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ABSTRACT 

The shuffled complex evolution (SCE) algorithm is one of the well-known optimization methods. It was 

implemented by many researchers in the optimization of various non-structural engineering systems. In the 

present study, SCE was utilized to solve two classical benchmark truss optimization problems (10-bar planar 

and 72-bar space trusses). In non-linear constrained truss structure optimization, the weight is the objective 

function; the cross-sections of the truss members are the design variables and the member stresses and joint 

displacements are the constraints. The problem-specified constraints are handled using the ‘non-stationary 

dynamically modified penalty functions’ method. A parametric calibration of three important SCE algorithmic 

parameters was carried out to obtain the best combination for the two truss problems optimized herein to 

enhance the optimum solution. Results were compared to those of other state-of-the-art algorithms used by 

researchers in the literature. The study has proven the robustness and efficiency of the SCE method in 

optimizing truss structures and the significance of the carried-out calibration in improving the SCE 

performance. 
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INTRODUCTION 

Structural engineers increasingly seek optimal 

design to satisfy all performance requirements and 

minimize raw-material consumption as one of the most 

critical factors influencing building construction. 

Typically, local gradient-based optimization techniques 

are used to identify the design values of structural 

performance. In this context, numerous optimization 

methods have been used (Vanderplaats, 1987). 

However, most structural designs are considered 

constrained optimization problems, where the optimum 

solutions might be linearly or non-linearly constrained 

in the design space. Such problems are difficult to solve 

using the traditional local optimization techniques that 

have been primarily designed to address unconstrained 

optimization problems (Nassif and Barakat, 2015). 

Furthermore, this difficulty will escalate in the presence 

of multiple optima and non-smooth objective functions 

and constraints in the design space. This has provided a 

significant advantage to relatively new and innovative 

evolutionary-based techniques, also known as meta-

heuristics. These techniques are usually divided into two 

categories; 1) Algorithms having only one complex, 

where the optimization process is carried out, such as the 

Genetic Algorithm (GA) (Lagaros et al., 2002) and 

Differential Evolution (Ramkumar and Suribabu, 2017). 

2) Algorithms that divide the population of points into 

more than one complex perform optimization operations 

and shuffle them in each iteration. Examples of such 

algorithms are Shuffled Frog-leaping Algorithm (SFLA) 

(Eusuff et al., 2006), Shuffled Differential Evolution 

(SDE) (Reddy and Vaisakh, 2013) and Shuffled 

Complex Evolution (SCE) (Duan et al., 1993). 

Numerous optimization techniques have been used by 

researchers over the past few decades to solve structural-

engineering problems. Considering truss optimization 

problems as a classical benchmark in structural 

optimization, many researchers validated and proved the 
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robustness of various optimization algorithms by 

solving these problems for the best weight and 

sometimes for other objectives, like damage-

identification problems, as studied by (Ghaffarzadeh 

and Raeisi, 2016). Although the SCE algorithm, 

developed by Duan et al. (1992), was utilized in various 

non-structural engineering applications, limited work 

has been carried out in structural-engineering problems 

(Barakat and Altoubat, 2009; Zhang et al., 2017). Few 

studies (Barakat and Ibrahim, 2011) used the SCE 

algorithm in truss-optimization problems. The primary 

objective of the present study is to investigate the 

capabilities of SCE for the optimal design of two 

constrained truss optimization problems; the 10-bar 

planar and the 72-bar spatial trusses. Also, a parametric 

calibration of some important algorithmic parameters is 

carried out for the optimization problems to enhance the 

performance of SCE in terms of best weight and rate of 

convergence. 

 

Problem Statement 

The first step in any optimization formulation is 

identifying the decision variables and defining the 

objective function and the constraints that control the 

solution. For size optimization of truss structures, the 

structural weight was selected as the objective function. 

