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Abstract：Hybrid Taguchi genetic algorithm can be used to solve the global continuous 
optimization problems. Aside from the global search capability of traditional genetic 
algorithm, it further combines Taguchi experimental method to explore the optimal feasibility 
of the offspring. Taguchi method is inserted between the crossover and mutation operations 
of the traditional genetic algorithm. Hybrid Taguchi genetic algorithm also seems to 
outperform the traditional genetic method in obtaining the optional or near optimal solutions 
because of its fast convergence ability and robustness. 
Although the hybrid Taguchi genetic algorithm is more powerful than the traditional genetic 
one in the optimization of global continuous function, yet it still needs further investigation to 
conclude if it also offers better solution than the latter to the optimization of global discrete 
function. 
Therefore, this study tries to compare the two algorithms in each individual’s performance in 
the optimization of global discrete function. It aims to figure out whether the hybrid Taguchi 
genetic algorithm is better than traditional genetic algorithm or not. 
Keywords: Hybrid Taguchi-Genetic algorithm, Genetic algorithm, Optimization problems. 

 
INTRODUCTION 

 
In 2004, Scholar Tsai et al.[1] combined the Taguchi’s 
quality control mechanism[2] into Genetic Algorithm[3], 
and proposed a hybrid Taguchi-Genetic Algorithm 
(HTGA) to solve many optimization problems. The 
performances of the solved problems were much better 
than traditional Genetic Algorithm (GA)[4, 5]. However, 
the solved problems in the published papers were 
continuous functions. How about the optimization 
problems with discrete function and constraints? They 
had not been discussed and analysed. 
In this paper, we will compare the HTGA and GA for 
solving the problems with continuous variables and 
discrete variables, respectively. In addition, we will point 
out the weakness of HTGA for solving the problems with 
discrete variables and constraints, why the performance 
of HTGA is not better than GA. Two kinds of 
optimization problems: the 0-1 knapsack problem and the 
traveling salesman problem with different sizes were 
used as the test examples for the HTGA and GA. 
Experimental results showed that GA obtained better 
solutions than HTGA. The HTGA is not suitable to solve 
the problems with discrete functions and constraints. 

 
THEORY, EVIDENCE AND RESEARCH 
NEEDS 

 
Taguchi Method: The Taguchi method is a robust design 
approach to improve the quality of a product by 
minimizing the effect of the causes of variation without 

eliminating the causes[6-9]. We will use the following 
simple example to illustrate the concept of Taguchi 
method.  
If an optimization problem is defined as: 
(1) 
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Each variable xi may be 0 or 1. One set (denoted as S1) 
of data is {0, 0, 1, 1, 0, 1, 0} and another set (denoted as 
S2) is {1, 1, 0, 0, 1, 0, 1}. How do we select the value of 
xi from these two sets to find the maximum value of 
function f(x)? 
Based on the Taguchi method, two-level orthogonal 
array can be used. One level represents the set S1 
(denoted as level 1), and another level represents the set 
S2 (denoted as level 2). Each variable corresponds to a 
factor in the orthogonal array. An orthogonal array is a 
fractional factorial matrix, which assures a balanced 
comparison of levels of any factor or interaction of 
factors. Table 1 shows a L8 (27) orthogonal array, where 
each column represents the level of the factors in each 
run, and each column represents the factor that can be 
changed from each run. The suffix 8 represents the 
number of experimental runs, and the superscript 7 
denotes the number of factors (columns) in the 
orthogonal array. The value 2 represents the number of 
levels for each factor. The general form of two-level 
orthogonal array is: 
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Ln (2n-1), where n = 2k, and k is a positive integer which is greater than 1. 
 

