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Abstract: Reliability-based design optimization (RBDO) of truss structures has 

become a powerful tool for achieving optimal designs under uncertainties in 

material properties, cross-sectional areas, and applied loadings. By integrating 

the sequential optimization and reliability assessment (SORA) into an efficient 

optimization tool based on the success-history-based adaptive differential 

evolution (SHADE) algorithm, this paper presents a novel RBDO methodology, 

which is the so-called SORA-SHADE, for the optimization of shape and size in 

truss structures under uncertainties of input data. The proposed paradigm is 

tested on well-known 2D and 3D trusses with and without the reliability 

analyses for validation.   For reliability-based analysis cases, each cross-

sectional area is considered as a random variable under uncertainties. The 

results show that the proposed approach is highly effective and reliable in 

finding optimal designs that meet high reliability requirements. 

Keywords: Reliability-based design optimization, Uncertainties, Reliability 

analyses, Truss optimization, Success-history-based adaptive differential 

evolution (SHADE), Sequential optimization and reliability assessment 

(SORA). 

 

 

1. Introduction 

Truss structures hold fundamental 

significance within the discipline of civil 

engineering, serving diverse functions in roofs, 

transmission towers, and bridge supports. Given 

their critical importance, the structural optimization 

of trusses has attracted substantial academic 

interest. Many authors have applied metaheuristic 

algorithms to optimize truss structures with 

continuous design variables. Interested readers 

can refer to [1–12] for more details.  

Among these non-gradient-based 

techniques, Differential Evolution (DE) [13] stands 

out as a preeminent paradigm. Recognized for its 

exceptional ability to identify high-quality solutions 

with remarkable stability, DE has been extensively 

adopted across diverse engineering applications 

[14–16]. Nevertheless, owing to the inherent nature 

of meta-heuristic techniques, the standard DE 

algorithm still demands significant computational 
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resources to secure a globally optimal solution. 

Consequently, a vast array of modified and hybrid 

DE variants has been developed to mitigate this 

issue, as documented in several studies [17–24]. 

In particular, another advanced metaheuristic 

approach, known as Success-History based 

Adaptive DE (SHADE) [25], presents a novel 

adaptive DE algorithm that improves upon JADE 

[8] by employing a distinct, history-based 

parameter adaptation mechanism. Specifically, the 

average values of successful control parameters, 

CR and F, from each generation are recorded in 

historical memories, MCR and MF. By maintaining a 

diverse parameter set, SHADE dynamically guides 

the adaptation process, ensuring a more robust 

and resilient search. Due to these superior traits, 

SHADE has seen widespread implementation 

throughout the engineering sector. 

Conventionally, engineering relies on 

deterministic design optimization (DDO) to identify 

the best solution by operating at the strict 

boundaries of problem constraints [26]. However, 

real-world engineering involves numerous 

unpredictable variables, including material 

characteristics, dimensions, boundary conditions, 

and applied loads. As a result, a deterministic 

optimal design often carries a high risk of failure 

when these constraints are challenged [27]. Thus, 

reliability-based design optimization (RBDO) 

methodologies have been developed to overcome 

this challenge [28–32]. By effectively balancing 

safety and cost efficiency, RBDO yields designs 

that remain both secure and economical despite 

inherent system uncertainties [33–35]. 

Because they rely heavily on gradients, 

analytical methods typically offer better efficiency 

than simulation-based ones for specific RBDO 

cases, for instance, linear systems involving 

normally distributed random variables. Prominent 

examples are the moment matching method [36] 

and Most Probable Point (MPP) methods [37, 38], 

with the reliability index approach (RIA) and 

performance measurement approach (PMA) being 

the most prominent MPP techniques. RIA simplifies 

RBDO into a basic DDO problem by using FORM 

and SORM to convert reliability constraints into 

reliability index constraints [39, 40]. PMA, proven 

by Lee et al. to be a more efficient and stable 

alternative to RIA [41], lowers computational 

demands by solving an inverse MPP optimization 

to turn reliability constraints into deterministic ones 

[42, 43]. Additionally, the SORA method introduced 

by Du et al. further improves efficiency by splitting 

each iteration into two steps: optimizing modified 

constraints and finding inverse MPPs [33, 44]. This 

strategy effectively decouples the traditional two-

level RBDO into consecutive single-level tasks, 

drastically reducing calculation time. 

