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1 Introduction

Recently, computers have made rapid progress in hardware and software. Because of this background, when structures
such as cars and air plains, electric devices such as circuits and controllers and so on are designed, designers begin
to use computer simulations for their decision-makings. In this case, optimization techniques are often utilized.
However, especially in real world problems, there is not only one objective but also several objectives. Therefore,
multi-objective optimization problems should be solved. One of the goals of multi-objective optimization problems
may be to obtain a set of Pareto optimal solution. Since Pareto optimal set is an assemble of the solutions, genetic
algorithm, which is one of multi point search methods is suitable to derive the Pareto optimal set [4]. In this few years,
several new algorithms that can find good Pareto optimal solutions with small calculation cost are developed [3].
Those are NSGA-II [9], SPEA-II [23], and NPGA-II [10]. These algorithms treat Pareto optimum concept explicitly.

One of the disadvantages of these methods is a high calculation cost [18]. Performing GA on parallel computer
is one of the solutions of this problem. Evolutionary algorithms (EAs) are algorithms that have implicit parallelism
[17]. Therefore, algorithms of parallel EAs are very important. However, there are few studies that are related to
parallel algorithms of GAs for multi objective optimization problems (MOPs). In this paper, we propose a parallel
genetic algorithm for multi objective optimization problems. That is called ” Multi-Objective Genetic Algorithm
with Distributed Environment Scheme (MOGADES)”. This is an expanded algorithm of distributed GA (DGA)
and it also use the concept of environment DGA [11]. This algorithm is based on the algorithm that treat Pareto
optimum concept implicitly. To clarify the characteristics and the effectiveness of MOGADES, we apply MOGADES
to some test functions. Through the comparison of MOGADES to SPEA2 [23] and NSGA-II [9], the advantages and
disadvantages of MOGADES are made clarified.

Good Pareto-optimum solutions should have the following characteristics; Solutions should be close to the real
Pareto front, solutions should not be concentrated but widespread and solutions should have the optimum solutions
of every single objective function. In this paper, a new mechanism is added to multi-objective GAs. That is called
”Distributed Cooperation model of Multi-Objective Genetic Algorithm (DCMOGA)”. In DCMOGA, there are not
only individuals for searching Pareto optimum solutions but also individuals for searching a solution of one object.
Because of the mechanism of DCMOGA, the Pareto solutions that are wide spread are derived. DCMOGA are
applied to MOGA [5] and SPEA2. Through the numerical examples, the effectiveness of the proposed algorithm is
illustrated.

After illustrating MOGADES and DCMOGA, these two algorithms are combined. This hybrid algorithm is
called gDistributed Cooperation model of Multi-Objective Genetic Algorithm with Environmental Scheme (DCMO-
GADES)h. DCMOGADES is also applied to test functions and demonstrated its high searching ability,

Finally, in this chapter, MOGADES is applied to the real world problems. GA can be applied to several types of
problems and have robustness to find solutions. Therefore, it is considered that GA is suitable to find the solutions of
the real world problems. The multi-objective optimization problems of diesel engine emissions are dealt with in this
chapter. In this problem, the amount of NOx and Soot of engines are minimized and the fuel efficiency is maximized.

2 Genetic Algorithms for Multi-Objective Optimization Problems

2.1 Multi-Objective Optimization Problems

In optimization problems, when there are several objective functions, the problems are called Multi-objective Opti-
mization Problems (MOPs) [4]. Multi-objective optimization problems are formulated as follows,

{
minimize �f(�x) = (f1(�x), f2(�x), . . . , fk(�x))T

subject to the constraints gj(�x) ≤ 0, (j = 1, . . . , m)
(1)



Usually these objectives cannot minimize or maximize at the same time, since there is a trade-off relationship
between the objectives. Therefore, one of the goals of multi-objective optimization problem is to find a set of Pareto
optimal solutions.

Several algorithms were proposed for MOPs and they were applied to multi-objective optimization problems [4].
Recently, several good algorithms have been developed and most of them have the similar concept: The followings
mechanisms are items that the recent GA approaches have.