Table 1. L8 (27) Orthogonal array for 7 factors {A, B, … G} 

Experiment 
index 

Factors 
A B C D E F G 

Column index 
1 2 3 4 5 6 7 

1 1 1 1 1 1 1 1 
2 1 1 1 2 2 2 2 
3 1 2 2 1 1 2 2 
4 1 2 2 2 2 1 1 
5 2 1 2 1 2 1 2 
6 2 1 2 2 1 2 1 
7 2 2 1 1 2 2 1 
8 2 2 1 2 1 1 2 

  
A value SNR(ηi) is used as the quality characteristic of 
choice for the experiment i. There are three types SNRs 
available depending on the goals: normal-the-best (NTB), 
smaller-the-best (STB), and larger-the-best (LTB). For 
Eq. (1), we will apply the larger-the-best SNR values for 
deciding to select level one or level two for each factor. 
For example, factors A ~ G are set to level 1 (S1) in the 
experiment 1. The value of xi, i=1~7, would be {0, 0, 1, 
1, 0, 1, 0}, and gets the value of function f to be 3. The 
value will be substituted into SNR formula[2]. After 
running eight experiments, we can obtain eight ηi values. 
Each ηi corresponds to the experiment i. Then, for each 
factor, if the summation of ηi at level 1 is less than that 
of level 2, then the value of this factor is set to the value 
of level 2. For example, considered the factor A, we sum 
η i , i =1~4, for level 1, and sum the values ηi , i =5 ~ 8 
for level 2. If the summation of level 1 is less than that of 
level 2, then the value of factor A is set to level 2 (=1). 
The larger the numerical value of the level, the more 
favorable the situation is [10]. 
Hybrid Taguchi-Genetic Algorithm (HTGA): The HTGA 
is similar to GA[11-13], but incorporates the Taguchi 
method with the crossover operation of GA. In the 
crossover operation of HTGA, each gene in the offspring 
chromosome is decided by the SNR values computed by 
the Taguchi method. Two parent chromosomes are 
thought as two levels S1 and S2. Then, the genes in 
chromosome S1 are [0, 0, 1, 1, 0, 1, 0] and genes in 
chromosome S2 are [1, 1, 0, 0, 1, 0, 1]. When the fitness 
function is equal to Eq. (1), f (A) = 3 and f (B) =4. We 
can simplify the SNR formula for experiment k as: 

 

(2) 
.  
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Combine the Taguchi method and crossover operation 
for the offspring chromosome shown in Table 2. The 
value in Table 2 is the gene in chromosome S1 (level 1) 
or chromosome S2 (level 2) which are selected from the 
orthogonal array defined in Table 1. 
For factor A, the summation of level 1 ηk is: 
 
 

 
 
 

(3)  

E f 1  =    ∑ηk  = 9 + 9 + 9 + 9 = 36 
k =1, 2,3, 4 

 
 

  
 For factor A, the summation of level 2 ηk is: 
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5,6,7,8
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We can also obtain the value for factor B. 

  
For factor B, the summation of level 1 ηk is: 

 

(5) 
E f 1 =    ∑ηk  = 9 + 9 + 25 + 1 = 44 

k =1, 2,5,6 

 
 

 For factor B, the summation of level 2 ηk is: 
 

(6) 
E f 2  =   ∑ηk  = 9 + 9 + 25 + 25 = 68 

k =3, 4,7,8 

 
Based on the same procedure, we can compute the value 
of Ef1 and Ef2 for factors C~G (shown in Table 2). The 
goal of the function f is to find the maximum value. By 
applying the larger-the-best approach of Taguchi method 
to find the better factor for each factor, we can obtain the 
optimal level for each factor by select the larger value of 
Ef1 or Ef2. In this way, we can obtain each gene of 
offspring chromosome by selecting the gene with optimal 
level (chromosome). For example, the first and second 
genes would be selected from chromosome 2 (optimal 
level = 2), the first and second genes of offspring 
chromosome would be 11. The 3rd to 7th genes could be 
also selected by the same procedure, and obtain the genes: 
11111. The full chromosome of offspring would be 
1111111, it is also the optimal solution. 
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Table 2. A better offspring generated from two parent chromosomes s1 and s2 by using Taguchi method 