In this article, a novel RBDO approach is 

introduced by integrating SORA and SHADE, 

namely SORA-SHADE, to optimize the size and 

shape of trusses. The proposed method takes 

advantage of the robust and resilient search ability 

of SHADE to find the best solution no matter where 

the calculation starts, while SORA reduces the 

computational cost significantly in finding MPPs 

thanks to the decoupling strategy. Well-known 2D 

and 3D trusses are applied to examine the 

effectiveness of SORA-SHADE by comparing 

results with and without structural reliability 

analysis. Statistical findings are presented to 

provide baseline reference solutions for future 

comparative studies.  

The rest of this article is structured as follows. 

Section 2 summarizes the theoretical background 

of the SHADE and SORA. Section 3 presents the 

workflow of the proposed method. Section 4 then 

illustrates two numerical examples to validate its 

accuracy and efficiency. Finally, Section 5 ends 

with conclusions drawn from numerical 

investigations. 

2. Theoretical background 

2.1. Success-History-based Adaptive 

Differential Evolution 

The SHADE [25] is an adaptive variant of the 

classical DE approach that employs a historical 
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memory mechanism to automatically tune the 

control parameters F and CR throughout the 

optimization process. The overall procedure 

consists of six fundamental steps as follows 

Initialization phase 

Firstly, the algorithm maintains a population 

of NP individuals, where the ith individual 

(i = 1, 2, . . . , NP) denotes a vector of d design 

variables initialized as 

t 0

i,j min,j i,j max,j min,j[ ] ( )x x rand 0,1  x x ,  

j  1,2,  . . . ,  d,

= = + −

=
 (1) 

where i,j[rand 0,1]  denotes a uniformly distributed 

random number within [0,1]; min,jx and max,jx  stand 

for the lower and upper bounds of i, jx , respectively. 

In addition, SHADE maintains two historical 

memory arrays MCR and MF, each of size H, 

initialized as 

CR,h F,hM M  0.5,  

h  1,2,  . . . ,  H.

= =

=
 (2) 

Parameter generation 

In every iteration, the control parameters CRi 

and Fi for individual xi are determined by initially 

choosing a random index  ir 1,H , subsequently 

drawing 

ii N CR,rCR rand M ,0 ,( .1)=  (3) 

ii C F,rF rand M , ,( 0.1)=  (4) 

where 
2

N(rand , )  and C(rand ),s  denote values 

drawn from the normal and Cauchy distributions 

with mean   and scale parameter 0.1, 

respectively. Any CRi value outside [0,1] is clipped 

to the nearest bound; Fi > 1 is truncated to 1, while 

Fi ≤ 0 triggers resampling until a valid value is 

obtained. 

Mutation phase 

A mutant vector
t

iv  is created using the 

current-to-pbest/1 strategy 

( ) ( )
1 2

t tt t t t

r ri i i ipbest i
- F F- = + − x xv x x x   (5) 

where t

pbestx  is randomly chosen from the top 

 ip N  individuals of the current population, with 

 i min
p rand p ,0.2= and minp 2 / N= ;

1

t

rx is randomly 

chosen from the current population; and
2

t

rx is 

randomly drawn from the union P A , with all 

indices mutually distinct and different from 

i. Individuals replaced in the selection step are 

preserved in A; whenever NA , randomly 

selected elements are removed to maintain NA  

If any component t

i,jv  violates its bounds, it is 

corrected as 

    if  

    if  

t

min,j i,j t

i,j min,j
t

i,j t

max,j i,j t

i,j max,j

x x
v x ,

2
v

x x
v x ,

2

 +



= 

+


 (6) 

Crossover phase 

The trial vector  t t t t

i i,1 i,2 i,du ,u ,...,u=u  is formed 

by mixing 
t

ix  and 
t

iv  via binomial crossover 

  rand
    if  rand  or 

    otherwise,

t

i,j

t

i,j i,j i

t

i,j

u ...

v CR j = j ,0,1

x

=

 



 (7) 

where rand
j  represents a randomly selected index 

from  1,d that ensures that at least one dimension 

is always inherited from the mutant vector. 