• Reservation mechanism of the excellent solutions

• Reflection to search solutions mechanism of the reserved excellent solutions

• Cut down (sharing) method of the reserved excellent solutions

• Assignment method of fitness function

• Unification mechanism of values of each objective

• Selection methods

Those algorithms are roughly divided into two categories; those are the algorithms that treat Pareto optimal
implicitly and explicitly. Most of multi-objective GAs treats Pareto optimal explicitly. Among those algorithms,
SPEA2 [23] and NSGA-II [9] have the powerful search mechanisms and derived the good results.

On the other hand, VEGA [15] is a traditional GA for multi-objective problems and this is an algorithm that
treats Pareto optimal implicitly. MOGLS [12] is also an algorithm that treats Pareto optimal implicitly. MOGLS has
several important mechanisms. It also has the Pareto archive where the Pareto solutions are reserved. Not only the
genetic search but also the local search is performed. The weights which are used when the objectives are combined
into one are varied randomly.

MOGADES which is proposed in this chapter is an algorithm based on the GA that treats Pareto optimal
implicitly.

2.2 Parallelization of Multi Objective Genetic Algorithms

Genetic algorithm (GA) is an optimization algorithm that mimics the process of evolution [5, 7]. Since GA is one
of multi point search methods, there are several types of parallel methods. Parallel genetic algorithms are roughly
classified into three categories; those are a master-slave population model, an island model, and a cellular model [2].

In an island model that is also called Distributed GA (DGA), a population is divided into sub populations. In
each island, a conventional GA is performed for several iterations. After that, some individuals are chosen and moved
to the other islands. This operation is called migration. After migration, GA operations are started again in each
island. Since the network traffic is not huge and each island has small number of individuals, an island model can
gain high parallel efficiency [2]. In a single-objective problem, it is reported that DGA can find a good solution with
the small calculation cost [14]. However, since the number of individuals is small in an island, DGA cannot find good
Pareto optimal solutions in multi-objective problems. Therefore, to find good solutions in an island model, some
mechanisms to find solutions should be included. In the former study, we developed an island model that is called a
Divided Range Multi Objective Genetic Algorithm (DRMOGA) [18]. This is an algorithm that treats Pareto optimal
explicitly. However, the searching ability of DRMOGA is not good compared to SPEA2 [23] and NSGA-II [9].

2.3 Environment Distributed Genetic Algorithms

Usually each island of DGAs is assigned to one processor of parallel computers [17]. Since the network cost is not
high in DGAs, the high parallel efficiency can be derived. It is also reported that DGAs can find optimum solution
with smaller calculation cost than that of simple GA. Therefore, DGAs have a lot of advantages.

Generally, every island has the same environment; population size, crossover rate, mutation rate and so on.
However, the environment can be different in each island. For example, when the crossover rate and mutation rate
are different in each island, the searching ability of DGA is increased. We named this DGA Environment Distributed
Genetic Algorithm (EDGA) [11]. This scheme can be applied to the other problems. In the following section,
the proposed algorithm, MOGADES, is explained. MOGADES is an algorithm where the EDGA is extended for
multi-objective optimization problems.

2.4 Evaluation methods

To compare the results derived by each algorithm, the following evaluation methods are used in this paper.



2.4.1 Ratio of Non-dominated Individuals (RNI)

This performance measure is obtained by comparing two solutions which are derived by two methods. RNI is derived
from the following steps. At first, two populations from different methods are mixed. Secondly, the solutions that
are non-dominated are chosen. Finally, RNI of each method is determined as the ratio of the number of the solutions
who are in chosen solutions and derived by the method and the total number of the solutions. By RNI, the accuracy
of the solutions can be compared.

Figure 1 shows an example of RNI. In this figure, method A and B are compared. This case suggests that A and
B are almost the same.

method B

method A

50 %

method A method B

A% B%

Figure 1: Example of RNI

2.4.2 Maximum, Minimum and Average values of each object of derived solutions (MMA)

To evaluate the derived solutions, not only the accuracy but also the expanse of the solutions is important. To
discuss the expanse of the solutions, the maximum, minimum and average values of each object are considered.

