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ABSTRACT

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 methodologies including
computer simulations for diesel engines that have small
amounts of NOx and SOOT while maintaining reason-
able fuel economy. For this purpose, multi-objective op-
timization techniques should be used. Multi-objective op-
timization problems have several types of objectives and
they should be minimized or maximized at the same time.
There is often a trade-off relationship between objects and
derivation 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 phenomenologi-
cal model. MOGA has strong search capability for Pareto
optimum solutions. However, MOGA requires a large
number of iterations. Therefore, for MOGA, a diesel com-
bustion simulator that can express combustion precisely
with small calculation cost is essential. Phenomenological
models can simulate diesel engine combustions precisely
with small calculation cost. Therefore, phenomenological
models are suitable for MOGA. In the optimization sim-
ulations, 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. Second, MOGAs are very effective to derive
the solutions. Third, phenomenological models are very
suitable for MOGAs, as they can perform precise simula-
tions with small calculation cost. Fourth, multi-pulse in-
jection shape can affect the amounts of SFC, NOx, and
SOOT. Finally, parameter optimization is essential for in

diesel engine design.

INTRODUCTION

Diesel engines have considerable advantages with re-
spect to engine power, fuel economy and durability. They
are widely applied in transport and ship propulsion and
in off-road applications, such as mining, construction and
agriculture. To meet increasing environmental concerns
and more stringent emission regulations, current research
is aimed at the reduction of soot and nitric oxide (NOx)
emissions, while maintaining reasonable fuel economy.

There are several techniques to design diesel engines
that have small amounts of NOx and Soot while maintain-
ing fuel efficiency, i.e., multiple injection, exhaust gas re-
circulation (EGR) and boost pressure. However, carrying
out parameter studies through experiments to find the op-
timum parameters is both expensive and time-consuming.
For this reason, the optimization of parameters with the
aid of computer simulation is very useful for design pur-
poses. There have been a number of attempts to solve
the optimization problems related to diesel engines. To
perform engine design optimization by simulation, an op-
timizer (which determines the next searching point) and
an analyzer (which evaluates the searching points) are
needed.

There is currently a great deal of emphasis on Genetic
Algorithms (GAs) as optimization methods. GAs are al-
gorithms that simulate the heredity and evolution of living
creatures[1]. At the same time, GAs are probabilistic and
multi-point searching methods. Therefore, GAs can be
applied not only to continuous functions but also to dis-
crete functions. In designing diesel engines, normal com-
bustion cannot be performed in some parts of the design
field. Thus, it is difficult to perform parameter searches
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with conventional methods, such as gradient methods. On
the other hand, GAs can be applied even in this situation.
Therefore, GAs are suitable for parameter searching in the
design of diesel engines.

The University of Wisconsin group has researched op-
timization of diesel engine parameters. Montgomery
and Reitz used the response surface method for
optimization[2]. In references [3] and [4], GAs are uti-
lized. Many cases are treated as single objective prob-
lems. However, there are several points that should be
optimized for the design of designing diesel engines: i.3.,
SFC, NOx, SOOT, etc.

In this case, these several points are integrated into one
object. Then, a single objective optimization method can
be applied to solve the problem. However, it is very dif-
ficult to integrate these points into one. In our previous
studies, we noted that it is better to treat these problems
as multi-objective optimization problems[5, 6], in which
several objectives are optimized at the same time. Neigh-
borhood Cultivation GA (NCGA) and HIDECS are useful
implementations for multi-objective optimization.

The present study was performed to investigate methods
of designing heavy-duty diesel engines. For these en-
gines, the following topics are discussed. First, param-
eter optimization and multiple fuel injections are essen-
tial for designing diesel engines. Second, as a result of
this, multi-objective optimization is more useful than single
objective optimization. Third, GAs are effective for multi-
objective optimization problems. Fourth, the phenomeno-
logical model is effective in optimization using GAs. Fi-
nally, the optimum results for heavy duty diesel engines
are discussed.

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 genetic
algorithm (MOGA) was used as an optimizer. For the
implementation of MOGA, Neighborhood Cultivation Ge-
netic Algorithm (NCGA)[5, 22] was utilized. NCGA is a
multi-objective genetic algorithm with a high capacity to
find optimum solutions.

There are several types of the models of diesel combus-
tion [7] and these can be used as an analyzers. These
models can be roughly divided into three categories:
thermodynamic models, phenomenological models and
detailed multidimensional models. The thermodynamic
model only predicts the heat release rate and the calcu-
lation cost is too high to use detailed 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 precise simulations
is required. In this study, the phenomenological model
was chosen as an analyzer. As response equations are
determined by the data derived by experiment, calcula-
tion costs are very small and it can be used to simulate
combustion precisely.

