 6400 

Computational time 0.17s 0.40s 

Pl(g<0) 0.61 0.61 

 

As shown in table 2, the improved DE strategy are 

more saving in computation number of limit state 

function of 2352 than Monte Carlo method of 6400. 

Moreover, the proposed method spends 0.17s, 

compared with MC method of 0.40s; the 

Computational time is speeded up under the same 

failure plausibility of 0.61. It can be seen that the 

proposed UQ method can alleviate the computational 

difficulty without sacrificing the accuracy. 

4.2. 39-BAR TOWER 

The weight minimization of 39-bar triangular 

tower, shown in Fig.5, was previously analyzed using 

various deterministic optimization methods (Canyurt, 

2005). The Young’s modulus and material density are 

assumed to be E=2.1×10
6
 N/mm

2
 and ρ=7800 kg/m

3
. 

The load consists of three horizontal forces, P1= P2 

=P3=25 kN acting on the three top nodes in the 

positive y-direction. 
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Figure 5: 39-bar tower structure 

 

There are six geometric variables: x1, x2 and x3 

which define the z-coordinates of three levels of the 

tower. x4 represents the distance between the centroid 

and each node of the equilateral triangle defined by 

nodes 4, 5 and 6. x5 represents a similar dimension for 

the triangle defined by nodes 7, 8 and 9, and x6 for the 

triangle defined by the nodes 10, 11 and 12. Moreover, 

there are five sizing variables shown in Table 3. 

 
Table 3: Sizing variables of 39-bar tower 

Sizing variables Elements defined 

A1 (1,4), (2,5), (3,6) 

A2 (4,7), (5,8), (6,9) 

A3 (7,10), (8,11), (9,12) 

A4 (10,13), (11,14), (12,15) 

A5 Rest of the element 

 

In this problem, the geometric variables and sizing 

variables are considered as continuous variables. 

Bounds are defined for the design variables as listed: 

500mm≤ x1 ≤4000mm; 1000mm≤ x2 ≤5000mm; 

2000mm≤ x3 ≤6000mm; 500mm≤ xi ≤4000mm for i= 

4, 5, 6; 80mm
2
≤ Aj ≤2300mm

2
 for j=1, 2,…,5. A more 

complete description of this design problem is 

available in (Canyurt (2005)). 

On the basis of the original deterministic design, 

the load P and Young’s modulus E are assumed 

uncertain. Usually, elastic modulus E is always 

distributed normally, in this example, it is considered 

to be E～N (2.1×10
6
, 1.68×10

5
). We can discretize 

the probability distributions into evidence-based form 

by mean of the corresponding probability values 

within specified intervals to represent the uncertainty 

of E as indicated in Fig.6. Moreover, the load 

supposed on the tower can’t be described as random 

variables, so we consider the situation where two 

experts give uncertain information for the three loads 

with conflict, discontinuous and overlap intervals as 

shown in Fig.7, Fig.8 and Fig.9 respectively. To 

improve the reliability of evidence, the interval 

information from two experts is aggregated by 

Dempster’s rule of combining. In addition, according 

to the combined information, the approximate PDFs 

of uncertain parameters (Fig.10) are given for 

comparison, assuming that probability mass in each 

interval is distributed uniformly. 

 

 1.70  1.95  2.05 2.25  2.50
 E (N/mm2)

 BPA  0.43 0.20 0.185

  106

 0.185
 

 

Figure 6: Interval information for Young’s modulus 

(E) 
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Figure 7: Interval information for load at node 13(P1) 
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      P2 (N)

 0.18 0.27
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  104
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Figure 8: Interval information for load at node 14(P2) 
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Figure 9: Interval information for load at node 15(P3) 
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Figure 10: PDF of P1, P2 and P3 using uniform 

distribution assumption 

 

Constraints imposed on the 39-bar tower include: 

the maximum displacement at the top nodes 14 and 

15 in the positive y-direction is not to exceed 3mm, 

and the maximum allowable stress limit is ± 150 

N/mm
2
. Based on above description, the 

corresponding EBDO problem is formulated as 
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This problem is solved using a population size of 

110 for 250 generations of DE algorithm and the 

convergence history of objective results is depicted in 

the Fig.11, for the sake of comparison, the problem is 

also performed by RBDO with approximate PDFs 

(Fig.10). The corresponding optimum results of 39-

bar tower are plotted in Fig.12. 
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Figure 11: Convergence history of evidence-based 

design optimization for 39-bar tower using DE-based 

solution 

                 
(a)                                 (b) 

