
Diesel Engine Design using Multi-Objective Genetic Algorithm

Tomoyuki Hiroyasu,Doshisha University

February 26, 2004

1 Introduction

In this study, a system to perform a parameter search
of heavy-duty diesel engines is proposed. Recently,
it has become essential to use design methodolo-
gies including computer simulations for diesel engines
that have small amounts of NOx and SOOT while
maintaining reasonable fuel economy. For this pur-
pose, multi-objective optimization techniques should
be used. Multi-objective optimization problems have
several types of objectives and they should be mini-
mized or maximized at the same time. There is often
a trade-off relationship between objects and deriva-
tion of the Pareto optimum solutions that express
the relationship between the objects is one of the
goals in this case. The proposed system consists
of a multi-objective genetic algorithm (MOGA) and
phenomenological model. MOGA has strong search
capability for Pareto optimum solutions. However,
MOGA requires a large number of iterations. There-
fore, for MOGA, a diesel combustion simulator that
can express combustion precisely with small calcu-
lation cost is essential. Phenomenological models
can simulate diesel engine combustions precisely with
small calculation cost. Therefore, phenomenologi-
cal models are suitable for MOGA. In the optimiza-
tion simulations, fuel injection shape, boost pressure,
EGR rate, start angle of injection, duration angle
of injection, and swirl ration were chosen as design
variables. The values of these design variables were
optimized to reduce SFC, NOx, and SOOT. Through
the optimization simulations, the following five points
were made clarified. First, the proposed system can
find the Pareto optimum solutions successfully. Sec-
ond, MOGAs are very effective to derive the solu-
tions. Third, phenomenological models are very suit-

able for MOGAs, as they can perform precise simula-
tions with small calculation cost. Fourth, multi-pulse
injection shape can affect the amounts of SFC, NOx,
and SOOT. Finally, parameter optimization is essen-
tial for in diesel engine design.

2 Background

The system proposed here consists of a simulator and
optimizer.

The optimizer is a module that determines the next
searching point. In this study, a multi-objective ge-
netic algorithm (MOGA) was used as an optimizer.
For the implementation of MOGA, Neighborhood
Cultivation Genetic Algorithm (NCGA)[5, 22] was
utilized. NCGA is a multi-objective genetic algo-
rithm with a high capacity to find optimum solutions.

There are several types of the models of diesel com-
bustion [7] and these can be used as an analyzers.
These models can be roughly divided into three cat-
egories: thermodynamic models, phenomenological
models and detailed multidimensional models. The
thermodynamic model only predicts the heat release
rate and the calculation cost is too high to use de-
tailed multi-dimensional models.

Parameter searches performed by GAs require a
large number of analyzer calls. Therefore, a model
with small calculation cost and that can perform pre-
cise simulations is required. In this study, the phe-
nomenological model was chosen as an analyzer. As
response equations are determined by the data de-
rived by experiment, calculation costs are very small
and it can be used to simulate combustion precisely.

This section briefly explains the phenomenological
model, HIDECS, multi-optimization problems, ge-
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netic algorithms for MOPs, and NCGA.

2.1 Genetic Algorithms for MOPs
and NCGA

The Genetic Algorithms are algorithms that simulate
heredity and evolution of living organisms[1]. As GAs
are multi-point search methods, an optimum solution
can be determined even when the landscape of the ob-
jective function is multi modal. Moreover, the GAs
can be applied to problems whose search space is dis-
crete. Therefore, the GA are one of very powerful op-
timization tools and are very easy to use. Originally,
GAs were developed for single-objective problems.
However, since GAs are multi-point search methods
and a Pareto optimum set consist of many solutions,
these algorithms are very suitable for finding a Pareto
optimum set. Thus, many researchers are working on
the multi-objective GAs and there are many such al-
gorithms have been reported to date [17, 18]. These
multi-objective GAs can be roughly divided into two
categories; i.e., algorithms that treat the Pareto op-
timum solution implicitly or explicitly. Most of the
newest methods treat the Pareto optimum solution
explicitly. Typical algorithms are SPEA2[19] and
NSGA-II[20].

