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Abstract 

A two-bar plane truss is built in MATLAB based on mathematical model. Then the 

authors use genetic algorithm toolbox to solve this problem. The parametric truss model 

is set up in the finite element analysis software ANSYS. It is analyzed by first-order 

algorithm. The comparison of two kinds results show the pure genetic algorithm doesn’t 

always have an advantage over other algorithms. In the end, a joint optimization method 

is put forward on the basis of genetic algorithm. It combines genetic algorithm based on 

MATLAB toolbox and numerical algorithm based on quasi-Newton method. This method 

is illustrated by the numerical example of the two-bar plane truss. The results show this 

joint optimization method can get the global optimal solution of this problem every time. 
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1. Introduction 

Genetic Algorithm is one of the self-adaptive optimized algorithms of probability 

search. It simulates biological genetic and evolutionary process in the natural environment. 

Genetic algorithm provides a model which can solve the complex system optimization 

problems. It doesn’t rely on the specific fields of the problems. There is a strong 

robustness when solving the problems [1]. The genetic algorithm toolbox which based on 

MATLAB provides a complete solution for many optimization problems. Its simple 

function expression and free algorithm parameters settings make it convenient and 

flexible to use the optimization function.  The genetic algorithm toolbox is very easy to 

learn and use. The evolutionary computation of the binary encoding and the real-value 

encoding simulation can be realized in the toolbox. In addition to that, it can also provide 

a stable platform for application and research on genetic algorithm [2].   

However, genetic algorithm doesn’t apply to all the problems. Reference [3] compared 

the simple genetic algorithm and the traditional optimization algorithm, finding that the 

simple genetic algorithm is not surely better than other search algorithms. Besides, the 

algorithms in the toolbox are fixed and single. It cannot guarantee to find the global 

optimal solution of this problem [3]. 

In order to solve this problem, the authors of this paper put forward a joint method, 

which combines the MATLAB genetic algorithm toolbox with traditional numerical 

algorithm based on quasi-Newton method. In addition, the researchers set a numerical 

example of plane truss to assess it. The analysis results show the joint optimization 

method can converge to the global optimal solution of this problem every time. 
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2. The Evolutionary Process of Genetic Algorithm and Parameter 

Setting 
 

2.1. The Basic Process of Genetic Algorithm  

The evolutionary process of genetic algorithm is random in the genetic operation. But 

the features which it presents haven’t been completely random search. It can effectively 

use historical information to forecast the next expected generation characteristics. 

Therefore, the   researchers establish an iterative process to accomplish the selection and 

genetic mechanism, using a series of genetic operations for individuals in the group. 

Finally, it converges to one of the most adaptive individual to the environment and can 

get the optimal solution of the problem [4]. The evolutionary process of genetic algorithm 

could be presented as follows: 

),,,,,,),0(( tfpgsLNPGA                                                                             (1)       

Where, 
N

n IpppP  ))0(),0(),0(()0( 21 — the initial group; 

LNBI }1,0{ — the binary encoding bit string space and the string length is L; 

N — the number of individuals in group; 

L — the binary length string; 
NN IIs  — the selection strategy; 

g — genetic operators, usually including:
rQ — the selection operator, 

cQ — the 

crossover operator, 
mQ — the mutation operator; 

p — the operation probability of genetic operators, including: 
rP — the selection 

probability, cP — the crossover probability, 
mP — the mutation probability; 

f — the fitness function; 

t — the termination criterion [1]. 

In order to make it clear to see, the researchers draw the process on the diagram. The 

basic process of the genetic algorithm is displayed in Figure 1. 

 

 

Figure 1. Flow Chart of the Genetic Algorithm 

Choose 

Crossover 

Vary 

Determine the Real Problem 

 Parameters Set 

Code for the Parameters Set 

Initialize the Group P(t) 

Group Evaluation 

Meet the Termination 

Criterion 

Genetic Operation 

Over 
Yes 

Onli
ne

 Vers
ion

 O
nly

. 

Boo
k m

ad
e b

y t
his

 fil
e i

s I
LL

EGAL.



International Journal of Hybrid Information Technology 

Vol. 9, No.11 (2016) 

 

 

Copyright © 2016 SERSC 59 

2.2. The Genetic Operator Parameter Settings 

 

2.2.1. The Group Size Set 

Group size is the first key solving ability of genetic algorithm [5]. The authors consider 

the group processing mode number: 33)( nnO  and LnnO 2)( 3  . Therefore, the 

researchers draw 
2/2Ln  . On the whole encoding space, considering order k as the main 

competition pattern collection, the approximate expression of the population size is just as 

follows. 