2.4.3 Cover Rate (CR)

Cover rate is the index for the coverage of the Pareto optimum individuals. It indicates the diversity of the solutions.
We derive the cover rate from the division space of objective domain. The division space is derived as follows; the
area between the maximum and the minimum values of each object functions is divided into the certain number N .
The number of the division spaces that have an individual is counted. Cover rate is the average of this number.
Therefore, the solution whose cover rate is close to 1.0 has the high diversity. In the next simulations, N = 50 was
used.

3 Multi-Objective Genetic Algorithm with Distributed Environment Scheme
(MOGADES)

3.1 Algorithm of MOGADES

In the former section, EDGA is explained. In this section, EDGA is extended for Multi-Objective optimization
problems. The proposed algorithm is called ”Multi-Objective Genetic Algorithm with Distributed Environment
Scheme (MOGADES)”.

A multi-objective optimization problem can be changed into a single objective optimization using weight param-
eters wi as follows,

min
x∈X

f(x) =
k∑

i=1

wifi(x) (2)

where wi ≥ 0,

k∑
i=1

wk = 1 (3)

To derive the Pareto optimal solutions, a lot of simulations with different weight parameters should be needed.
Because MOGADES is one of EDGAs, there are several islands and each island can have a different weight parameter.
This is the basic concept of MOGADES. At the same time, the search mechanisms of SPEA2 and NSGA-II are
included into MOGADES. The overall process of MOGADES is summarized as follows. In this case, the problem
that has two objects is explained. Each island has own weight value, an elite archive and a Pareto archive. The
weight value is used when the fitness value is derived. During the search, the solutions that have the best fitness
values are preserved in an elite archive. In the same way, the solutions that are non-dominated to the other solutions
are stored in a Pareto archive.



Step 1: Initialization: Generate new individuals. Those individuals are divided into islands P 0
i (i = 1, 2, . . .M).

Set the weight value wi of ith island. At first, the weight values are arranged equally from 0.0 to 1.0. For
example, when M = 5, the weights are 0, 0.25, 0.5, 0.75 and 1.0. In this time, the elite archive EA0

i and
Pareto archive PA0

i are empty. Set generation t = 0. Calculate the values of function 1, 2 and the fitness
value of each individual.

Step 2: Starting new generation: Set t = t + 1.
The Steps from 3 to 9 are performed in an island independently.

Step 3: Crossover and mutation: Perform crossover and mutation operations.

Step 4: Evaluation: Calculate the values of function 1 and 2. Normalize the values of functions by the maximum
value of each function. Calculate the fitness value of each individual. The fitness value is derived from
equation (3).

Step 5: Selection: Perform selection operation to P t
i .

Step 6: Terminal Check: When the terminal condition is satisfied, terminate the simulation. Otherwise, the simula-
tion is continued.

Step 7: Pareto Reservation: Choose the individuals of P t
i and PAt−1

i that are non-dominated and copy them into
PAt

i. When the number of PAt
i overcomes the maximum number of the Pareto archive, the sharing operation

is performed. The sharing method of MOGADES is carried out as follows. The individuals of P t
i are

sorted with along to the fitness value. Calculate the distance of the fitness value between the neighborhood
individuals. Truncate the individual who has the smallest distance.

Step 8: Elite Reservation: According to the fitness values, reserve the individuals who have good fitness values into
EAt

i.

Step 9: Renewal the search individuals: P t
i = P t−1

i + PAt
i + EAt

i.

Step 10: Migration: Choose some individuals and move to the other island. In MOGADES, migration topology is
fixed. When migration is performed, the weight value of the island is changed in the following equation,

wi(new) = wi+1

d(i+1,i)

d(i,i−1) + d(i+1,t)

+wi−1

d(i,i−1)

d(i,i−1) + d(i+1,i)

(4)

In this equation, wi is the weight value of ith island, d(i+1,i) the distance between the individuals who has
the best value in i + 1th island and ith island.