Member stresses and joint displacements were 

considered the problem constraints and design variables 

were the member cross-sections. The mathematical form 

of a single objective size-optimization problem can be 

expressed as follows: 

 

Find 𝐴் ൌ ሼ𝐴ଵ, 𝐴ଶ, … … … 𝐴௡ሽ   (1) 

To 

minimize 
𝐹 ൌ 𝑊ሺ𝐴ሻ ൌ 𝜌 ∑ 𝐿௜𝐴௜

௡
௜ୀଵ   

 
(2) 

Subject to 𝑔௝
௅ ൑ 𝑔௝ሺ𝐴ሻ ൑ 𝑔௝

௎  𝑗 ൌ 1, 2, … 𝑚 (3) 

and 𝐴௜
௠௜௡ ൑ 𝐴௜ ൑ 𝐴௜

௠௔௫  𝑖 ൌ 1, 2, … 𝑛 (4) 

 

where, 𝐴௜ is the design variable 𝑖 (member i cross-

sectional area), 𝑛 is the number of the design variables, 

𝑊ሺ𝐴ሻ is the objective function (the structural weight), 𝜌 

is the material density, 𝐿௜ is the member length, 𝑚 is the 
number of inequality constraints (𝑔) and 𝐴௜

௠௜௡ and 𝐴௜
௠௔௫ 

are the lower bound and the upper bound of the 𝑖௧௛ 

variable, respectively. The lower and upper bounds 

posed on the constraints by Eq. (3) include truss member 

stresses and joint displacements. 

Constraints Handling 
Constraint-handling techniques are usually 

incorporated in algorithms to direct the search towards 

the feasible regions of the search space. The most 

common constraint-handling technique is the use of 

penalty functions. The problem is solved as an 

unconstrained one, where the violated constraints of the 

non-feasible solutions are penalized as a function of the 

degree of violation. A single objective function is 

formulated, which in turn is minimized using an 

unconstrained optimization algorithm. These penalty-

based approaches for constraint handling are simple 

with direct applicability that does not involve 

modifications of the employed algorithm to handle 

constraints. 

Penalty functions are two main categories: stationary 

and non-stationary penalty functions. In the stationary 

ones, the penalty values are fixed. On the other hand, in 

the non-stationary ones, penalties are dynamically 

modified throughout the minimization process. Results 

obtained using non-stationary penalty functions almost 

consistently outperformed those obtained through 

stationary functions (Parsopoulos and Vrahatis, 2002). 

Generally, a penalty function is defined as: 

 

𝑓ሺ𝑋ሻ ൌ 𝐹ሺ𝑋ሻ ൅ ℎሺ𝑘ሻ𝐻ሺ𝑥ሻ                                           (5) 

 

where 𝐹ሺ𝑋ሻ is the original objective function of the 

constrained optimization problem in Eq. (5), ℎሺ𝑘ሻ ൌ √𝑘 

is a dynamically modified penalty value, where 𝑘 is the 

algorithm's current iteration number and 𝐻ሺ𝑥ሻ is a 

penalty factor defined as: 

 
𝐻ሺ𝑥ሻ ൌ ∑ 𝜃൫𝑞௜ሺ𝑥ሻ൯ሾ𝑞௜ሺ𝑥ሻሿఊሺ௤೔ሺ௫ሻሻ௠

௜ୀଵ           (6) 

where, 𝑞௜ሺ𝑥ሻ ൌ max ሼ0, 𝑔௜ሺ𝑥ሻሽ, 𝑖 ൌ 1 … 𝑚 and 

𝑔௜ሺ𝑥ሻ (assuming they are in the form 𝑔௜ሺ𝑥ሻ ൑ 0ሻ are the 

constraints. The function 𝑞௜ሺ𝑥ሻ is a relative violated 

function of the constraints (the penalty is zero if the 
constraint is not violated); 𝜃൫𝑞௜ሺ𝑥ሻ൯ is a multi-stage 

assignment function (the penalty is high if the constraint 

violation is significant); 𝛾ሺ𝑞௜ሺ𝑥ሻሻ is the power of the 

penalty function (if the value of the violated constraint 

𝑔௜ሺ𝑥ሻ ൐ 1, the penalty is high). The functions ℎሺ𝑘ሻ, 
𝜃൫𝑞௜ሺ𝑥ሻ൯ and 𝛾ሺ𝑞௜ሺ𝑥ሻሻ are problem-dependent. In this 

study, a non-stationary multi-stage assignment penalty 

function was applied. The same values of the penalty 
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parameters as reported by (Parsopoulos and Vrahatis, 