Selection phase 

Each trial vector 
t

iu  is compared against its 

parent 
t

ix . The better individual survives to the next 

generation 

( ) ( )    if  

    otherwise.

t t t
it 1 i i

i t

i

f f ,
+

 
= 


u u x
x

x
 (8) 

Whenever ( ) ( )t t

i i
f fu x , the successful CRi 

and Fi values are stored in sets SCR and SF, 

respectively, together with the fitness improvement 

( ) ( )t t
i i i
f f f = u x . 

Memory update 

At the end of each generation, if CRS    and

FS   , the k th memory entries are updated as 
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( )meant 1

CR,k WA i CR,iCR

i

M w S ,S+ = =   (9) 

( )mean

2

i F,i
t 1 i
F,k WL F

i F,i

i

w S

M ,S
w S

+



= =





 (10) 

where the weight i
i

i

j

f
w

f


=


 reflects the relative 

fitness improvement of each successful 

individual. The index k is then incremented; if k > 

H, it is reset to 1. If no improvement occurs 

in a generation, the memory remains unchanged. 

The iterative process terminates when the 

convergence criterion mean best

610f / f 1 − = − is 

satisfied, or the maximum number of iterations 

maxt 500=  is reached [9]. 

2.2. Sequential Optimization and Reliability 

Assessment 

A typical model of a reliability-based design 

optimization (RBDO) problem is given by 

x

i i

Minimize :                 f , , ,

Design Variables :     DV , ,

Subject to :  Prob g , , 0  R ,  

                   i  1,2,  . . . ,  m,

( )

{ }

{ ( ) }

=

 

=

d X P

d µ

d X P
 (11) 

where f( , , )d X P  denotes the objective function; d 

and X represent the vectors of deterministic and 

random design variables, respectively; P signifies 

the vector of random parameters; ig , ,( )d X P  

designates the constraint functions; i iR ( )=  

indicate the desired probabilities of constraint 

satisfaction; ( )   denotes the cumulative 

distribution function (CDF) of the standard normal 

distribution; i  denotes the target reliability index; 

xµ  stands for the average vector of the random 

design variables X. 

The fundamental principle of the SORA lies 

in adjusting the failed probabilistic constraint 

boundaries to the viable region using reliability data 

gathered from the previous iteration. 

Subsequently, these probabilistic constraints are 

converted into equivalent deterministic 

formulations. This allows the design to improve 

step-by-step while saving a massive amount of 

computing time. Further comprehensive details 

can be found in [33]. 

2.3. Constraint treatment 

The penalty function approach is adopted to 

convert constrained problems into corresponding 

unconstrained ones. Accordingly, the constrained 

optimization problem formulated in Eq. (11) can be 

reformulated as follows 

2

penalty 1f  1Min :   ( ) ( f , , ,)
= +   d X P  (12) 

in which 

i,s

i,s

i,1

{ (v max 0,  g )}, , ,= d X P  (13) 

where v  is the whole number of violated 

constraints; i,s ,(g , )d X P refers to the s th constraint 

within the i th constraint group. It is important to 

emphasize that the above penalty function is 

applied to the equivalent deterministic optimization 

problem after using the SORA approach to convert 

probabilistic constraints into deterministic ones. 

In order to gain better optimal solutions, the 

dynamic approach is applied to select the 

remaining penalty parameters. Accordingly, 1  and 

2  are assigned the values 1 and 1.5, respectively. 

In which, 2  steadily increases by 0.05 after each 

iteration until it reaches 3. 

3. The SORA-SHADE framework 

This section introduces the proposed hybrid 

approach termed SORA-SHADE, a novel hybrid 

method combining the SORA and SHADE 

algorithms. The step-by-step process of this 

method is shown in the flowchart in Fig. 1. 