Step 11: Returne to Step 2.

weight distribution

weight adjustment

neighborhood migration

elite archive

pareto archive

populations

Figure 2: MOGADES

3.2 Numerical Examples

In this section, to discuss the effectiveness of MOGADES, MOGADES is applied to find Pareto optimal solutions of
test functions. The results are compared with those of SPEA-2 [23] and NSGA-II [9].



3.2.1 Test Functions

In this paper, we use a continuous function and a knapsack problem. These problems are explained as follows. In
these equations, f denotes an objective function and g(g ≥ 0) indicates a constraint.

KUR :

�����
����

min f1 =
�n

i=1(−10 exp

(−0.2
�

x2
i + x2

i+1))

min f2 =
�n

i=1(|xi|0.8 + 5 sin(xi)
3)

xi[−5, 5], i = 1, . . . , n, n = 100

KP750 − 2 :

��������
�������

min fi(x) =
�n

i=1 xi · pi,j

s.t.
g(x) =

�n
i=1 xiẇi,j ≤ Wj

pi,j(profit value)
wi,j(weight value)
1 ≤ j ≤ 2

KUR was used by Kursawa [6]. It has a multi-modal function in one component and pair-wise interactions among
the variables in the other component. Since there are 100 design variables, it needs a high calculation cost to derive
the solutions. KP750-2 is a 0/1 knapsack problem and it is a combinatorial problem [23, 24]. There are 750 items
and two objects. The profit and weight values are the same as those of the Reference [22].

3.2.2 Parameters of GAs

In this paper, to discuss the effectiveness of the algorithm, the bit coding is applied for all the problems. It is
known that the good results are derived when the real value coding is applied. Similarly, one point crossover and
bit flip are used for crossover and mutation. The length of the chromosome is 20 bit per one design variable for the
continuous problems and 750 bit for the knapsack problems. In the continuous problems, population size is 100 and
the simulation is terminated when the generation is over 250. In the knapsack problems, population size is 250 and
the simulation is terminated when the generation exceeds 2000.

3.2.3 KUR

In this problem, there are 100 design variables. Therefore, a lot of generations should be needed to derive the
solutions. The results of RNI and MMA are shown in figure 3.
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Figure 3: Results of KUR

In this case, RNI of MOGADES is superior to the other methods. Since MOGADES has islands who are searching
the edges of Pareto optimal solutions, it can derive the widespread solutions especially in difficult problems.

3.2.4 KP-2

KP-2 is the knapsack problem and it is very difficult to search the real Pareto optimal solutions. The results of RNI,
MMA and CR are shown in figure 4.

In this case, MOGADES obtained very good results. Because this problem is very difficult, the factor of MO-
GADES that can derive the widespread solutions acts effectively.
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Figure 4: Results of KP750

3.3 Conclusion of This Section

In this section a new algorithm of GA for multi-objective optimization problems is explained. The proposed algorithm
is called MOGADES.

Through the comparison of NSGA2 and SPEAII with test functions, MOGADES has the good searching ability.
Since MOGADES is based on distributed GAs, MOGADES is very suitable model for parallel computers.

4 Distributed Cooperation model of Multi-Objective Genetic Algorithm
(DCMOGA)

4.1 Algorithm of DCMOGA

In the good Pareto optimum solutions, optimum solutions of each objective should be included. In DCMOGA, there
are N + 1 islands when there are N objects. One of them is the group for finding the Pareto optimal solutions.
This group is called MOGA group. One of the other groups is the group for finding the optimum of ith objective
function. These groups are called SOGA groups. After some iterations, the solutions are exchanged between the
MOGA group and SOGA group for ith objective function. From MOGA group, the solutions whose value of ith
objective function is the best is sent to the SOGA group for ith objective function. From the SOGA group for ith
objective function, the best solution at that iteration is sent to the MOGA group. Like this way, the solutions are
derived with the cooperation of MOGA and SOGA groups.

Step 1: All of the individulas are initialized.

Step 2: These individuals are divided into n + 1 groups. n of them are SOGA groups and each group has own
objective function. One of them is a MOGA group that serches Pareto-optimum solutions.

Step 3: In each group, the solution search has been performed for several iterations.

Step 4: In every iteration, elite archive and Pareto archive are renewed.