2

2

12 )22()(
d

zn
fLk


                                                                                   (2)   

Where, 
)/(

)(
2

2
2

n

d
z

M
  ; 

21 HH ffd  ; 222

21 HHM   . 

Among them, 
1Hf ,

2Hf — H1, H2 to adapt to the mean values; 

2

1H , 2

2H — the variance of model H1, H2; 

2

f — the encoding space superior fitness variance;  

k — the model order;  

L — the binary bit length string. 

 

2.2.2. The Election Operator  

Selection operator of population diversity have strictly monotone decrease effects, 

ensuring that the “survival of the fittest” in genetic algorithm iteration group evolution 

phenomenon [6]. In this paper, the authors assume the best individual a1 in expectations 

of  number and the worst individual an in expectations of  
 after selection operation. 

The probability of individual choice is: 


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
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1
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nn
p j


                                                                                        (3) 

Where, n for group size.  

The best individual selection probability is shown in the following type. 

np /1

                                                                                                                    (4)   

 Considering the individual good class multiple choice probability is different, the 

authors take the average collection: np c
t /,1

  , c>1. 

 Consequently, it can be summarized that the existence of fine individual proportion 

formula is just shown as below. 

c

t

c

tt P
n

nPP /1

,1
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,11,1 )(
)( 



  


                                                                        (5)   

 
2.2.3. The Crossover Operator  

This paper uses the uniform crossover. Each of the two matching individual genes 

swap in the same crossover probability. So it also can form two new individuals. Specific 

operation can be set up by a block of words to determine how each new individual genes 

by which a parent to provide [7]. Uniform crossover operation is as shown in the Figure 2 

below. 
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Figure 2. Schematic Diagram of the Crossover Operation 

 
2.2.4. The Mutation Operator 

To every individual in group, mutation operator change one or some genes for other 

loci with a certain probability. As well as nature world, the probability of mutation in 

genetic algorithm is very low. In each generation groups, there are Lpn m  mutation on 

average. Where, n is for group size and L is for the length of the binary string [8]. Its 

scope can set just as general: )1/()1( 7.0  eep x

m , }7.0,2.0,1.0{ x .  

 

3. Numerical Algorithm Based on Quasi-Newton Method 

Using MATLAB genetic algorithm toolbox, it can get a point close to the optimal 

solutions. For the sake of obtaining a more optional solution, the researchers use 

numerical algorithm to solve this problem further based on quasi-Newton method.  

Here, the researchers think about constrained nonlinear minimum problem. 
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Where, )(xf —the objective function; 

)(xgi
—the constrained nonlinear function.  

The specific expression of Equation (6) may be very complicated. In order to make the 

problem easier to solve, the researchers use a quadratic programming model to replace it 

at a point and make use of a variety of quadratic programming solutions to draw near the 

exact solution for Equation (6) [9]. The approximate quadratic programming model is 

called sub-problem. It is a Hessian matrix of Lagrange function, which the researchers use 

as its objective function. The model of sub-problem can use the following form. 
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Whereby, ),,( )()()(2 kkk

x xL   is Hessian matrix of Lagrange function. In the 

following, it is called kH . 

So the KT conditions of the sub-problem can be described as follows. 
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Since
kH may not be positive definite in the objective function, the researchers convert 

kH to 
kB , which is a positive definite matrix close to 

kH . Then it can calculate. Here, 

using the BFGS method, the modified formula of matrix is shown as below. 
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Among them, 
kkk xx   )1()( ; 

)(k

kB   is the linear combination of )(k  and )(k . In 

here, 

 ),,(),,( )()()()()()1()( kkk
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x
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                                                               (11) 

 

4. A Numerical Example  

In order to illustrate this simple genetic algorithm can solve the problem better, the 

researchers build a two-bar plane truss in Figure 3 [10]. The basic parameters of the truss 

are as shown in Table 1. Here, the researchers change the cross-sectional area of two bars 

and the value of yB to make the weight of the truss lighter.  

 

 

Figure 3. Diagram of the Two-bar Plane Truss 
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Table 1. Design Variables and Constants for the Two-bar Planar Truss 
Problem 

Name Symbol Numeric 

Joint load P 10
5 
N 

Volume density γ 7.7 ×10
3 
N/m

3
 

Length l 2 m 

Width xB 1 m 

Allowable tension stress [σt] 1.5×10
8
 Pa 

Allowable compressive stress [σc] 10
8
 Pa 

Cross-sectional area of bar 1 A1 0 m
2 
≤ A1 ≤ 10

-3 
m

2
 

Cross-sectional area of bar 2 A2 0 m
2
≤ A1 ≤ 10

-3
 m

2
 

Vertical coordinate of joint B yB 0.5 m≤ yB ≤1.5 m 

The mathematical model and constrained conditions of truss optimization are shown in 

the following form. 
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The researchers set the corresponding parameters in genetic algorithm toolbox in 

MATLAB and find the solution then. What calls for special attention is that it should 

choose the “Adaptive feasible” variation function in the “Mutation function” column. 

