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Some new aspect of the application of Genetic algorithm to nanostructures is presented. We followed a 
method that is produced by using the Genetic Algorithm, Variation method and Monte Carlo integration 
Scheme (GMV method). Computational algorithm, deficiencies and advantages of the method is 
described and it is applied to a GaAs0.7Sb0.3/GaAs quantum well.  
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INTRODUCTION 
 
Anisotropy, confinement effect, quantum coherence, 
surface and interface effects, etc. in nanostructures, have 
unique properties that are not seen in bulk materials. 
These unique behaviors lead scientists to have great 
interest in them, although there are lots of difficulties in 
the methods of their growth. In order to have more 
appropriate structures with the same unique property, a 
vast number of theoretical and numerical approaches are 
produced. Finite-difference time-domain (Anderson, 
1973), random walk (Zhu, 1988), genetic algorithm (Zhu 
et al., 1990), density matrix renormalization group (Bose 
et al., 1990), variation method (Varshni, 1998), 
perturbation approach (Huang et al., 1999), Monte Carlo 
method (Hai-Qing et al., 2005), power series expansion 
(Marin et al., 1998) and the exact solution (Ozmen et al., 
2009) are some of the methods used in literatures to 
investigate the nanostructures. 

Here, we follow a method that simulate and investigate 
properties of low dimensional nanostructures. The aim of 
this work is to combine the power of genetic algorithm for 
global searching, the flexibility and speed of Monte Carlo 
integration for multidimensional integrands and the sim-
plicity and accuracy of the variation method to produce 
an optimized approach to investigate nanostructures. In 
this way, to some extent, we  reached the  mentioned  goals,  
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but just like the other computational approaches, we 
encountered some difficulties and deficiencies that are 
described in details in the foregoing and some schemes 
are presented in order to resolve them. The main pro-
perties of this method are its simplicity in programming, 
flexibility and applicability to different problems with 
several types of potential, simple application of boundary 
conditions and the power of global searching to avoid 
falling in the local minima. A considerable property of 
genetic algorithm that we have used in this work is that 
the genetic algorithm does not need any special ap-
proach to find the answer, but it uses some random initial 
answers, and in some iteration, the most appropriate one 
is found. When one works with problems such as 
quantum structures, this property simply leads to the 
answer; although the complexity of the type of potential 
may grow considerably. At last, we have applied the 
method to a single quantum well (GaAs0.7Sb0.3/GaAs) and 
have extracted the diamagnetic shift as a function of 
magnetic field, mutation probability, population number, 
number of genetic iteration and upper bound of the free 
parameters.  
 
 
THEORY  
 
The first step in this work is the old simple variational scheme that 
exploits the ground states energy and eigen function of an arbitrary 
quantum system. In this scheme, one has to select an arbitrary 
normalized  wave-function    (this   selected    eigen-function   is   in  



 
 
 
 
resemblance of the original one), and then using the following 
formula, the ground state eigen energy can be extracted (Makarov 
et al., 2000); 
 

�
∗= drHE ψψmin0                                                     …… (1) 

 
Here, in order to describe the method, we applied the method to a 
symmetric quantum well to investigate the diamagnetic shift. For 
this purpose, we have used the Hamiltonian of Senger et al. (2001), 
which is as follows: 
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In addition, the trial wave function is selected as follows: 
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Where 
)( ,heii zf =  are the envelop functions, and �, a and b are the 

free parameters of this trial wave function that can be found using a 

minimization of
ψψλ HBE ba ,,0 min)( =

. The reduced mass is 

)/)(1( 021 mme γγµ ++=
 where � 1 and � 2 are the Kohn–

Luttinger band parameters (Ren et al., 2001). The diamagnetic shift 

is also simply defined as )0()( 00 =−= BEBEδ . 
 