Step 5: After the certain iterations, solutions are transformed between MOGA and SOGA groups. In this step, the
solution Mi whose value of ith objective function Fi is best in the MOGA group is chosen. The solution Mi

is sent to the group whose target objective function is ith objective function. On the other hand, the best
solution Si in the ith group of SOGA is sent to the MOGA group.



Step 6: The solutions Mi and Si are compared. When Si > Mi, some individuals of MOGA are added and SOGA
are decleased. When Si < Mi, some individuals of MOGA are decleased and SOGA are added.

Step 7: The terminal condition is checked. The condition is not satisfied, the process is back to step 3.

4.2 Numerical Examples

In this section, to discuss the effectiveness of DCMOGA, MOGA [5] and SPEA2 [23] are combined into DCMOGA.
Then DCMOGA is applied to solve a knapsack problem.

4.2.1 Test Functions

Knap sack problem is a discrete problem and it is very difficult to find a real Pareto front. In this paper, the
problem that has 750 items and 2 objectives is treated and it is called KP750-2. The equations are explained in the
section 3.2.1.

4.2.2 GA Parameters

To solve the test functions, bit coding is used for representing the individuals. 750 bit length is used for the knapsack
problem. In GA, two point crossover and bit flip mutation is applied. In the knapsack problem, there are 250
individuals and simulation is terminated when the number of evaluations is over 500000. All the results are the
average of 10 trials.

4.2.3 Results

The derived Pareto fronts are shown in figure 5 to 8 In these figures, DC/MOGAs means that MOGA is used in
DCMOGA. In the same way, DC/SPEA2 means that SPEA2 is combined into DCMOGA.

DC+MOGA

MOGA

Figure 5: Plot of Pareto Solutions (DC/MOGAs)
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Figure 6: RNI (DC/MOGAs)

DC/SPEA2

SPEA2

Figure 7: Plot of Pareto Solutions (DC/SPEA2)

There is the big difference between the solutions of DCMOGA where MOGA is implemented with MOGA and
MOGA itself. The solutions of MOGA are concentrated on one part. On the other hand, DCMOGA can find wide
spread solutions.
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Figure 8: RNI (DC/SPEA2)

When DCMOGA is combined with SPEA2, the solutions are also wide spread. However, the accuracy of the
solutions is lost. Therefore, RNI of DCMOGA is not good in the comparison with SPEA2. Even in this case, the real
accuracy is not so different. Thus, it is concluded that DCMOGA is efficient mechanism for GAs in multi-objective
problems.

4.3 Distributed Cooperation model of Multi-Objective Genetic Algorithm with Environmental Scheme
(DCMOGADES)

4.4 Flow of DCMOGADES

In the previous sections, two algorithms of GAs for MOP, MOGADES and DCMOGA, are explained. In this section,
two different algorithms, MOGADES and DCMOGA, are combined. The algorithm is called DCMOGADES.

DCMOGADES has the mechanism to find the Pareto optimal solutions that are close to the real Pareto front,
widespread, and the same as the solutions that maximize/minimize each objective. The following steps are the
procedures.

Step 1: There are m islands. These islands are divided into n+1 groups, since there are N objective functions. One
of the them is the group for finding the Pareto-optimum solutions. This group is MOGA group. One of the
other groups is the group for finding the optimum of ith objective function. These groups are called SOGA
groups.

Step 2: Initialize all of the individuals of islands.

Step 3: In MOGA group, the Pareto optimal solutions are searched by MOGADES. In SOGA groups, each optimum
solutions is searched by DGA.

Step 4: At every generation, the elite archive and Pareto archive are renewed in MOGA group. Elite archive are
renewed in SOGA groups.

Step 5: After some iterations, the individuals are chosen randomly and move to the other islands in every group.

Step 6: After some iterations, the solutions are exchanged between the MOGA group and SOGA group for ith
objective function. From MOGA group, the solutions whose value of ith objective function is the best is sent
to the SOGA group for ith objective function. This solution is Mi. From the SOGA group for ith objective
function, the best solution at that iteration is sent to the MOGA group. This solution is Si.