Experiment 
index 

Factors fitness 
f ηk A B C D E F G 

1 2 3 4 5 6 7 
1 0 0 1 1 0 1 0 3 9 
2 0 0 1 0 1 0 1 3 9 
3 0 1 0 1 0 0 1 3 9 
4 0 1 0 0 1 1 0 3 9 
5 1 0 0 1 1 1 1 5 25 
6 1 0 0 0 0 0 0 1 1 
7 1 1 1 1 1 0 0 5 25 
8 1 1 1 0 0 1 1 5 25 

Ef1 36 44 68 68 44 68 44   
Ef2 76 68 44 44 68 44 68   

Optimal 
level 2 2 1 1 2 1 2   

Offspring 
chromosome 1 1 1 1 1 1 1   

 
CONTINUOUS VARIABLES 
 
Three optimization problems[1] with continuous 
variables are used to demonstrate the performance of 
HTGA and GA. 
 
Find the Mini Value of 
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Fig 1 shows that the convergence speed and solution 
quality of HTGA are similar to those of GA. 
 
Find the Mini Value of 
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Fig 2 shows that the convergence speed and solution 
quality of HTGA are much better than those of GA. 
 
Find the Mini Value of 
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Fig 3 shows that the solution quality of HTGA is also 
better than that of GA. However, the convergence speed 
is slower than GA before 900-generation. 

 
 
 
 
 
 
 
 
 
 

Figure 1. The best solution of GA and HTGA in each generation 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. The best solution of GA and HTGA in each generation 
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Figure 3. The best solution of GA and HTGA in each generation 
 

In general, the HTGA has a very remarkable 
performance for solving optimization problem with 
continuous variables. However, the performance of 
HTGA for solving the optimal problems with discrete 
variables has not been evaluated still now. Then, the 
following section will apply two kinds of optimization 
problems with discrete variables and constraints to test 
the performance of HTGA and GA. 

 
DISCRETE VARIABLES WITH CONSTRAINTS 
 
Two kinds of optimization problems with discrete 
variables and constraints were applied to evaluate the 
performances of HTGA and GA. These two problems 

can be easily transformed into other optimization 
problems[14-16], and can be regarded as the typical of 
optimization problems with discrete variables and 
constraints. 
0-1 Knapsack Problem: The 0-1 knapsack problem is an 
NP-hard problem[16-19]. This problem can be stated as 
the following. A person goes into a store with n objects. 
Each object i is worth ci dollars and weighs wi pounds, 
where ci and wi are integers. The person wants to take as 
valuable a load as possible, but he can carry at most W 
pounds in his/her knapsack, for some integer W. Which 
objects should be taken? It can be formulated as the 
following equations: 

 
 
(7)        

        
 

     . and  , and }1,0{   where,..

                                                                              .
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When an object is selected into the knapsack, the value 
of xi =1, else xi = 0.  
The Max function in equation (7) is the objective 
function, and is used to find the maximum valuable load 
from n objects. The lower parts in equation (7) are the 
constraints that the capacity of knapsack is restricted to 
W. 
The chromosome is an n-gene length 0-1 string. Each bit 
i represents the i-th object which is selected (=1) or not 

(=0) into the knapsack. We use the symbol xi to rep-
resent the state of the i-th bit in the chromosome. Each 
chromosome is also a solution of 0-1 knapsack problem 
if it satisfied the constraints. The genes with bit 1 in the 
chromosome would be randomly selected and mutate to 
0 for violating the constraints (capacity of knapsack ≦ 
W). The execution flow of GA/HTGA for solving the 0-1 
knapsack problem is shown in Fig 4. 
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 Figure 4. The execution flow of GA/HTGA implementation 
 
The HTGA method incorporated the Taguchi method 
into the crossover operation of GA for creating offspring. 
The selection operation is the roulette wheel selection. 
The parameters of GA/HTGA used in this experiment are 
shown in Table 3. 

Four different sizes of knapsack problems were selected 
and randomly ran 5 times for each size. The parameters 
of these problems were defined in Table 4. 