2002) were used. Specifically, 

 

𝛾 ሺ𝑞௜ሺ𝑥ሻሻ  ൌ  ቄ1
2

               if           𝑞௜ሺ𝑥ሻ ൏ 1
otherwise

 
(7) 

𝜃൫𝑞௜ሺ𝑥ሻ൯ ൌ  ൞

10
20
100
300

           if           

𝑞௜ሺ𝑥ሻ ൏ 0.001
𝑞௜ሺ𝑥ሻ ൏ 0.100
𝑞௜ሺ𝑥ሻ ൏ 1.000
otherwise.

 (8) 

 

Shuffled Complex Evolution (SCE) 
The SCE is an evolutionary global optimization 

method, classified as probabilistic, as it evaluates the 

objective function at randomly spaced points in the 

feasible parameter space. In the SCE, the strength of the 

simplex procedure (Nelder and Mead, 1965) is 

combined with the concept of a controlled random 

search (Price, 1987), competitive evolution (Holland, 

1992) and complex shuffling (Duan et al., 1993)). 

Therefore, the SCE represents a synthesis of the best 

features of several methods. In short, the SCE method 

starts with a population of points distributed randomly 

in the feasible space. The population is then divided into 

several complexes. Each of these complexes is 

facilitated to evolve independently based on a statistical 

reproduction process that employs the complex 

geometric shape to direct the search in a refined 

direction. After some steps, the complexes are shuffled 

together and new complexes are formed by sharing the 

information gained separately by each complex. 

Shuffling and evolution procedures are repeated until 

the optimization criteria are satisfied. 

The major component of the SCE is the competitive 

complex evolution (CCE) algorithm required for the 

evolution of each complex. In this process, parents with 

higher probabilities contribute more to offspring 

generation than those with lower probabilities. This is 

recognized and ensured using a triangular probability 

distribution. Due to both processes (complex shuffling 

and competitive evolution), the SCE has good 

convergence properties and a high probability of finding 

the global optimum (Duan et al., 1993). For a further 

detailed explanation of the SCE, readers are referred to 

Duan et al. (1993). 

 

Numerical Examples 

In real-life optimization cases, member sections are 

selected from the steel manual with discrete cross-

sectional areas or just pre-defined built-up sections. 

However, in testing optimization algorithms, continuous 

variables are implemented to accurately test the 

efficiency and robustness of the algorithm to the decimal 

level, after which design engineers can select sections 

with the nearest discrete dimensions. In this section, the 

efficiency of the SCE was investigated by solving two 

benchmark truss optimization problems using 

continuous variables. The SCE algorithm was coded in 

MATLAB and executed on an Intel 8 Cores (TM) 

8550U CPU, 1.80 GHz processor, 1 TB HDD and 8 GB 

RAM computer. The trusses were analyzed by Finite 

Element Analysis (FEA), also coded in MATLAB. The 

test problems included: 10-bar planar and 72-bar spatial 

trusses, both of which are considered well-known non-

convex optimization problems (Sunar and Belegundu 

1991). The same detailed design data for the 

optimization examples as used by various researchers in 

the literature, as provided in Table 1. The main reason 

behind choosing the same data used in the literature is to 

unify the inputs and be able to compare the outputs. 