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

PHENOMENOLOGICAL MODEL AND HIDECS In the
past 30 year, the most sophisticated phenomenological
spray-combustion model, HIDECS has shown great po-
tential as a predictive tool for both performance and emis-
sions in a wide range of direct injection diesel engines. It
was originally developed at the University of Hiroshima
and was recently named ’HIDECS’. A detailed discus-
sion of this model, and the examples of its successful
applications are given in the appendix and references
[8, 9, 10, 11, 12, 13, 14]. Only a brief description of the
model is provided in this article. In HIDECS, the spray
injected into the combustion chamber from the injection
nozzle is divided into many small packages of equal fuel
mass as shown in Figure 1. No intermixing among the
packages is assumed. The spray characteristics are de-
fined by the empirical equations of spray penetration. For
example, the shaded regions shown in Figure 1 are the
fuel packages injected at the start of injection that consti-
tute the spray tip during penetration. Air entrainment into
a package is controlled by the conservation of momen-
tum, that is, the amount of entrained air is proportional to
the decrease in package velocity. The fuel, which is mixed
with the air, begins to evaporate as drops, and ignition oc-
curs after an ignition-delay period.

Breakup Length

Spray tip penetration

Package pf Spray  P(L, M, N)

M

L

N

Injected at the start of injection

* No-intermixing among the package is assumed.
* Spray tip penetration is defined by the experimental equations

Figure 1: Schematic of the package distribution

The air-fuel mixing processes within each package are il-
lustrated in Figure 2. Immediately after injection, each
package involves many fine drops and a small amount of
air. As it moves away from the nozzle, air entrains into the
package and the fuel drops evaporate. Thus, the package
consists of liquid drops, vaporized fuel, and air. A short
period of time after the start of injection, ignition occurs in
the gaseous mixture, resulting in the rapid expansion of
the package. Therefore, more fuel drops evaporate, and
more fresh air entrains into the package. The vaporized
fuel mixes with fresh air and combustion products as the
spray continues to burn.
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Figure 3 shows two possible combustion processes in-
side each package. Case (A) is called evaporation-
rate-controlled combustion, while Case (B) is called
entrainment-rate-controlled combustion. When ignition
occurs, the combustion mixture that is prepared before ig-
nition burns in a small increment of time. The fuel-burning
rate in each package is calculated by assuming stoichio-
metric combustion. When there is enough air in the pack-
age to burn all of the vaporized fuel, there are combustion
products, i.e., liquid fuel and fresh air remain in the pack-
age after combustion. This process is shown in Figure
3 as Case (A). In the next small increment of time, more
fuel drops evaporate and fresh air entrains into the pack-
age. At this point, if the amount of air in the package is
sufficient to burn all the vaporized fuel under stoichiomet-
ric conditions, the same combustion process (Case A) is
repeated. If the amount of air is not sufficient to burn all
the vaporized fuel, however, the fuel-burning rate is dic-
tated by the amount of air present. This process is shown
in Figure 3 as Case (B). Therefore, the combustion pro-
cesses in each package always proceed under one of the
conditions shown in Figure 3.

The heat release rate in the combustion chamber is calcu-
lated by summing the heat releases of each package. The
cylinder pressure and bulk-gas temperature in the cylin-
der are then calculated. As the time histories of tempera-
ture, vaporized fuel, air, and combustion products in each
package are known, the equilibrium concentrations of gas
composition in each package can be calculated. The con-
centration of NOx is calculated using the extended Zel-
dovich mechanism. The formation of soot is calculated
by assuming first-order reaction of fuel vapor. The oxi-
dation of carbon is calculated by assuming second-order
reaction between carbon and oxygen. During the past
30 years, the HIDECS code has been validated against
a wide range of engine rig experiments.