As it is known, the accuracy of the variation method strongly 
depends on the number of free parameters of the trial wave 
function, but as this number grows, the cpu time to determine them 
will also grow simultaneously. Unlike the other minimization 
techniques, the genetic algorithm is able to search for a large 
number of variables simultaneously, and due to the stochastic 
nature of this approach, it is able to explore both local and global 
minima's at the same time. The algorithm that was used in this work 
is as follows. Our approach is a subset of the “real code genetic 
algorithm”. At first, a number of descendants (the parameters we 
want to know them, N, population) are generated. Then by using a 

fitness function (in this work
)(0 BE

) the propriety of each member 
of the population is evaluated. The fitness function determines 
which of the members will be alive in the next iteration of the 
genetic algorithm, while the value of this function that can be 
achieved using integration is computed using a Monte Carlo 
scheme. The Monte Carlo method permits one to find the value of 
integration to a high order of accuracy by only a small mesh point 
for the integration, while the integrand slowly varies. However, if the 
integrand vacillates too quickly, one has to use another integration 
scheme instead of the Monte Carlo method. Now the members are 
sorted as that of their value of the fitness function. Half of them are 
retained with the most fitness values, and the same numbers of 
members are produced from the first half of the members that we 
had retained. New members are produced by using crossover and 
mutation, since mutation probability plays an essential role in the 
results. We have shown this effect in one of our diagrams that is 
thus presented. Nonetheless, the fitness values for new members 
are calculated. By using the merge sort, two different halves of the 
populations are combined in such a manner that the resulting 
populations are decreasingly sorted. This loop  is  iterated  until  the 
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Figure 1. Flow chart of the Hybrid method we have used 
in this study. 

 
 
 
decreasingly sorted. This loop is iterated until the appropriate 
parameters with the desired accuracy are computed.  

At the first step, it seems that an upper bound for the free 
parameters helps one to have newer members at each genetic 
operation and more new ones have a chance to come to existence, 
thus the results could be reached more rapidly. In other words, 
enlarging the interval for the free parameters lead to the results 
more quickly because it searches them in a larger interval, but the 
diagrams show a different consequence. Hence, more information 
is presented in the foregoing.  

At last, for the termination criteria, different schemes may be 
used, for example, non changing ground states energy or a 
predetermined number of genetic iterations. Figure 1 shows the 
flowchart of the study’s program. 



252       J. Eng. Technol. Res. 
 
 
 

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30
0

2

4

6

8

10

12

14

0 5 10 15 20 25 30
0

2

4

6

8

10

12

14

D
ia

m
ag

ne
tic

 S
hi

ft(
ev

)

B(Tesla)

D
ia

m
ag

ne
tic

 S
hi

ft(
ev

)

B(Tesla)

�
 
Figure 2. Variation of the diamagnetic shift of the heavy-hole excitonic transition in a GaAs0.7Sb0.3 /GaAs 
quantum well with a thickness of 60 angstrom as a function of the magnetic field. Solid Curve is calculated using 
the free exciton model by the method presented here and the Dashed Curve is according to ref 17. In both 
cases, the conduction-band offset ((�Ec) is assumed to be 10 meV in a weak type-I band lineup configuration. 
The inset graph represents the same variation but for heavy-hole excitonic transition. Again, Solid Curve is 
calculated using an infinite mass for the localized heavy hole by the method presented here and the Dashed 
Curve is according to ref. 17 and again, in both cases, the conduction-band offset (�Ec) is assumed to be 10 
meV in a weak type-I band lineup configuration.�

 
 