Figure 12: Optimum geometry (solid line) for 39-bar 

tower: (a) evidence theory based result, (b) probability 

based result 

The cumulative belief function and cumulative 

plausibility function (CBF and CPF) for stress 

constraint
g and displacement constraint ug , obtained 

at the last optimization iteration of EBDO are shown 

in Fig.13 (a) and Fig.13 (b), respectively. It can be 

seen that evidence theory gives probability bound for 
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0g   instead of a single value presented in 

probability theory, indicating that EBDO is more 

intuitive and reasonable than RBDO with the situation 

where the partial and imprecise information are 

available. The corresponding failure measurements of 

evidence theory are listed in Table 4. 

Table 4 summarizes the EBDO results and 

compares them with deterministic results given by 

Canyurt and RBDO results. As shown in Table 4, the 

deterministic objective weight of 708.6 lb is less than 

the RBDO of 843.6lb which, in turn, is less than the 

EBDO of 938.6lb, as expected. However, this has a 

quantified pay-off by increasing the reliability from 

deterministic optimum of 0.13 to EBDO optimum of 

0.95. Nevertheless, the same reliability for safe (0.95) 

is obtained by the EBDO and RBDO, EBDO results 

could guarantee the optimal 39-bar truss has 

reliability of 95% for safe, while it is not possible for 

RBDO results to have reliability of 95% attributed to 

its assumed PDFs. That is to say, EBDO method 

sacrifices its objective value for avoiding the wrong 

optimum results by the situation that the real 

probability distribution is always unknown in 

practical engineering, and is more robust compared to 

RBDO. 

In addition, this example shows that EBDO can 

handle the uncertainty optimization with a mixture of 

epistemic (loads P1, P2, P3) and random uncertainty 

(modulus E) effectively. Thus, the EBDO approach 

not only allows the user to obtain a quantitative 

estimate of how conservative the design should be to 

account for epistemic uncertainties but also has 

enormous potential to deal with the mixed aleatory-

epistemic uncertainty existed in optimization design.

 

50 60 70
0

0.2

0.4

0.6

0.8

1

g
σ

 

 

B
el

(≤
g σ

) o
r 
P
l (

≤g
σ)

CBF

CPF

0 0.5 1
0

0.2

0.4

0.6

0.8

1

g
u

B
el

(≤
g u

) o
r 
P
l (

≤g
u) 

 

 

CPF

CBF

 
(a)                                                                  (b) 

Figure 13: The cumulative belief and plausibility function for (a) stress constraint g , (b) displacement 

constraint ug  

 
Table 4: Comparison of shape optimization results for the 39-bar truss 

Design variables Deterministic EBDO RBDO 

 Pf=0.05 Pf=0.05 

x1 2067.0 1901.2 1925.6 

x2 3315.0 3555.2 4043.6 

x3 4549.0 4505.0 4271.69 

x4 3329.0 3341.2 3403.6 

x5 2635.0 2668.8 2759.8 

x6 1748.0 1636.6 1655.3 

A1 1736.0 2248.6 2118 

A2 1342.0 1692.9 1555.4 

A3 879.5 1081.7 897.9 

A4 237.0 344.2 320.4 

A5 196.0 277.5 247.5 

Objective Weight(kg) 708.6 938.6 843.6 

Constraints 

Pl(gσ<0)  

Pl(gu<0)  

 

0.0083 

0.8735 

 

0 

0.049 

 

Pr(gσ<0)=0  

Pr (gu<0)=0.049 
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5. CONCLUSIONS 

In this paper, a computationally efficient evidence-

based design optimization (EBDO) using a 

differential evolution solution approach was proposed, 

which can handle the mixed aleatory-epistemic 

uncertainty. Evidence theory was used to model 

uncertainty in reliability design with incomplete 

information. The plausibility measure provided by 

evidence theory was evaluated to formulate non-

deterministic constraint. Improved differential 

evolution approach was developed to improve the 

practical utility of EBDO, because it offers an 

algorithmic flexibility that can drastically reduce the 

computational burden of calculating plausibility 

measure. One weld beam example illustrated the 

efficient of the proposed UQ method. One truss 

structure example demonstrated the proposed EBDO 

method. It was shown that the evidence theory-based 

design is more reliable and robust compared with 

deterministic and RBDO designs. 
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