MULTI-OBJECTIVE OPTIMIZATION PROBLEMS
Problems to find design variables ~x that minimize or
maximize k objective functions within the m constraints
are called Multi-objective Optimization Problems (MOPs).
MOPs can be formulated as follows[15, 16],

Air Entralnment Expansion & Air Entralnment

Injection Evaporation 
& Mixing 

Fuel Ignition & 
Combustion 

Evapolation 
Mixing & 
Combustion 

Mixing & 
Combustion

Figure 2: Schematic of the mass system during combus-
tion

Figure 3: Schematic of the package combustion process





min ~f(~x) = (f1(~x), f2(~x), . . . , fk(~x))T

s.t. ~x ∈ X = {~x ∈ Rn

| gj(~x) ≤ 0 (j = 1, . . . , m)
(1)

Objective functions and constraints consist of design vari-
ables as follows:

{
fi(~x) = fi(x1, x2, . . . , xn), i = 1, . . . , k
gj(~x) = gj(x1, x2, . . . , xn), j = 1, . . . , m

(2)

When the objective functions are in the trade-off relation-
ship, it is difficult to minimize or maximize all objective
functions at the same time. Therefore, in this case the
concept of dominant and Pareto optimum solution should
be introduced.

Definition (Dominant): ~x1, ~x2 ∈ Rn.

When fi(~x1) ≤ fi(~x2) (∀i = 1, . . . , k) and fi(~x1) <
fi(~x2) (∃i = 1, . . . , k), ~x1 dominates ~x2.

When ~x1 dominates ~x2, ~x1 is the better solution than ~x2.
Therefore, it is a good way to select non-dominant solu-
tions.

Definition (Pareto optimum solutions): ~x0 ∈ Rn.

a) There is no solution ~x ∈ Rn that dominates ~x0, ~x0 is
a (strong) Pareto optimum solution.

b) There is no solution ~x∗ ∈ Rn that satisfies fi(~x∗) <
fi(~x0)(∀i = 1, . . . , k), ~x0 is a week Pareto optimum
solution.

Usually, there is not only one Pareto optimum solution but
multiple solutions in multi-objective optimization problems.
In Figure 4, the concept of the Pareto optimum solutions is
illustrated in the case of two objectives. These objectives
are minimized.

Both f1 and f2 of A are better than those of C. In this case,
it is said that C is dominant to A. Therefore, it can be said
that A is better than C. On the other hand, the value of f1

of A is better than that of B. However, f1 of B is better than
that of A. Therefore, it is difficult to conclude that which is
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Figure 4: The Pareto optimum solutions

the better solution and A and B are non-dominant solu-
tions. In multi objective optimization problems, there are
usually many non-dominant solutions. A set of these non-
dominant solutions is called a Pareto optimum set. In this
Figure, the line of the Pareto optimum solution is called a
Pareto front. One of the goals of MOPs is to find Pareto
optimum solutions.

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 de-
termined even when the landscape of the objective func-
tion is multi modal. Moreover, the GAs can be applied
to problems whose search space is discrete. Therefore,
the GA are one of very powerful optimization 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 find-
ing a Pareto optimum set. Thus, many researchers are
working on the multi-objective GAs and there are many
such algorithms 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 optimum
solution implicitly or explicitly. Most of the newest meth-
ods treat the Pareto optimum solution explicitly. Typical
algorithms are SPEA2[19] and NSGA-II[20].

In multi-objective GAs, the most remarkable feature com-
pared to conventional GAs is the setting of a fitness func-
tion. In multi-objective GAs, the Pareto ranking is often
used for determining the fitness value[21]. The Pareto
ranking is determined according to the following proce-
dure. For each solution, the number of the solutions that
are dominant to the focused solution are counted. The
Pareto ranking is this number + 1. When the solution is
non-dominant, the Pareto ranking becomes 1. The con-
cept of the Pareto ranking is shown in Figure 5. In this fig-
ure R denotes the Pareto ranking. In this example, there
are four solutions: A, B, C, and D. A, B, and C are non-

dominant solutions, and therefore, their Pareto rankings
are 1. D is dominant to A and B and the Pareto ranking of
D is 1 + 2 = 3. The fitness value of each individual is the
reciprocal number of the Pareto ranking.

Figure 5: Pareto Ranking

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 ex-
ploration, 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 reinforced. 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
chosen. As a result of this operation, child individuals that
are generated after the crossover may be close to the par-
ent 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. Calculate 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 according to

the values of the focused objective. The focused ob-
jective is changed at every generation. For example,
when there are three objectives, the first objective is
the focus in the first generation 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 consisting 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 performed. From two
parent individuals, two child individuals are gener-
ated. Here, parent individuals are eliminated.

Step 7: Evaluation: All of the objectives of individuals are
derived.
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Step 8: Assembling: All the individuals are assembled
into one group and this becomes the new Pt.

Step 9: Renewing archives: Assemble Pt and At−1 to-
gether. The N individuals are chosen from 2N in-
dividuals. To reduce the number of individuals, the
same operation of SPEA2 (Environment Selection) is
performed. In NCGA, this environment 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 performed in
a group consisting of two individuals.