Since there is no MPP information in the first 

iteration, the starting points MPPx and MPPp  are 

simply set to the average values of the random 

variables and parameters. Consequently, the initial 

shift is set to zero 0 0=s , and the SHADE algorithm 

is employed to tackle the deterministic optimization 

problem without considering probabilistic 
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constraints. Following this step, as specific 

constraints become passive, the resulting optimal 

point ( ) ( ) ( ) ( ) 
1 2 n

1 1 1 1
x x x xµ ,µ ,...,µ=µ  lies exactly on the 

boundaries of these deterministic constraint limits. 

Subsequently, the inverse MPP search method is 

utilized to identify the MPPs that meet the required 

reliability. Finally, the shifting vector is  for the ith 

constraint is determined as 
( ) i1

i 1 2 n x MPP s ,  s ,  . . . ,  s  x ,  

i  1,2,  . . . ,  m.

( )= = −

=

s µ
 (14) 

The updated constraint boundary for the next 

deterministic optimization phase is defined as 

 

Fig. 1. The SORA-SHADE flowchart 

i x i( )g 0.− µ s  (15) 

This process requires shifting the design 

variable location xµ  in the next cycle to meet the 

probabilistic constraints. As a result, the feasible 

design space becomes progressively smaller, but 

the design becomes safer and more reliable. 

These iterations terminate when the stopping 

criteria are met. 

4. Numerical examples 

In this part, three well-known trusses related 

to size and shape optimization are investigated 

considering uncertainties for cross-sectional area 

variables Ai, i.e., ( )( )2

i i
P N A , 0.05A . The natural 

frequency constraints are applied to probabilistic 

ones. In addition, the population size NP and 

memory size H are set to 20. These parameters 

were carefully selected using a trial-and-error 

method. However, they were not reported in this 

work for a concise presentation. Besides, 10 

independent runs were conducted for each case 

examined. Note that the above parameters are 

very carefully examined, but they are not reported 
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for a succinct presentation of a technical paper. 

Subsequently, the statistical results, such as the 

optimal weight and its corresponding number of 

objective function evaluations (nFEAs), the worst 

and the mean weight, standard deviation, the total 

computational time (CPUtime), and reliability 

index, are documented. In order to demonstrate 

the efficiency of the SORA-SHADE, a comparison 

of the solutions obtained by the proposed method 

with other optimization algorithms such as DE and 

PSO is implemented for all benchmark problems. 

Note that both DE and PSO are integrated with 

SORA to provide the results for comparative 

purposes in this study, i.e., SORA-DE and SORA-

PSO. The linear two-node truss member [45] is 

utilized for FE analysis. Lastly, Table 1 provides 

material properties and the restricted range of area 

variables for truss design, while the probability 

constraints on natural frequencies with the applied 

reliability indices are summarized in Table 2. All 

simulations were implemented in Python 3.10 on a 

laptop computer with an Intel CoreTM i7-1360P 

CPU @ 2.20GHz, 16.0 GB RAM of memory, and 

Windows 11 Professional with a 64-bit operating 

system. 

4.1. 10-bar planar truss 

Table 1. Material properties design for truss structures 

Example 
Young's modulus  

E (Pa) 

Material density 

ρ (kg/m3) 
Bounds of cross-sectional areas (m2) 

10-bar truss 6.98 × 1010 2770 0.645 × 10-4 ≤ A 

37-bar truss 2.1 × 1011 7800 1 × 10-4 ≤ A ≤ 10 × 10-4 

52-bar truss 2.1 × 1011 7800 1 × 10-4 ≤ A ≤ 10 × 10-4 

Table 2. Parameters for truss optimization subjected to multiple probabilistic frequency constraints 

Example Frequency constraints (Hz) Constraint reliability indices t

i  

10-bar truss f1 ≥ 7, f2 ≥ 15, f3 ≥ 20 
t t t

1 2 3
3 =  =  =  

37-bar truss f1 ≥ 20, f2 ≥ 40, f3 ≥ 60 
t t t

1 2 3
3 =  =  =  

52-bar truss f1 ≤ 15.9155, f2 ≥ 28.6497 
t t

1 2
3 =  =  

 

Fig. 2. The 10-bar planar truss structure

The 10-bar planar truss is illustrated in Fig. 2. 