NCGA is an extension of GAs for MOPs. NCGA
has a neighborhood crossover mechanism in addition
to the mechanisms common to other typical MOGAs
have such as SPEA2[19] and NSGA-II[20]. In GAs,
exploration and exploitation are very important for
the search. By exploration, an optimum solution can
be found around the elite solution. By exploitation,
an optimum solution can be found in a global area. In
NCGA, the exploitation factor of the crossover is re-
inforced. In the crossover operation of NCGA, a pair
of individuals for crossover is not chosen randomly,
but individuals that are close to each other are cho-
sen. As a result of this operation, child individuals
that are generated after the crossover may be close to
the parent individuals. This mechanism is expected
to result in a precise exploitation is expected.

The following steps demonstrate the overall flow of

NCGA where

Pt : search population at generation
At : archive at generation .

Step 1: Initialization: Generate an initial population
P0. Population size is N . Set t = 0. Calcu-
late fitness values of the initial individuals in P0.
Copy P0 into A0. Archive size is also N .

Step 2: Start new generation: set t = t + 1.
Step 3: Generate new search population: Pt = At−1.
Step 4: Sorting: Individuals of Pt are sorted accord-

ing to the values of the focused objective. The
focused objective is changed at every generation.
For example, when there are three objectives,
the first objective is the focus in the first gener-
ation and the third objective is the focus in the
third generation. The first objective is again the
focus in the fourth generation.

Step 5: Grouping: Pt is divided into groups consist-
ing of two individuals. These two individuals are
chosen from the top to the bottom of the sorted
individuals.

Step 6: Crossover and Mutation: In a group,
crossover and mutation operations are per-
formed. From two parent individuals, two child
individuals are generated. Here, parent individ-
uals are eliminated.

Step 7: Evaluation: All of the objectives of individ-
uals are derived.

Step 8: Assembling: All the individuals are assem-
bled into one group and this becomes the new
Pt.

Step 9: Renewing archives: Assemble Pt and At−1

together. The N individuals are chosen from 2N
individuals. To reduce the number of individu-
als, the same operation of SPEA2 (Environment
Selection) is performed. In NCGA, this environ-
ment selection is applied as a selection operation.

Step 10: Termination: Check the terminal condition.
If it is satisfied, the simulation is terminated. If
not, the simulation returns to Step 2.

In NCGA, most of the genetic operations are per-
formed in a group consisting of two individuals.

The following features of NCGA are the differences
between SPEA2 and NSGA-II.
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1 ] NCGA has a neighborhood crossover mecha-
nism.

2 ] NCGA has only environment selection and does
not have mating selection.

3 Proposed System

An overview of the system is illustrated in Figure 1.

Figure 1: System construction

In Figure 1, the NCGA is used as an optimizer
and the HIDECS is used as an analyzer. Text files
are exchanged between the optimizer and analyzer.
Therefore, several types of the GAs and analyzers
can be used in this system.

The NCGA is a multi-point search method. There-
fore, several searching points are evaluated at the
same time. For this reason, this system is very suit-
able for parallel processing. The system is imple-
mented as a master-slave model and performed on
PC cluster system.

4 Target Engines

In this study, our HIDECS-NCGA system was ap-
plied to the design of a heavy-duty diesel engine. As
mentioned in the Introduction, Reitz et al. carried
out GA optimization of diesel engine parameters as
described in reference [2]. It would be very interest-
ing to use the same engine as in their study, but with

application of a different GA methodology. There-
fore, our investigation on treating the diesel engine
design as a multi-objective problem is based on the
same engine as theirs.

4.1 Caterpillar 3400 series

The target engine is a single-cylinder version of the
Caterpillar 3400 series truck engine. The baseline
engine operation condition used was the same as that
described in reference [2]. The specification of this
engine is summarized in Table 1.

Table 1: Specification of Caterpillar 3400 Series
Bore (m) 0.1372
Stroke (m) 0.08255
Connecting Rod (m) 0.24
Bowl Diameter (m) 0.06
Compress Ratio 15.6
Nozzle Number 6
Nozzle Diameter (m) 0.000214
Displacement (l) 2.44

In this study, design began from the baseline, the
specification of which is summarized in Table 2.