The following features of NCGA are the differences be-
tween SPEA2 and NSGA-II.

1 ] NCGA has a neighborhood crossover mechanism.
2 ] NCGA has only environment selection and does not

have mating selection.

PROPOSED SYSTEM

An overview of the system is illustrated in Figure 6.

Figure 6: System construction

In Figure 6, 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 sys-
tem.

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

TARGET ENGINES

In this study, our HIDECS-NCGA system was applied 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 interesting to use the same engine as in
their study, but with application of a different GA method-

ology. Therefore, our investigation on treating the diesel
engine design as a multi-objective problem is based on
the same engine as theirs.

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 specifi-
cation 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 calcu-
lated and the measured in-cylinder pressure traces are
compared in Figure 7 and show good agreements.

Crank angle
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Figure 7: Cylinder pressure of the baseline design

OPTIMIZATION SIMULATIONS

In this study, three optimization simulations were per-
formed.
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The design condition of the first simulation was similar to
that described in reference [2] and the second 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 performed in only one step. The ranges
of design variables in these previous studies were differ-
ent 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
simulations, the target engine was the caterpillar engine.
Two-pulse injection was applied in these simulations. In
the third simulation, the caterpillar engine was also tar-
geted. However, a three-pulse injection was applied in
this case.

OPTIMIZATION SIMULATION 1

Simulation Setup and Design Condition 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 vari-
ables. The objective functions 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 9.

Figure 9: Description of two-pulse injection shape

In this simulation, dwell between injections and percent-
age of fuel in the first pulse were used as design vari-
ables. 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 vari-
able are described in Table 3. In GA, the value of each
design variable is converted to a bit string. For each de-
sign 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.

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

The GA parameters used are summarized in Table 4.
These are the basic parameters for GAs. Population size
is equivalent to the number of search points. The simu-
lation was terminated after the generation reached 100.
In GA, a generation indicates a step of the optimization
search.

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

Results Figure 8 shows the derived Pareto optimum so-
lutions. In this figure, the solutions are illustrated in three-
object space. At the same time, solutions are projected
on the surface of two objectives.

In these figures, point B indicates the baseline design.
Point A is the optimum solution that was derived in ref-
erence [2]. In this previous study, the optimum solution
was derived by the surface method.

From these figures, it is obvious that there are trade-off re-
lationships between SFC and NOx or Soot and SFC. On
the other hand, there is a linear relationship 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 optimum 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 objective function that was
integrated from three objective functions using weight pa-
rameters. The results described in this paper indicate that
determination of these weight parameters is very difficult.
In reference [2], the optimum solution was derived thor-
ough 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 optimum so-
lutions. However, GAs require many iterations. The phe-
nomenological model is a simulator that does not need a
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Figure 8: Pareto Optimum Solutions (Simulation 1)

high calculation cost. Thus, by using a phenomenological
model, GA can perform several iterations.

Figures 10, 11, and 12 illustrate fuel injection shapes that
provide minimum values of SFC, SOOT, and NOx are il-
lustrated.

Figure 10: Injection Shape that gives minimum SFC (Sim-
ulation 1)

the results shown in Figure 10 indicate that most of the
fuel should be injected at the first part to derive the mini-
mum 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.

In this way, several types of solutions can be derived at the
same time by solving multi-objective optimization prob-
lems. This information is very useful for diesel engine
designers.

Figure 11: Injection Shape that gives minimum NOx (Sim-
ulation 1)

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

Figure 12: Injection Shape that gives minimum SOOT
(Simulation 1)
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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 optimum so-
lution was 6602 [s] and each HIDECS call took 13.91 [s].
This calculation time was very small compared to other
diesel engine combustion simulators. This is a strong
characteristic of the phenomenological model and this
feature is fit to GAs.

OPTIMIZATION SIMULATION 2

Simulation Setup and Design Condition In this simula-
tion, the design conditions were the same as in Simulation
1, but the start angle and duration angle of injections were
chosen as design variables. In this simulation, amounts of
SFC, NOx, and SOOT are also objective functions.

The fuel injection shape was also double-pulse injection.
The range of design variables is summarized in Table 6.
This table shows the number of bits for GA to express
each design variable is shown. This design condition and
the range of the design field includes those of reference
[3].