 

Table 1. Design data for the truss problems 

 10-bar truss 72-bar truss

Modulus of elasticity (ksi) 10,000 10,000 

Density (lb/in3) 0.1 0.1 

Stress constraints (ksi) ± 25 ± 25 

Displacement constraints (in.) ± 2.0 ± 0.25 

Number of members 10 72 

Number of nodes 6 20 

Number of design variables 10 16 

Boundary condition for cross-

sectional areas (in2) 
0.1-35 0.1-2.0 

 

Calibration of SCE Algorithmic Parameters 
In the SCE, few algorithmic control parameters 

directly contribute to the efficiency and accuracy of the 

algorithm in optimizing various problems. These 

parameters include the number of generated complexes 

(NGS) and two user-specified parameters; namely, α 

and β that affect the reflection and contraction processes 

in the CCE subroutine as follows: 

Reflection 𝑆௥௘௙ ൌ 𝐶௘ ൅ 𝛼ሺ𝐶௘ െ 𝑆௪ሻ (9) 

Contraction 𝑆௖௢௡ ൌ 𝑆௪ ൅ 𝛽ሺ𝐶௘ െ 𝑆௪ሻ (10) 
where, 𝑆௥௘௙ is the reflection point, 𝑆௖௢௡ is the 

contraction point, 𝐶௘ is the centroidal individual in the 
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population and 𝑆௪ is the worst individual. Duan et al. 

(1992) proposed typical values for the parameters in 

Eqs. (9) and (10), where α = 1.0 and β = 0.5. However, 

these parameters need to be specifically calibrated for 

every unique optimization problem (Naeini et al., 2019). 

In this section, a parametric study to investigate the 

effect of these parameters was performed, providing the 

best parametric values that correspond to the optimal 

objective function; i.e., the weight of each truss. 

 

Number of Generated Complexes (NGS) 

Figure 1 shows the effect of changing the NGS on 

the obtained best weight of the four truss problems. It 

can be noted that changing the NGS results in a different 

best weight at convergence. It was concluded that the 

best NGS values based on the optimal weight were 19 

and 42 for the 10-bar truss and 72-bar truss, respectively. 

Figure 2 illustrates the required MATLAB code 

execution time for a range of NGS values of the 10-bar 

truss. A general trend can be observed, where the 

execution time increases with the increase of NGS. This 

can be considered when dealing with complex structural 

problems with many design variables, where the 

execution time plays a significant role in the 

optimization process, knowing that it affects the 

computational cost. In other words, the selection criteria 

for the best NGS may not necessarily be limited to the 

value corresponding to the global optimal weight. In 

some cases, a trade-off process could occur in the NGS 

selection between improving the optimum objective 

(weight) and the execution time. 

 

  

(a) (b) 
  

Figure (1): Effect of the number of generated complexes on the best weight of 
(a) the 10-bar truss and (b) the 72-bar truss 

 

 

Figure (2): Relationship between NGS and execution time for the 10-bar planar truss 
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α  β=0.4  β=0.5  β=0.6  β=0.7 