Table 2: Operation conditions of the baseline case
Engine Speed (rpm) 1737
Load (% of Maximum) 57
Start of Injection (ATDC) 3.5
Injection Duration (CA) 20.5
Fuel Rate (kg/hr) 6.97
Intake Temperature (Co) 32
Intake Pressure (kPa) 184
Exhaust Pressure (kPa) 181
EGR rate 0%

HIDECS was applied to simulate this engine. The
calculated and the measured in-cylinder pressure
traces are compared in Figure 2 and show good agree-
ments.
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Figure 2: Cylinder pressure of the baseline design

5 Optimization Simulations

In this study, three optimization simulations were
performed.

The design condition of the first simulation was
similar to that described in reference [2] and the sec-
ond was similar to that in [3]. In references [2] and
[3], the optimizations were performed through the
several steps but in this study optimization was per-
formed in only one step. The ranges of design vari-
ables in these previous studies were different in each
step. The range of design variables of the simulations
in this study included the ranges described in these
references. Therefore, the results of our method can
be compared those in these references. In these sim-
ulations, the target engine was the caterpillar engine.
Two-pulse injection was applied in these simulations.
In the third simulation, the caterpillar engine was
also targeted. However, a three-pulse injection was
applied in this case.

5.1 Optimization Simulation 1

5.1.1 Simulation Setup and Design Condi-
tion

This simulation was performed with regard to a
Caterpillar 3400 series Engine as described above.
The baseline condition is shown in Table 2. For this
engine, fuel injection shape, boost pressure, and EGR

were chosen as design variables. The objective func-
tions were the amounts of SFC, NOx, and SOOT. We
attempted to minimize these values at the same time.
In this simulation, two-pulse injection was performed.
To express fuel injection shape, duration angle, dwell
between injections, and percentage of fuel in the first
pulse were used. This is shown in Figure 4.

Figure 4: Description of two-pulse injection shape

In this simulation, dwell between injections and
percentage of fuel in the first pulse were used as de-
sign variables. This design setting was the same as
in reference [2]. Therefore, there were four types of
design variables.

In HIDECS, the simulation was performed in every
0.5 crank angle. As injection duration was 20.5 in
Simulation 1, there were 41 steps. Each step had
an injection rate ri and the total injection rate was
100%.

The minimum and maximum values of each design
variable are described in Table 3. In GA, the value of
each design variable is converted to a bit string. For
each design variable, the number of bits shown in this
table was used for discretization between minimum
and maximum values. For NCGA, 24 bits were used
for to express the total design variables.

The GA parameters used are summarized in Table
4. These are the basic parameters for GAs. Popula-
tion size is equivalent to the number of search points.
The simulation was terminated after the generation
reached 100. In GA, a generation indicates a step of
the optimization search.
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Figure 3: Pareto Optimum Solutions (Simulation 1)

Table 3: Range of design variables (Simulation 1)
Item Min Max bit for GA
Dwell between
injections (angle) 0 12 7
Percentage of
first pulse (%) 50 84 7
Boost Pressure
(kg/cm2) 1.62 1.83 5
EGR rate 0.0 0.50 5

5.1.2 Results

Figure 3 shows the derived Pareto optimum solutions.
In this figure, the solutions are illustrated in three-
object space. At the same time, solutions are pro-
jected on the surface of two objectives.

In these figures, point B indicates the baseline de-

Table 4: GA parameters (Simulation 1)
Population Size 200
Crossover Rate 1.0
Mutation Rate 1/bit length
Terminal Generation 100
Runs 2

sign. Point A is the optimum solution that was de-
rived in reference [2]. In this previous study, the op-
timum solution was derived by the surface method.

From these figures, it is obvious that there are
trade-off relationships between SFC and NOx or Soot
and SFC. On the other hand, there is a linear re-
lationship between SFC and SOOT. The base line
design is far from the Pareto optimum solution. At
the same time, point A is one of the Pareto opti-
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mum solutions. Therefore, the value of NOx of A
is very small. However, the values of SFC and Soot
are not so good. As the solutions that have good
values of NOx are weak Pareto optimum solutions in
this case, the values of SFC are almost the same. In
reference [2], this solution was derived from the ob-
jective function that was integrated from three objec-
tive functions using weight parameters. The results
described in this paper indicate that determination
of these weight parameters is very difficult. In refer-
ence [2], the optimum solution was derived thorough
several steps. On the other hand, the Pareto opti-
mum solutions are derived at once in this simulation.
GAs have strong search capability to find Pareto op-
timum solutions. However, GAs require many iter-
ations. The phenomenological model is a simulator
that does not need a high calculation cost. Thus,
by using a phenomenological model, GA can perform
several iterations.