Note that a lumped mass of 454 kg is attached at 

nodes 1, 2, 3, and 4. 

Table 3 reports the optimal solutions 

obtained by different approaches. The outcomes 

indicate that SORA-SHADE outperforms the 

SORA-DE and SORA-PSO in terms of 

computational cost, including both CPU time (s) 

and nFEAs. In addition, SORA-SHADE also yields 

better optimal weights. Additionally, probabilistic 
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constraints are satisfied because the reliability 

indices gained meet the desired values 

( )1 2 3, , and 3    . Note that the second 

probabilistic constraint with the reliability index of 

2 = Inf is inactive. The infinite reliability index of 

the second probabilistic constraint is attributed to 

the structural configuration. At the optimal solution, 

the second natural frequency f2 = 16.6511 Hz is 

significantly higher than the lower bound of 15 Hz. 

The considerable difference between the obtained 

f2 and the allowable value indicates that the 

constraint is satisfied for all realizations of the 

random cross-sectional areas, regardless of their 

uncertainties. As a result, the failure probability 

associated with this constraint is effectively zero 

throughout the entire optimization process, 

resulting in 2 = Inf and rendering the constraint 

inactive. It can be seen that the optimal truss 

weight obtained by reliability-based analysis is 

higher than in the reliability-free analysis case. The 

truss weight can increase significantly when the 

structure is required to meet higher levels of the 

reliability index. Thus, conventional deterministic 

optimization may lead to inadequate and unsafe 

structures in practice. Eventually, the weight 

convergence histories of SORA-SHADE, SORA-

DE, and SORA-PSO are sketched in Fig. 3. 

4.2. 37-bar planar truss 

  

Fig. 3. The weight convergence history of the 10-

bar truss obtained using SORA-SHADE, SORA-

DE, and SORA-PSO 

Fig. 5. The weight convergence history of the 37-

bar truss obtained using SORA-SHADE, SORA-

DE, and SORA-PSO 

 
Fig. 4. The 37-bar planar truss structure 

Fig. 4 shows the 37-bar planar truss’s base 

structure. An additional 10 kg lumped mass is 

attached to all free nodes on the bottom chord. The 

design variables for this problem consist of the top 

chord's nodal coordinates and the sizes of the truss 

members.  

Table 4 shows a comparison of optimal 

results attained by the present approach with 
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different algorithms. It can be seen that the optimal 

weight, CPU time, and number of FE analyses 

obtained by SORA-SHADE are better than those of 

SORA-DE and SORA-PSO. As expected, the 

reliability-based solutions lead to slightly heavier 

structures than deterministic ones because 

additional safety regions are required to satisfy 

reliability constraints under uncertainties in cross-

sectional area variables.  In addition, probabilistic 

constraints are all fulfilled with the obtained 

reliability indices 1 2 3, , and 3    . Lastly, Fig. 5 

sketches the weight convergence histories. 

4.3. 52-bar dome truss 

The 52-bar dome truss is sketched in Fig. 6. 

All free nodes are allowed to displace within a ±2 

m range, and a 50 kg nonstructural mass is 

attached to every movable node.  

Table 5 compares the obtained optimal 

solutions. The results demonstrate that all 

probabilistic constraints are completely fulfilled and 

achieve the required reliability indices without any 

violations. The larger the obtained reliability index, 

the higher the satisfaction of the probabilistic 

constraint. Similar to 10-bar, the first probabilistic 

constraint with the reliability index of 1 = Inf is 

inactive. Additionally, the results gotten from 

SORA-SHADE are better than other approaches. 

Eventually, Fig. 7 plots the convergence history of 

the optimal weight. 