Because the default “Gaussian mutation” function is only applicable to unconstrained 

minimum problems. Genetic algorithm converged after running 28 generations and lasted 

for about 35 s. The computational results are: W = 128.1 N, A1 = 5.2×10
-4 

m
2
, A2=6.8×

10
-4 

m
2
,
 
yB = 0.73 m. The best, worse and mean scores at each generation is shown in 

Figure 4. 

 

 

Figure 4. The Best, Worse and Mean Scores at Each Generation 

The global optional solutions of the plane truss are: W = 125.8 N, A1= 5.21×10
-4

 m
2
, A2 

= 6.4×10
-4 

m
2
, yB = 0.8 m. The results show that the computational solution obtained from 

the genetic algorithms toolbox has a certain difference to the global optional solution. 

Next, the researchers regard the results of genetic algorithm as the initial point. Then the 

authors programmed numerical algorithm based on quasi-Newton method in MATLAB to 

solve this problem further. The final results are: W = 125.77 N, A1 = 5.207×10
-4 

m
2
, A2 = 
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6.403×10
-4 

m
2
, yB = 0.8 m. The results are same with the global optional solution after 

rounding. Visible, the researchers obtain the global optimal solution of the problem 

combined with numerical algorithm.  

Through numerical example, the researchers can see that the objective function is four-

dimension function. It can’t use image to represent in MATLAB. To this end, the authors 

fix one of the three design variables according to the global optimal solution. The design 

variable is: yB = 0.8 m. Thus, the image of the objective function can be drawn in 

MATLAB. The image of the objective function at yB = 0.8 m is shown in Figure 5. 

 

  

Figure 5. The Image of the Objective Function at yB = 0.8 m 

For comparison, the researchers build model of this problem in the finite element 

analysis software ANSYS and use its first-order algorithm to solve. Iterative algorithms 

converged after 11 times, during 165 s. The iterative curves of the objective function, the 

design variables and the state variable are shown in Figure 6.  

 

      
(a) The Iterative Curve of the 

Objective Function (W) 
(b) The Iterative Curves of the        
Design Variables (A1 and A2) 
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(c) Iterative Curve of the Design 

Variable (yB)                                     
(d) The Iterative Curves of the Axial 

Stress

Figure 6. The Iterative Curves of the Objective Function, the Design 
Variables and the State Variable 

From Table 2, we can know that the simple genetic algorithm used the shortest time to 

solve the problem. But it isn’t better than ANSYS first-order algorithm on results. 

Therefore, the simple genetic algorithm isn’t the best way for some problems. After 

combining genetic algorithm with numerical algorithm, the researchers have run and 

verified multiple times. The joint optimization method can always converge to the global 

optimal solution at every turn, with simple genetic algorithm in solving time. Comparison 

of the results under different algorithms is shown in Figure 7. 

 

 

Figure 7. Comparison of the Results under Different Algorithms 
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Table 2. Comparison of the Results Using Different Algorithms for the 
Two-bar Plane Truss Problem 

(The Numbers in the Parentheses is the Absolute Value of Relative Error) 

Methods W/N A1/×10
-4

m
2
 A2/×10

-4
m

2
 yB/m Time/s 

Simple genetic 

algorithm 

128.1 

(1.853%) 

5.2 ( 

0.134% ) 

6.8  

(6.2%) 

0.73 

(8.75%) 
35 

Joint optimization 

method 

125.77 

(0%) 

5.207 

 (0%) 

6.403 

 (0%) 

0.8  

(0%) 
40 

ANSYS first-order 

algorithm 

126.46 

(0.549%) 

4.979 

(4.379%) 

6.715 

(4.873%) 

0.89 

(11.25%) 
165 

Optimal solution 125.77 5.207 6.403 0.8 -- 

 

5. Conclusions   

Although genetic algorithm has very strong robustness for various kinds of problems, 

simple genetic algorithm is not applicable to all problems. In this paper, the researchers 

use genetic algorithm toolbox GADS and establish the mathematical model of two-bar 

plane truss in MATLAB to solve this problem. In order to facilitate comparison, the 

authors also build the parametric model of truss in the truss finite element analysis 

software ANSYS and use a first-order algorithm to analyze it in the meantime. Analyzing 

the results of two kinds of algorithm algorithms, the researchers find that simple 

algorithm algorithm is not the best way to solve the same problems.  

Finally, the researchers combine simple genetic algorithm with numerical algorithm 

based on quasi-Newton method. So the authors put forward a joint optimization method 

and assess it with the numerical example of two-bar truss. The results show the joint 

optimization method can converge to the global optimal solution for the problems every 

time. It has certain reference significance in the combination of genetic algorithms and 

other optimization algorithms. 
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