Figures 5, 6, and 7 illustrate fuel injection shapes
that provide minimum values of SFC, SOOT, and
NOx are illustrated.

Figure 5: Injection Shape that gives minimum SFC
(Simulation 1)

the results shown in Figure 5 indicate that most
of the fuel should be injected at the first part to de-
rive the minimum SFC. This is the same for the case
where SOOT is minimized. To derive the minimum
NOx, a uniform rate of fuel should be injected during
the injection duration.

Figure 6: Injection Shape that gives minimum NOx
(Simulation 1)

In this way, several types of solutions can be de-
rived at the same time by solving multi-objective op-
timization problems. This information is very useful
for diesel engine designers.

5.1.3 Calculation Time

This simulation was performed on a PC cluster, the
specification of which is shown in Table 5.

Table 5: Spec of PC Cluster
Number of CPUs 64
CPU type Pentium III 933 MHz
OS RedHat Linux 7.1

The total execution time to derive the Pareto op-
timum solution was 6602 [s] and each HIDECS call
took 13.91 [s]. This calculation time was very small
compared to other diesel engine combustion simu-
lators. This is a strong characteristic of the phe-
nomenological model and this feature is fit to GAs.

6 Conclusions

In this study, the multi-objective genetic algorithm
(MOGA) and phenomenological model were applied
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Figure 7: Injection Shape that gives minimum SOOT
(Simulation 1)

for parameter searching of diesel engine combustion
problems.

The proposed system was applied to heavy-duty
diesel engine design. Through the simulations, the
following points were made clarified.

- NCGA , which is one of the MOGAs derived the
Pareto optimum solutions successfully. Users can de-
rive the information of the relationship between the
objective functions from the derived Pareto optimum
solutions. This information is very useful for diesel
engine designers. For example, there is a trade-off
relationship between SFC and NOx. On the other
hand, the relation between SFC and SOOT is linear.
As the sensitivities with respect to each objective are
derived, even when designers know that a trade-off
relationship exists between the objectives, it is pos-
sible to choose an appropriate design candidate from
the Pareto optimum solutions.

- Derivation of the Pareto optimum solutions by
GAs requires a large number of calculation iterations.
Therefore, diesel engine combustion simulators must
describe combustion phenomena with small calcula-
tion cost. HIDECS, which is an implementation of
the phenomenological model, can simulate diesel en-
gine combustion precisely. At the same time, the
calculation cost of HIDECS is very small compared
to the other methods. This feature is suitable for
parameter searching by GAs.

- Two- and three-pulse injection shapes were ap-
plied in the simulations. Boost pressure, start and
duration angle of injection, EGR, and swirl ratio were
also chosen as design variables. With increases in the
number of design variables, the search space becomes
larger. This indicates that users can obtain a large
design space with a higher number of design variables.
On the other hand, it incurs a high calculation cost.
NCGA with HIDECS can be used to treat these de-
sign variables in the simulations.

References

[1] Goldberg, D. E., ”Genetic Algorithms in search,
optimization and machine learning.” Addison-
Wesly, 1989.

[2] Montgomery, D. T. and Reitz, R. D., ”Optimiza-
tion of Heavy-Duty Diesel Engine Operating Pa-
rameters Using A Response Surface Method”,
SAE Paper 2000-01-1962, 2000.

[3] Senecal, P.K. and Reitz, R. D., ”Simultane-
ous Reduction of Diesel Engine Emissions and
Fuel Consumption using Genetic Algorithms
and Multi-Dimensional Spray and Combustion
Modeling”, SAE Paper 2000-01-1890, 2000.

[4] Yun, H. and Reitz, R. D., ”An Experimnetal
Study on Emissions Optimization Using Micro-
Genetic Algorithms in a HSDL Diesel Engine”,
SAE Paper 2003-01-0347, 2003.

[5] Hiroyasu, T., Miki, M., Kamiura, J., Watanabe,
S. and Hiroyasu, H., ”Multi-Objective Optimiza-
tion of Diesel Engine Emissions and Fuel Econ-
omy Using Genetic Algorithms and Phenomeno-
logical Model”, SAE paper 2002-01-2778, 2002.