Table 6: Range of design variables (Simulation 2)
Item Min Max bit for GA
Dwell between
injections (angle) 0 12 7
Percentage of
first part (%) 50 80 7
Boost Pressure Dwell
between (kg/cm2) 1.62 1.83 5
EGR rate 0.0 0.50 5
Start Angle -10.0 10.0 8
Duration Angle 20.5 29.0 5

Results The derived Pareto solutions are described in
Figure 13.

The results showed the same tendency as in Simulation
1. There is trade-off relationship between SFC and NOx.
The fuel injection shapes that give the minimum values of
SFC, NOX, and SOOT are shown in Figures 14, 15, 16.

The results also showed the same tendency as in Simula-
tion 1. Most of the fuel should be injected at the first part
to derive the minimum SFC. To derive the minimum NOx,
fuel injection rate should be uniform throughout the dura-
tion of injection. Figure 15 shows the injection shape that
gives minimum amount of NOx. gCh in the NOx-SFC field

Figure 14: Injection Shape that gives minimum SFC (Sim-
ulation 2)

Figure 15: Injection Shape that gives minimum NOx (Sim-
ulation 2)

of Figure 13 denotes this solution. However, the SFC of
this solution is so high (367.494 (g/kW*h)) that designers
would have no interested in it. In this case, the designers
can choose other solutions from the Pareto solutions. If
the designers are interested in the solution whose SFC
is around 200.0 (g/kW*h), they can choose the design al-
ternative immediately. For example, solution ”D” is one of
the design alternatives in this case. Figure 17 shows the
injection shape of this solution is illustrated. In this way,
as there are many design alternatives in the Pareto opti-
mum solutions, multi-objective optimization is very useful
for designing diesel engines.

Figure 16: Injection Shape that gives minimum SOOT
(Simulation 2)
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Figure 13: Pareto Optimum Solutions (Simulation 2)

Figure 17: Design Alternative for figure 15 (Simulation 2)

OPTIMIZATION SIMULATION 3

Simulation Setup and Design Condition In this simula-
tion, three-pulse injection, which is illustrated in Figure 18
was applied.

Figure 18: Description of three pulse injection shape

To express this shape, seven parameters are needed. Not
only fuel injection shape but also boost pressure, EGR

rate, start angle, duration angle, and swirl ratio are cho-
sen as design variables. When the number of design
variables is increased, the search space becomes larger.
This means that users have a huge space to design but it
is difficult to search for optimum solutions. The ranges of
design variables are summarized in Table 7.

Table 7: Range of design variables (Simulation 3)
Item Min Max bit for GA
Duration of
First Injection Pulse 2 5 5
Duration of
Second Injection Pulse 6 20 5
Duration of
Third Injection Pulse 2 10 5
Amount Fuel Ratio of
Each Injection Pulse (%) 5 100 5
Amount Fuel Ratio of
Each 0.5 degree (%) 0 8 5
Boost Pressure
(kg/cm2) 1.62 1.83 5
EGR rate 0.0 0.50 5
Start Angle -10.0 10.0 8
Duration Angle 20.5 29.0 5
Swirl Ratio 0.0 6.4 5

In this simulation, amounts of SFC, NOx, and SOOT are
also objective functions.

Results Figures 19 shows the derived Pareto optimum
solutions are described. The results showed almost the
same tendency as Simulation 1 and 2. There is trade-off
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relationship between SFC and NOx, and a linear relation-
ship between SFC and SOOT.

Figure 20: Injection Shape that gives minimum SFC (Sim-
ulation 3)

Figure 21: Injection Shape that gives minimum NOx (Sim-
ulation 3)

Figures 20, 21 and 22 illustrate the optimization results
that provide the minimum SFC, NOx emission and soot
emission, respectively.

CONCLUSIONS

In this study, the multi-objective genetic algorithm (MOGA)
and phenomenological model were applied 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 derive the in-

Figure 22: Injection Shape that gives minimum SOOT
(Simulation 3)

formation of the relationship between the objective func-
tions from the derived Pareto optimum solutions. This in-
formation 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 possible to choose an appropriate design candidate
from the Pareto optimum solutions.

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

- Two- and three-pulse injection shapes were applied in
the simulations. Boost pressure, start and duration an-
gle 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 indi-
cates 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 design variables in the simulations.

ACKNOWLEDGMENTS

This work was supported by a grant to RCAST at
Doshisha University from the Ministry of Education, Sci-
ence Sports and Culture, Japan.