5. Conclusions

Table 3. Optimal solutions of the 10-bar planar truss using different methods 

Ai (cm2) PSO [7] HS [5] SHADE SORA-PSO SORA-DE SORA-SHADE 

A1   37.7120 34.2820 35.4555 37.0672 36.5421 38.1921 

A2    9.9590 15.6530 14.7931 16.2406 16.3554 15.8982 

A3   40.2650 37.6410 34.9959 39.4291 37.6829 36.4267 

A4    16.7880 16.0580 14.6649 17.5704 15.4155 16.0579 

A5    11.5760 1.0690 0.6450 0.6454 0.6453 0.6451 

A6    3.9550 4.7400 4.5549 4.7883 4.9238 4.9088 

A7    25.3080 22.5050 23.8485 23.6153 26.8170 25.5994 

A8   21.6130 24.6030 23.5494 26.3135 24.7281 25.8137 

A9    11.5760 12.8670 12.3245 12.1552 12.5624 12.9352 

A10    11.1860 12.0990 12.3699 13.0830 13.6883 13.0424 

Best weight (kg) 537.9800 534.9900 524.4684 562.4102 561.2529 561.2270 

Worst weight (kg) - - 531.6037 581.1835 565.7996 565.8022 

Average weight (kg) 540.8900 537.6800 528.3789 571.9508 562.2258 563.8934 

Standard deviation 6.840 2.490 3.2001 7.4676 2.0003 2.2392 

CPUtime (s)   - - 5.0251 466.8291 467.7003 452.9324 

nFEAs 
 

- 20000 9280 1017432 987737 708229 

f1 (Hz) 
 

- - 7.0001 7.2034 7.2044 7.2042 

f2 (Hz) 
 

- - 16.2004 16.7053 16.6220 16.6511 

f3 (Hz) 
 

- - 20.0000 20.6964 20.7166 20.7194 

1 
 

- - - 3.0062 3.0042 3.0043 

2 
 

- - - Inf Inf Inf 

3   - - - 3.0060 4.2403 3.9093 
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Fig. 6. The 52-bar dome truss structure  

 

Fig. 7. The weight convergence history of the 52-bar truss obtained using SORA-SHADE, SORA-DE, 

and SORA-PSO 
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Table 4. Optimal solutions of the 37-bar planar truss using different methods 

Design variables PSO [7] HS [5] SHADE SORA-PSO SORA-DE SORA-SHADE 

Yj (m), Ai (cm2)   
   

   

Y3 – Y19    0.9637 0.8415 0.9041 0.7925 0.9109 0.9383 

Y5 – Y17    1.3978 1.2409 1.2936 1.2058 1.2871 1.3237 

Y7 – Y15   1.5929 1.4464 1.4660 1.4268 1.4746 1.5028 

Y9 – Y13   1.8812 1.5334 1.5942 1.6790 1.6009 1.6355 

Y11   2.0856 1.5971 1.6693 2.0761 1.6756 1.7198 

A1 – A27   2.6797 3.2031 2.8591 3.5572 3.2878 3.0039 

A2 – A26   1.1568 1.1107 1.0403 1.0313 1.0198 1.0007 

A3 – A24   2.3476 1.1871 1.0001 1.0021 1.0170 1.0004 

A4 – A25   1.7182 3.3281 2.5852 3.9999 2.8060 2.7001 

A5 – A23   1.2751 1.4057 1.1969 1.1519 1.2058 1.2887 

A6 – A21   1.4819 1.0883 1.2038 1.2857 1.2399 1.3564 

A7 – A22   4.6850 2.1881 2.6506 4.9570 2.8234 2.7324 

A8 – A20   1.1246 1.2223 1.3452 1.6811 1.4538 1.3618 

A9 – A18   2.1214 1.7033 1.4638 1.4366 1.5689 1.5801 

A10 – A19   3.8600 3.1885 2.6578 2.2082 2.4805 2.7286 

A11 – A17   2.9817 1.0100 1.2504 1.3023 1.3361 1.2797 

A12 – A15   1.2021 1.4074 1.3178 1.8638 1.4020 1.5088 

A13 – A16   1.2563 2.8499 2.4415 4.0779 2.8082 2.4587 

A14   3.3276 1.0269 1.000 1.679 1.003 1.0001 

Best weight (kg) 377.2000 361.5000 359.0014 372.1862 362.0400 361.9512 

Worst weight (kg) - - 359.7315 382.8351 362.3927 362.9521 

Average weight (kg) 381.2000 362.0400 359.2829 378.1850 362.1777 362.3425 

Standard deviation 4.2600 0.5200 0.2202 5.4510 0.1886 0.3940 

CPUtime (s)   - - 23.7444 2658.5539 2683.9338 2645.3558 

nFEAs 
 

- 20.000 6140 1510619 1317955 1101007 

f1 (Hz) 
 