 
Table 3. The parameters of GA/HTGA for solving the 0-1 knapsack problems 

Parameters Values 
Population Size (N) 100 
Pc 0.7 
Pm 0.02 
Iteration number 10000 

 
Table 4. The parameters of the 0-1 knapsack problems 
Parameters Values 
Object (n) 100, 200, 300, 400 
Cost range (ci) 1~1000 
Weight range (wi) 1~1000 

Capacity bound (W) 10000, 30000, 40000, 
50000 

 
Experimental results (shown in Table 5) show that the 
performances of GA were better than HTGA which were 
different from the results obtained for optimization 

problems with continuous variables. The Taguchi method 
used in GA could not improve the performance of GA 
for optimization problems with discrete variables. 
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Fig 5 showed one of the performance curves of GA and 
HTGA for the 0-1 knapsack problem with n = 400 
objects. The fitness value is defined as the negative of the 

cost for easy representation. The solution of GA is much 
better than that of HTGA. The fitness function is shown 
as follow: 

 

(8) 

n 

fit ness = Min.(−∑ ci xi ) 
i =1 

 
Table 5. The parameters of the 0-1 knapsack problems 

 100 200 300 400 

Methods Average SD Average SD Average SD Average SD 

GA 29685.2 66.1 59792.0 73.8 87407.0 213.1 114938.8 68.2 

HTGA 29669.6 73.8 59490.8 70.1 84050.4 42.2 100408.0 188.2 
 
 
 
 
 
 
 
 
 
 

 
 
 

Figure 5. The performance curves for GA and HTGA for 0-1 knapsack problems 
 

Traveling Salesman Problem: The traveling salesman 
problem is also an NP-hard problem [16, 17]. This 
problem can be stated as the following. A salesman 
wants to visit n cities and finishes at the city he starts 
from. Each city can be visited exactly once, and one city 

is visited at each time. There is a nonnegative cost c (i, j) 
to travel from city i to city j. The salesman wants to find 
a shortest tour for visiting n cities and returns to the 
starting city. It can be formulated as the following 
equations: 

 
(9)  
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.  time atcity  visited ofindex  the is  where ixi  
We can use an n-gene length chromosome to represent a 
tour. Suppose we have five cities numbered from 1 to 5. 
In a chromosome, the order of the integers represents the 

order in which the cities will be visited by the salesman. 
For example: 

 
The GA crossover operation used[12], and the execution 
flow of GA for solving the traveling salesman problem is 
similar to Fig 4. The parameters of GA (HTGA) used in 
this experiment were shown in Table 3. 

Four different sizes of traveling salesman problems were 
selected and randomly generated 5 times for each size. 
The parameters of the problem were defined in Table 6. 

 
Table 6. The parameters of the traveling salesman problem 

Parameters of Traveling Salesman Problems 

Parameters Values 

City (n) 10 20 30 40 50 

Cost range (c(i, j)) [0, 10] [0, 20] [0, 30] [0, 40] [0, 50] 
 

Experimental results (see Table 7) show that the 
performances of GA were better than HTGA which were 
different from the results obtained for optimization 
problems with continuous variables. Fig 6 (a) and (b) 

show the solutions of TSP by using HTGA and GA. The 
Taguchi method used in GA (HTGA) could not improve 
the performance of GA for optimization problems with 
discrete variables. 
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Table 7. The experimental results of HTGA/GA for traveling salesman problem 

Methods 
Problem size (n) 

10 20 30 40 50 

GA 30.9 76.9 148.4 214.6 302.7 

HTGA 30.9 76.9 154.5 221.8 308.9 
 

City 
no. 
 (n) 

GA HTGA 

1
0 

 
 
 
 

 
Tour length =30.9 

 
 
 
 

 
Tour length =30.9 

2
0 

 
 
 
 

 
Tour length =76.9 

 
 
 
 

 
Tour length =76.9 

3
0 

 
 
 
 

 
Tour length =146.1 

 
 
 
 

 
Tour length =164.3 

4
0 

 
 
 
 

 
Tour length =218.8 

 
 
 
 

 
Tour length =228.4 

5
0 

 
 
 
 

 
Tour length =300.5 

 
 
 
 

 
Tour length =309.4 

 (a) (b) 
Figure 6. One of solutions for each size n (10 ~ 50) by using (a) GA and (b) HTGA 
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CONCLUSION 
 