0.5  5186.5831  5085.4185  5092.9842  5102.6027 

0.6  5067.5653  5066.4309  5065.5985  5060.6393 

0.7  5064.5805  5061.6582  5064.1162  5061.1799 

0.8  5064.5903  5063.5970  5067.9941  5063.2138 

0.9  5060.2963  5060.0355  5063.0433  5060.7717 

1.0  5060.2996  5060.1314**  5060.1027  *5059.9984 

1.1  5060.4501  5063.5095  5060.1452  5061.7972 

1.2  5060.2881  5060.3658  5060.3058  5062.1662 

1.3  5060.4916  5067.8568  5060.1079  5060.3254 

1.4  5060.4999  5060.3728  5060.1996  5060.1883 

1.5  5060.6746  5060.7210  5060.2589  5060.3630 

1.6  5060.5497  5060.2571  5060.3462  5060.2542 

1.7  5060.6069  5060.5665  5060.4069  5060.2519 

1.8  5061.1625  5060.4085  5060.6064  5060.2324 

1.9  5060.6580  5060.4343  5060.4942  5060.2357 

2.0  5060.8630  5060.4696  5060.8766  5060.2733 
 

α  β=0.4  β=0.5  β=0.6  β=0.7 

0.5  390.3237  392.0450  390.1294  389.1484 

0.6  380.2041  381.1370  380.7435  380.3062 

0.7  379.9573  379.7541  379.9682  379.8511 

0.8  379.6259  379.9915  379.6250  379.6373 

0.9  379.6175  379.6190  379.6241  379.6200 

1.0  379.6158  379.6156**  379.6252  379.6177 

1.1  379.6158  379.6377  379.6227  379.6183 

1.2  379.6170  379.6172  379.6164  379.6185 

1.3  379.6163  379.6184  379.6206  379.6186 

1.4  379.6173  379.6163  379.6182  379.6180 

1.5  379.6160  379.6170  379.6162  379.6167 

1.6  379.6163  379.6164  379.6155  379.6168 

1.7  379.6159  379.6167  379.6163  379.6159 

1.8  379.6174  379.6164  379.6169  379.6170 

1.9  379.6157  379.6165  379.6183  379.6169 

2.0  379.6157  379.6152*  379.6178  379.6182 
(a) (b)
*Best weights obtained using the present work calibrated parameters. 
**Weights obtained using original parameters by Duan et al. (1992).  

Figure (3): Heat maps presenting the possible set of combinations of the parameters α and β and their 
corresponding weight (in lb) for (a) the 10-bar truss and (b) the 72-bar truss 

 

User-specified Parameters (α and β) 

Based on the previously concluded best NGS values, 

the heat maps shown in Figure 3 present the possible 

combinations of the parameters α and β and their 

corresponding weights for the two truss problems. It was 

concluded that the best combinations of both parameters 

(β, α) were (0.7, 1.0) and (0.5, 2.0) for the 10-bar truss 

and 72-bar truss, respectively. The best weights obtained 

by the selected combination of (β, α) showed 

improvement over the weights using the original 

parameters’ values by (Duan et al., 1992). Table 2 

summarizes the best combinations of calibrated 

algorithmic parameters for the two trusses. 

 
Table 2. Summary of the calibrated 

algorithmic parameters 
 10-bar truss 72-bar truss 

   NGS 19 42 

   α 1.0 2.0 

   β 0.7 0.5 

 

The 10-bar Planar Truss 
Figure (4) shows the 10-bar planar truss, which has 

been studied by several researchers using various 

mathematical methods. The detailed design data for this 

example are given in Table 1. The single loading 

condition of P = 100 kips was applied, as shown in 

Figure 4. Table 3 provides the most optimum solutions 

for the applied loading case. Also, a performance-based 

comparison between the optimal design of different 

optimization methods from the literature of the same 

problem and the present work is demonstrated. The most 

optimal SCE solution was obtained after approximately 

30,000 analyses, as shown in Figure 5 (a). The SCE 

provides good results compared with other methods 

reported in the literature (Table 3). All nodes and 

members did not violate their respective constraints. 

 

The 72-bar Spatial Truss 
Furthermore, the optimization of a four-story 72-bar 

spatial truss, as shown in Figure 6, was considered. The 

structure was required to be doubly symmetric about the 

x-axis and y-axis and was subjected to the loading 

conditions described in Table 4. The design data is given 

in Table 1. Constraints are imposed on the maximum 

allowable displacement at the uppermost nodes (17 to 

20) along the x- and y-directions and the maximum 

allowable stress in each member. Results from the SCE 

and other algorithms for the applied loading conditions 

are presented in Table 5. The SCE provided a design 

with the most optimum weight after approximately 

300,000 searches. Figure 5(b) shows the convergence 

history of optimizing the 72-bar truss. Results 

demonstrated that the optimal design obtained using the 

SCE approach for this problem was competitively 

efficient compared to the literature results which are 

presented in Table 5. The efficiency of the SCE used in 

this study can be seen in the obtained weight of 379.615 

lb, which is highly competitive when compared to other 

values reported by researchers in the literature. 
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Table 3. Optimization comparison for the 10-bar planar truss (areas in squared inches) 

No. Members (Sonmez, 2011) (Sangtarash et al., 2021) (Jafari et al., 2021) 
SCE 

(this work) 
    PSO PSOC  
1 A1 30.548 30.363 31.575 30.664 30.561 
2 A2 0.100 0.100 0.100 0.100 0.100 
3 A3 23.180 23.803 23.959 23.939 23.225 
4 A4 15.218 14.804 14.689 15.952 15.169 
5 A5 0.100 0.100 0.100 0.100 0.100 
6 A6 0.551 0.556 0.100 0.509 0.556 
7 A7 7.463 7.424 8.473 7.257 7.449 
8 A8 21.058 21.128 20.771 19.878 20.967 
9 A9 21.501 21.472 20.491 21.769 21.550 