20.0001 20.0037 20.0001 20.5875 20.6034 20.5963 

f2 (Hz) 
 

40.0003 40.0050 40.0000 41.2020 41.2369 41.1832 

f3 (Hz) 
 

60.0001 60.0082 60.0000 61.9940 61.6438 61.6374 

1 
 

- - - 3.1021 3.0106 3.0022 

2 
 

- - - 3.1092 3.1018 3.0085 

3   - - - 3.4582 3.0110 3.0028 
 

This paper presents an efficient 

computational method that couples the SHADE 

with SORA methods to create the SORA-SHADE 

framework for reliability-based design optimization 

of truss structures considering uncertainties of 

input data. The main idea of the SORA-SHADE 

method is to separate the optimization loop from 

the reliability assessment loop. Thus, this method 
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greatly improves calculation efficiency. By using 

information about the MPPs from the previous 

design point, the method moves the boundaries of 

any violated probabilistic constraints into the safe 

area. As a result, the optimal solution improves 

step by step through repeated iterations. The 

proposed approach is verified through truss 

structure case studies. The obtained solutions 

indicate that the SORA-SHADE method achieves 

high effectiveness in resolving RBDO problems 

and could easily be adapted for many other 

engineering fields. 

Table 5. Optimal solutions of the 52-bar dome truss using different methods 

Design variables PSO [7] HS [5] SHADE 
SORA-

PSO 
SORA-DE SORA-SHADE 

Yj (m), Ai (cm2) 
   

  
 

ZA   5.5344 4.7374 5.9820 4.3374 5.9590 5.9603 

XB   2.0885 1.5643 2.2676 1.2870 2.2336 2.2803 

ZB   3.9283 3.7413 3.7357 3.7000 3.7520 3.7234 

XF   4.0255 3.4882 3.9757 3.4893 3.9704 3.9676 

ZF   2.4575 2.6274 2.5000 2.5047 2.5003 2.5000 

A1   0.3696 1.0085 1.0003 1.0001 1.0014 1.0017 

A2   4.1912 1.4999 1.1063 2.1206 1.2566 1.2028 

A3   1.5123 1.3948 1.1985 2.0203 1.3418 1.2783 

A4   1.5620 1.3462 1.4449 1.2779 1.4327 1.5275 

A5   1.9154 1.6776 1.3969 2.0095 1.5244 1.5308 

A6   1.1315 1.3704 1.0003 1.0004 1.0006 1.0000 

A7   1.8233 1.4137 1.5927 2.3835 1.7253 1.7250 

A8   1.0904 1.9378 1.3817 1.2725 1.4949 1.5005 

Best weight (kg) 228.3810 214.9400 193.1505 235.2759 206.6252 206.3244 

Worst weight (kg) - - 212.2424 356.5831 215.3000 215.2584 

Average weight (kg) 234.3000 229.8800 196.8589 294.1864 209.8964 208.3804 

Standard deviation 5.2200 12.4400 6.4821 56.3886 4.7141 3.8606 

CPUtime (s)   - - 37.8426 3154.7721 2152.6226 2004.1647 

nFEAs   - 20000 6820 718914 529015 430656 

f1 (Hz) 
 

12.7510 12.2222 11.5085 15.2822 11.7990 11.9617 

f2 (Hz) 
 

28.6490 28.6577 28.6479 29.5957 29.5636 29.5646 

1 
 

- - - 3.0029 Inf Inf 

2   - - - 3.0299 3.0065 5.1435 
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