Two typical optimization problems with discrete 
variables and constraints are used to evaluate the 
performance of HTGA and GA. We can find that the 
Taguchi method in HTGA can’t find better results than 
GA. The Taguchi method became a restriction for 
finding the optimal solution. The following example 
shows the weakness of HTGA during solving an 
optimization problem with discrete variables and 
constraints. 
1) Example: Suppose a 0-1 knapsack problem with 5 
objects, and each object i is worth ci dollars and weighs 
wi pounds, where ci = {2, 3, 4, 5, 9} and wi = {3, 3, 4, 4, 
8}, respectively. The capacity of knapsack is 10 (W=10) 
pounds. Find the maximum cost under the constraint (i.e., 
capacity of the knapsack less than or equal to 10). 
2) Sol: When we applied the GA/HTGA to solve this 
problem, if two chromosomes were obtained as 
following: C1: [0, 0, 1, 1, 0] and C2: [1, 1, 0, 0, 0]. The 
off-spring generated by the HTGA and GA would be: 

a) HTGA method: We can define the levels 1 and 2 for 
factors A, B, C, D and E are {0, 0, 1, 1, 0} and {1, 1, 0, 0, 
0}, respectively. Factors F and G are dummy (useless) 
and can be defined as all 0s. Based on the orthogonal 
array (defined in Table 1), the genes for each experiment 
can be obtained as Table 8. The fitness is defined as the 
cost of selected objects if it is satisfied the constraint (i.e., 
the total weight of selected objects is less than or equal to 
10), and the value of ηk is set to the square of fitness. 
In experiment 7, three objects were selected (B, C, D) 
and the total weight of these objects is 11 beyond the 
capacity (=10) (violating the constraints). Then, 
experiment 7 is an invalid solution and is not considered 
by the HTGA. We can obtain the values of Ef1 and Ef2 by 
the steps of Table 2, and a better offspring [0, 1, 1, 1, 0] 
is generated but it is invalid. HTGA can’t consider to 
approaching the optimal solution and satisfying 
constraints simultaneously. It is the major weakness of 
this method. 

  
Table 8. The genes of each experiment and an invalid offspring generated from two parent chromosomes C1 and 

C2 by using Taguchi method 

Experiment 
index 

Factors 
fitness 
f ηk A B C D E F G 

1 2 3 4 5 6 7 
1 1 2 3 4 5 6 7 9 81 
2 0 0 1 1 0 0 0 4 16 
3 0 0 1 0 0 0 0 8 64 
4 0 1 0 1 0 0 0 3 9 
5 0 1 0 0 0 0 0 7 49 
6 1 0 0 1 0 0 0 2 4 
7 1 0 0 0 0 0 0 NA* NA* 
8 1 1 1 1 0 0 0 9 81 

Ef1 1 1 1 0 0 0 0   
Ef2 170 150 178 194 

pass pass pass 
  

Optimal 
level 134 154 126 110   

Offspring 
chromosome 1 2 1 1 1, 2 0 0   

(NA*: means an invalid solution) 
 

b) GA method: Based on GA, the chromosomes C1: [0, 0, 
1, 1, 0] and C2: [1, 1, 0, 0, 0] may generate two off-
spring C1’: [0, 0, 1, 0, 0] and C2’: [1, 1, 0, 1, 0] by 
setting the cut-point between the 3rd and the 4th gene in 
the crossover operation. Then, the optimal solution [1, 1, 
0, 1, 0] (max cost = 10) is found (=C2’).  
From the above example, we can clearly realize that the 
HTGA may not to approaching the optimal solution and 
satisfying constraints simultaneously. Experimental 
results showed that the performances of HTGA are better 
than GA for problems with continuous variables, but 
worse than GA for problems with discrete variables and 
constraints. Combinatory optimization problems are very 

difficult to find the optimal solutions within reasonable 
time consumption. In the future, a new technique which 
may be similar to Taguchi method would be developed 
and incorporated into GA to solve the optimization 
problem with discrete variables and constraints 
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