Step 7: Mi and Si are compared. When Mi ¿ Si, one of the islands of MOGA group is move to the SOGA group
for ith objective function. When Mi ¡ Si, one of the islands of the SOGA group for ith objective function is
move to the MOGA group.

Step 8: The terminal criterion is checked. If the criterion is not satisfied, the simulation returns to Step 3.

The concept of DCMOGADES is summarized in Figure.9.

4.5 Numerical Examples

In this section, to discuss the effectiveness of DCMOGA, DCMOGA is applied to test functions. The results are
compared with those of SPEA2 [SPEA2] and NSGA-II [NSGA2].

4.5.1 Test Functions

In this section, we use a knapsack problem for discrete problem and KUR for a continuous problem. The problems
are shown in the section 3.2.1.

4.5.2 GA Parameters

To solve the test functions, bit coding is used for representing the individuals. 750 bit length is used for the knapsack
problem and 20 bit length is used for each design variable of the KUR. In GA, two point crossover and bit flip
mutation is applied. In the knapsack problem, there are 250 individuals and simulation is terminated when the
number of evaluations is over 500000. In the KUR problem, there are 100 individuals and simulation is terminated
when the generation is over 1000. In the following section, the results of DCMOGADES are compared with those of
NSGA2 and SPEA2. All the results are the average of 10 trials.
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Figure 9: Distributed Cooperation model of Multi-Objective Genetic Algorithm with Environmental Scheme (DC-
MOGADES)

4.5.3 KP750-2

The derived Pareto fronts are shown in Figure 10. RNI of KP750-2 is shown in Figure 11.

Figure 10: KP750

From the results, the solution set of DCMOGADES is wide spreader than that of the other algorithms. In the
figure of RNI, DCMOGADES is superior to the MOGADES. From this result, the effectiveness of DCMOGA is
illustrated.

4.5.4 KUR

The derived Pareto fronts are shown in Figure 12. RNI of KUR is shown in Figure 13. In the KUR problem,
DCMOGADES and MOGADES derived the Pareto front whose solutions are widespread. On the other hand, the
solutions of SPEA2 and NSGAII are concentrated on around the center of the figure. From this result, in this problem,
MOGADES has higher searching ability compared to the SPEA2 and NSGAII. In the comparison of DCMOGADES
with MOGADES, the results of DCMOGADES are superior to MOGADES. Therefore, in this problem, the factor
of DCMOGA works well.

5 Multi-Objective Optimization of Diesel Engine Emissions and Fuel Economy by
MOGADES

5.1 Introduction

In this section, MOGADES is applied to real world problems. The multi-objective optimization problems of diesel
engine emissions are dealt with in this section.

Because of the merit of the durability and fuel efficiency, a diesel engine is loaded on from small to large vehi-
cles. However, with increasing environmental concerns and legislated emissions standards, current engine research is
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Table 1: Specifications of Diesele Engine
Bore 102.0 mm
Stroke 52.5 mm
Connecting Rod 165.0 mm
Compression Ratio 17.0
Cylinder Pressure 101.3 kPa
Number of Holes 4
Injector Hole Diameter 0.2 mm
Included Spray Angle 32 degrees
Start of fuel injection -5 degree
Amount of fuel 40.0 mg/st

focused on simultaneous reduction Soot and NOx while maintaining reasonable fuel economy. Especially, the com-
bustion improvement can be achieved by designing a good injection system and characteristics of spray combustion.
To develop the good injection system, the parameter search to determine the influence an organization performance
and an exhaust performance should be performed. However, when this parameter search is performed experimen-
tally, huge expense and huge time are needed. For this reason, optimization of the parameter by the simulation on
a computer is very useful.

When optimizing the parameter by the simulation, minimization of the fuel efficiency, the amount of nitrogen
oxide (NOx) discharge, and the amount of soot discharge have been made into the objective functions. However,
in the former researches [13, 16], these problems are treated as single objective problems. Since there are trade-off
relationship between the fuel efficiency, NOx and Soot, it is natural to treat these problems are treated as multi-
objective optimization problems.