 
RESULTS AND DISCUSSION 
 
By applying our method to a single quantum well 
GaAs0.7Sb0.3/GaAs, we have found the diamagnetic shift 
of Figure 2 for free and localized excitons. Our initial 
parameters are the same with that of ref 17, but as it can 
be easily seen from Figure 2, there are some differences 
in them; in that it has different sources. The first one is in 
the genetic algorithm. When one uses the genetic 
algorithm to investigate some problems, it is compulsory 
to find the best mutation probability. Figure 3 shows the 
variation of the diamagnetic shift as a function of the 
mutation probability and the applied magnetic field in 
Tesla. As Figure 3 shows an oscillatory aspect versus the 
mutation probability, it is, thus, not reasonable to use an 
arbitrary mutation probability to find the diamagnetic shift. 
However, one has to find the mutation probability that 
leads to the least ground state energy. Other sources of 
errors are the number of genetic iterations at different 

upper limit for the free parameters when the population 
number is fixed (Figures 4 and 5), the population number 
itself is fixed for a number of genetic iteration (Figure 6) 
and the upper limit for the free parameters (Figure 7). It is 
clear from Figure 4 that in a fixed population number, the 
best results could be reached when "1" is used for the 
upper limit of the free parameters. As we have mentioned 
before, in the first step, it seems that an upper bound for 
the free parameters may help one to have new members 
at each genetic operation. This means new members 
have a chance to come into existence, thus the results 
could be reached more rapidly. In other words, enlarging 
the interval for the free parameters lead to the results 
more quickly because it searches for them in a larger 
interval, but the diagrams show a different consequence. 
As shown in Figures 4 and 7, when the upper bound for 
the free parameters is smaller, the results are much 
better. Consequently, the reason is that having a large 
number of choices for new member disturbs the process  
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Figure 3. Diamagnetic shift as a function of mutation probability and the 
applied magnetic field B(in Tesla). 
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Figure 4. Diamagnetic shift as a function of number of Genetic iteration at B = 32 T 
population number = 100 and upper bound of the free parameters of 1,solid curve 
10, Dashed Curve, 20, Dotted Curve, and 100, Dotted–Dashed curve. 

 
 
 
of finding the most appropriate one. Enlarging the interval 
for the free parameters gives a choice of existence to the 
new members and the genetic iteration searches for a 
larger interval; but when the candidate for the best 
parameters of the system is larger, the selection of the 
best ones is also more difficult. Other reasons may be a 
random generator that is used in the simulation. 

However, before extracting the results, it is necessary to 
font the optimum condition. Another result that was not so 
strange was the increase in the number of genetic 
iteration, which does not always lead to a higher 
accuracy, but only oscillates around the real value that is 
presented in Figure 5. 

When the effect of changing the population number at a  



254       J. Eng. Technol. Res. 
 
 
 

 
 
Figure 5. Diamagnetic shift as a function of magnetic field and number of genetic 
iteration. 
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Figure 6. Diamagnetic shift as a function of population numbers in each genetic iteration at 
maximum Genetic iteration 100 and B = 32 Tesla. 
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Figure 7. Diamagnetic shift as a function of upper bound of the free parameters of 1, 
Solid Curve, 100, Dashed Curve, and 300, Dotted. 

 
 

 
 
Figure 8. Diamagnetic shift as a function of population number and magnetic field 
B at maximum Genetic iteration 100. 

 
 
 
fixed magnetic field B = 32 Tesla was investigated, Figure 
6 showed an oscillatory behavior. Figure 6 shows that 
diamagnetic shift oscillates around an average value, 
when the dashed line was presented. Then we changed 
the values of the magnetic field B and extracted Figure 8 
in a 3D plot.  

In both Figures 3 and 8, the effects of the genetic 
algorithm components, like population number and 
mutation probability at low magnetic field,  are  small,  but  

by increasing it, the theses effects are more visible.   
In summary, we have investigated a hybrid method 

based on genetic algorithm using variational and Monte 
Carlo schemes. For illustration purposes, we have 
applied the method to a single quantum well and 
extracted the diamagnetic shift as a function of magnetic 
field, mutation probability, population number, number of 
genetic iteration and upper bound of the free parameters. 
It has been proven that when one uses genetic  algorithm  
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To investigate some problems, the effect of its com-
ponents, like mutation probability and population number, 
may be so large that it will lead to wrong physical results. 
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