[6] Hiroyasu, H., Miao, H., Hiroyasu, T., Miki, M,
Kamiura J. and Watanabe, S., ”Genetic Algo-
rithms Optimization of Diesel Engine Emissions
and Fuel Efficiency with Air Swirl, EGR, Injec-
tion Timing and Multiple Injections”, SAE pa-
per 2003-01-1853, 2003.

7



[7] Hiroyasu, H., ”Diesel Engine Combustion and
its Modeling”, International Symposium on Di-
agnostics and Modeling of Combustion in Recip-
rocating Engines. Pp.53-75, 1985.

[8] Hiroyasu, H. and Kadota, T., ”Models for Com-
bustion and Formation of Nitric Oxide and Soot
in Direct Injection Diesel Engines”, SAE Paper
760129, 1976.

[9] Hiroyasu, H., Kadota, T. and Arai, M., ”Devel-
opment and Use of a Spray Combustion Mod-
eling to Predict Diesel Engine Efficiency and
Pollutant Emissions (Part 1, Combustion Mod-
eling), Bulletin of the JSME, Vol.26, No.214,
April, 1983.

[10] Hiroyasu, H., Kadota, T. and Arai, M., ”Devel-
opment and Use of a Spray Combustion Model-
ing to Predict Diesel Engine Efficiency and Pol-
lutant Emissions (Part 2, Computational Pro-
cedure and Parametric Study), Bulletin of the
JSME, Vol.26, No.214, April, 1983.

[11] Kuo, T. W., ”Evaluation of a Phenomenolog-
ical Spray-Combustion Model for Two Open-
Chamber Diesel Engines”, SAE Paper 872057,
1987.

[12] Nishida, K. and Hiroyasu, H., ”Simplified Three-
Dimensional Modeling of Mixture Formation
and Combustion in a D.I. Diesel Engine”, SAE
Paper 890269, 1989.

[13] Yoshizaki, T.Ishida, K. and Hiroyasu, H. ”Ap-
proach to Low NOx and Smoke Emission En-
gines by Using Phenomenological Simulation”,
SAE Paper 930612, 1993.

[14] Imanishi, H. Yoshizaki, T and Hiroyasu, H.,
”Simulation Study of Effects of Injection Rate
Profile and Air Entrainment Characteristics on
D.I. Diesel Engine”, SAE Paper 962059, 1996.

[15] Steuer, R. E., ”Multiple Criteria Optimization:
Theory, Computation, and Application”, Wiley,
New York, 1986.

[16] Ringuest, J. L., ”Multiobjective Optimization:
Behavioral and Computational Considerations”,
Kluwer, Boston, 1992.

[17] Cantu-Paz, E., ”A survey of parallel genetic al-
gorithms.”, Calculateurs Paralleles, 10(2), 1998.

[18] Coello, C. A.,” Handling preferences in evolu-
tionary multiobjective optimization: A survey.”,
In 2000 Congress on Evolutionary Computation,
volume 1, pages 30–37, 2000.

[19] Zitzler, E., Laumanns, M. and Thiele., L.
”Spea2: Improving the performance of the
strength Pareto evolutionary algorithm.”, In
Technical Report 103, Computer Engineering
and Communication Networks Lab (TIK), Swiss
Federal Institute of Technology (ETH) Zurich,
2001.

[20] Pratab, A., Deb, K., Agrawal, S. and Meyari-
van, T., ”A fast elitist non-dominated sorting ge-
netic algorithm for multi-objective optimization:
NSGA-II.”, In KanGAL report 200001, Indian
Institute of Technology, Kanpur, India, 2000.

[21] Fonseca. C.M, and Fleming, P. J., ”An Overview
of Evolutionary Algorithms in Multiobjecctive
Optimization”, Evolutionary Computation, Vol.
3, No. 1, pp. 1-16, 1995.

[22] Watanabe, S., Hiroyasu, T., and Miki, M.,
”Multi-Objective Rectangular Packing Problem
and Its Applications”,Proceedings of Second In-
ternational Conference on Evolutionary Multi-
Criterion Optimization (EMO’ 03), pp.565-
577,2003.

8