In this research, minimization of fuel efficient, the amount of NOx discharge, and the amount of soot discharge
are simultaneously performed by using the concept of multiple-purpose optimization. Then, it is shown that multi-
objective optimization is very useful in real world problems. At the same time, it is also described that MOGADES
can find reasonable solutions in the problems of diesel engine emission.

5.2 Diesel Engine Combustion Models

The process of the combustion of diesel engine is very complicated. At the same time, there are a lot of requirement
items for the models such as prediction of heat generation rate, prediction of exhaust ingredients, heat distribution,
density distribution, and so on. Thus, it is almost impossible to build the model of diesel combustion with numerical
expressions. On the other hand, several types of the models of diesel combustion have been proposed [1, 8, 21, 19, 20].
Those are roughly divided into three categories.

• Thermodynamic Model: This model only predicts the heat generation ratio.

• Phenomenological Model: In this model, the prediction of equation which is derived by the experience is used.

• Detailed Multidimensional Model: This model predicts several items by solving differential equations with
small time steps.

In this section, the HIDECS code [8] was used for a diesel engine simulation. HIDECS is based on the phe-
nomenological model.

By the detailed multidimensional model [1], the heat and density distribution of the engine is predicted. However,
it takes a huge computational time to derive the value of the fuel efficiency, the amount of NOx and Soot. This is the
very big disadvantage for solving optimization problems by GAs. On the other hand, the phenomenological model is
suitable for the optimization by GAs. The phenomenological model does not need a high calculation cost but derive
the values of the fuel efficiency, the amount of NOx and Soot with the high accuracy.

HIDECS can deal with several types of diesel engines. In this simulation, the specifications of the target diesel
engine is summarized in Table 1.

In diesel engines, connecting rod is rotating in the cylinder. In HIDECS, these rotations are expressed as con-
necting rod angle from -180 to 180 degree in a stroke. When the connecting rod angle is equal 0, a piston is located
in the highest place.

In this engine used in a simulation, fuel injection starts at -5.0 degree and the injection is lasted for 32 degrees.
The total amount of fuel injection is constant, but the shape of the fuel injection can be changed. This shape of

the fuel injection is a design variable, in this simulation.



HIDECS can derive several characteristics of engines. In this simulation, SFC, the amount of NOx and the
amount of Soot are focused. SFC is specific fuel consumption (SFC) and it indicates the fuel efficiency. The smaller
value of SFC means the better fuel efficiency.

5.3 System Construction

The overview of the system is written in Figure 14.

MOGADES

wrapper

HIDECS

input

file

output

file

optimizer analyzer

Figure 14: Construction of Optimization System

In Figure 14, MOGADES is used as an optimizer and HIDECS is used as an analyzer. Between the optimizer and
analyzer, text files are exchanged. Therefore, basically several types of GAs and analyzers are used in this system.

In this simulation, the amount of SFC, the amount of NOx and the amount of Soot are the objectives. The
split injection rate-shape is a design variable. In this simulation, the total amount of fuel injection, the start of the
injection and the duration of the injection are fixed. On the other hand, the injection rate is variable. The shape of
the injection rate can be defined as follows. The duration of the injection is divided into 6 blocks. Each block has its
own width and height. When these widths and heights are determined, the shape of the injection rate is determined.
Therefore, MOGADES decides these values.
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Figure 15: Coding Method

In Figure 15, the concept of coding method is summarized. There are 12 variables (6 blocks have their widths
and heights). These are real values and coded into 8 bits by gray coding.

Because the amount of the fuel and the duration of injection are fixed, the total area of 6 blocks is also fixed.

5.4 GA parameters

In these simulations, the following parameters are used. The length of the chromosome is 8 bit per one design variable.
Therefore, the total length of the chromosome is 96. The population size is 100 and the number of subpopulation
is 10. The crossover rate and mutation rate are 1.0 and 1/96 respectively. At the same time, migration rate and
migration interval are 0.4 and 10 respectively. We use two point crossover and tournament selection. The simulation
is terminated when the generation is over 100.