10 A10 0.100 0.100 0.100 0.100 0.100 
Best weight (Ib) 5060.880 5062.000 5076.000 5060.400 5059.998 

Table 4. Load conditions for the 72-bar truss structure 

Condition Node Fx (kips) Fy (kips) Fz (kips) 

1 17 5.0 5.0 -5.0 

2 17 0.0 0.0 -5.0 

18 0.0 0.0 -5.0 

19 0.0 0.0 -5.0 

20 0.0 0.0 -5.0 

 
Table 5. Optimization comparison for the 72-bar spatial truss (areas in squared inches) 

No. 
Design 

variables 

(Kaveh and 

Mahdavi, 2014) 

(Kaveh et al., 

2021) 

(Bekdaş et al., 

2015) 

(Kaveh and Khayatazad, 

2013) 

SCE 

(this work)

1 A1-A4 1.620 1.990 1.876 1.836 1.885 

2 A5-A12 0.563 0.563 0.516 0.502 0.512 

3 A13-A16 0.111 0.111 0.100 0.100 0.100 

4 A17-A18 0.111 0.111 0.100 0.100 0.100 

5 A19-A22 1.457 1.228 1.299 1.252 1.268 

6 A23-A30 0.442 0.563 0.525 0.503 0.512 

7 A31-A34 0.111 0.111 0.100 0.100 0.100 

8 A35-A36 0.111 0.111 0.100 0.100 0.100 

9 A37-A40 0.602 0.563 0.497 0.573 0.524 

10 A41-A48 0.563 0.442 0.509 0.550 0.517 

11 A49-A52 0.111 0.111 0.100 0.100 0.100 

12 A53-A54 0.111 0.111 0.100 0.100 0.100 

13 A55-A58 0.196 0.196 0.158 0.158 0.156 

14 A59-A66 0.602 0.563 0.533 0.522 0.545 

15 A67-A70 0.391 0.391 0.409 0.436 0.411 

16 A71-A72 0.563 0.563 0.573 0.597 0.570 

Best weight (lb) 391.070 389.334 379.095 380.458 379.615 
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Figure (4): The 10-bar planar truss 

   

(a) (b) 

Figure (5): Weight convergence history of (a) the 10-bar truss and (b) the 72-bar truss 

 

Figure (6): The 72-bar spatial truss 
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CONCLUSIONS 
 

This paper presents the Shuffled Complex Evolution 

(SCE) used in optimizing truss structures. The SCE was 

tested on two trusses (10-bar and 72-bar). The accuracy 

and efficiency of the SCE were improved by calibrating 

three important algorithmic parameters; namely, the 

number of complexes, the reflection and the contraction 

factors. A non-stationary penalty function was applied 

for handling the constraints (joint displacements and 

member stresses). The tested examples illustrated the 

ability of the SCE algorithm to find optimal results, 

which were more robust or as efficient as other state-of-

the-art algorithms. 

The main conclusions of the present study are: 

 While its speed is one major disadvantage, the SCE 

algorithm has proven to be efficient and robust in 

optimizing structural problems over other algorithms 

regarding the best obtained weight and simplicity of 

application in terms of required software and 

computers. 

 The use of non-stationary penalty functions in 

constraint handling is simple and requires no 

additional algorithmic changes. The combined 

simplicity of the SCE and the non-stationary penalty 

functions makes it an ideal method when optimizing 

multi-dimensional non-convex constrained 

structural problems. 

 Parametric calibration of the SCE algorithm is 

essential and recommended for every unique 

optimization problem to enhance the algorithm's 

performance to avoid local optimum and discover 

global optimum solutions. 

 Trade-offs between the execution time and 

improvement in the discovered optimum should be 

considered when optimizing large and complex 

problems. 
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