5.5 Results

In Figrue 16, the derived Pareto solutions are plotted. In the figure, all the plotted solutions are dominant and there
are no non-dominant solutions that are derived during search.

In Figure 17, the derived solutions are projected on SFC-NOx, SFC-Soot and NOx-Soot surface respectively.
From these figures, it is found that the Pareto solutions are derived.
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Figure 16: Pareto Optimum Solution (3D)
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Figure 17: Pareto Optimum Solution (2D)



In Figure 18, the solutions who has the best value of each objective function are illustrated.
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Figure 18: Solutions which have the minimum value of each objective function

From Figure 18, the following topics are the made clear.

• It is confirmed that there are trade-off relationships between NOx and SFC, Soot and SFC, and NOx and
SOOT.

• In the solution who has the best value of SFC, all of the fuel are evaporated at once in the beginning of the
injection.

• In the solution who has the best value of NOx, some of the fuel are evaporated at the beginning and the rest
of them are evaporated at the end of the injection. This double step injection is useful to reduce the amount
of NOx. It is known as a pilot projection.

From these results, the following advantages of GAs for multi-objective optimization problems are confirmed.

• GAs can find the Pareto-optimum solutions with one trial. In a single objective optimization problem, GAs
need the high calculation cost compared to gradient search methods. On the other hand, in a multi-objective
optimization problem, gradient search methods also need many iterations to find the Pareto optimum solutions.
GAs are very easy to apply several types of problems. At the same time, GAs have the robustness in finding
the optimum solution in global area. Thus, GAs are very useful tools to find Pareto-optimum solution.

• Usually, a multi-objective problem is turned into a single objective problems by setting an evaluation function,
when the solutions are derived by gradient search method. However, it is very difficult to set up this evaluation
function. This evaluation function affects the results. On the other hand, GAs can find the Pareto optimum
solutions without setting this excess evaluation function.

• In the results of this section, the solutions that minimize each objective are totally different, since there are
trade-off relations between the objective functions. Especially in the early stage of design, designers do not
know the relationship between the objectives. Therefore, it is very useful for designers to show the Pareto
optimum solutions. Designers can find solutions with their preferences.

• Even when the problems are in the bottom stage of design and designers know the relationship between the
objective functions, it is useful to derive the solutions by GAs. To solve the problem, the designers have to
define the objective function and the constraints. At the same time, they define the values of the constraints.
Usually, the solutions are on the constraints. Therefore, the designers should be careful for deciding the value of
the constraints. When the designers set these constraints as objective functions, they can find several solutions
around the constraints. Therefore, the information of the Pareto solutions is useful for the designers.

5.6 Summary of This Section

In this section, MOGADES is applied to optimization problems of diesel engine emissions. In this simulation,
the amount of SFC, NOx and Soot are minimized by changing the rate of fuel injection. Since there is trade-off
relationship between SFC, NOx and Soot, this problem becomes multi-objective optimization problem. By this
simulation, MOGADES can successfully derive the Pareto Solutions. From this simulation, it is concluded that
MOGADES can derive the good solutions in the real world problem and GAs are very powerful tools for multi-
objective optimization problems in the real world problems.



6 Conclusion

In this chapter, a new GA for multi-objective optimization problems is illustrated. That is called ”Multi-Objective
Genetic Algorithm with Distributed Environment Scheme (MOGADES)”. MOGADES is based on the algorithm
that treat Pareto optimality implicity. However, MOGADES includes some mechanisms of recent methods which
are based on the algorithm that treat Pareto optimality explicity, such as NSGA 2 or SPEA II.

In this chaper, another mechanism of GA for multi-objective optimization problems is introduced. That is called
”Distributed Cooperation model of Multi-Objective Genetic Algorithm (DCMOGA)”. DCMOGA searches not only
Pareto solutions but also the solutions that make minimize/ maximmize of each objective function. Using DCMOGA,
the widespread Pareto solutions can be derived.

Finally, MOGADES is applied to optimization problems of diesel engine emissions.From this simulation, it is
described that MOGADES can derive the good solutions in the real world problem and GAs are very powerful tools
for multi-objective optimization problems in the real world problems.
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