10



Figure 19: Pareto Optimum Solutions (Simulation 3)
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APPENDIX A: PHENOMENOLOGICAL MODEL:
HIDECS

In the past 30 years, the most sophisticated phenomeno-
logical spray-combustion model, HIDECS has shown
great potential as a useful tool for both performance and
emissions prediction in a wide range of direct injection
diesel engines. It was originally developed at the Uni-
versity of Hiroshima and was named eHIDECSf recently.
HIDECS is based on phenomenological model that is ex-
plained in the section of background. In this appendix,

some examples of its successful applications are given in
this APPENDEX.

The code, HIDECS has been validated against wide
ranges of engine rig simulations. Both the in-cylinder
pressure, the emissions formation and the detailed infor-
mation of the diesel spray were obtained. Some of them
are discussed below.

EXAMPLE 1 YANMAR NFD 170 The in-cylinder pro-
cesses of a four-stroke diesel engine, whose details are
shown in Table 8, were calculated. The in-cylinder pres-
sure was measured under the operation condition in Ta-
ble 9. As shown in Figure 23, the calculated in-cylinder
pressure via time trace matches well with the measured
results.

Table 8: Engine Dimensions
Bore 0.102 m
Stroke 0.105 m
Connecting Rod Length 0.11 m
Bowl Diameter 0.041 m
Number of Nozzle Hole 4
Nozzle Diameter 2.9E-4 m

Table 9: Engine Operation Condition
Intake Air Pressure 101.3 KPa
Intake Air Temperature 298 K
Engine Speed 1800 rpm
Swirl Ratio 2.2
Injection Timing -5 degree
Injection Duration 18
Mass of Injected Fuel 70 mg/stroke
Timing of Intake Valve Close -160 degree ATDC
Timing of Exhaust Valve Open 145 degree ATDC

Figure 23: Comparison of the calculated and the measure
in-cylinder pressure trace

*: For engine details and the measured results, please
refer to SAE paper 1999-01-1502, ”Effect of High Squish
Combustion Chamber on Simultaneous Reduction of NOx
and Particulate from a Direct-Injection Diesel Engine”, by
Kidoguchi, Y., Yang, C. and Miwa, K.
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EXAMPLE 2 BORE OF 0.135M The in-cylinder pro-
cesses of a four-stroke diesel engine, whose details are
shown in Table 10, were calculated. The in-cylinder pres-
sure was measured under the operation condition in Ta-
ble 10. As shown in Figure 24, the calculated in-cylinder
pressure via time trace matches well with the measured
results. Figure 25 shows that the NOx and soot emissions
are also well predicted. (The original data was reported in
the SAE paper 930612, ”Approach to low NOx and smoke
emission engines by using phenomenological simulation”,
by Takuo Yoshizaki, Keiya Nishida and Hiroyuki Hiroyasu.)

Table 10: Engine Dimensions
Bore 0.135 m
Stroke 0.13 m
Connecting Rod Length 0.15 m
Bowl Diameter 0.09 m
Number of Nozzle Hole 6
Nozzle Diameter 1.8E-4 m

Table 11: Engine Operation Condition
Intake Air Pressure 101.3 KPa
Intake Air Temperature 298 K
Engine Speed 1500 rpm
Swirl Ratio 1
Injection Timing -7 degree ATDC
Injection Duration 16
Mass of Injected Fuel 70 mg/stroke
Timing of Intake Valve Close -145 degree ATDC
Timing of Exhaust Valve Open 145 degree ATDC

Figure 24: Comparison of the calculated and the mea-
sured Pressure and heat release

EXAMPLE 3 CATERPILLAR 3400 SERIES The target
engine is a single cylinder version of the Caterpillar 3400
series truck engine. The baseline engine operation con-
dition was used the same as that of [SAE paper 2000-01-
1962, ”Optimization of Heavy-Duty Diesel Engine Operat-
ing Parameters Using A Response Surface Method”, by
Montgomery, D. T. and Reitz, R. D.]. Engine details are
shown in Table 12. The in-cylinder pressure was mea-
sured under the operation condition in Table 13. Both the
baseline case and the optimization case of this paper are
calculated by HIDECS. The calculated and the measured
in-cylinder pressure trace are compared in Figure 26 and
show good agreements.

Figure 25: Comparison of the calculated and the mea-
sured concentrations of NOx and soot

Table 12: Engine Specifications
Bore 0.1372 m
Stroke 0.1651 m
Compression Ratio 15.6 m
Number of Nozzle Hole 6
Nozzle Diameter 2.14E-4 m

Table 13: Operating Conditions
Engine Speed 1737 rpm
Load: 57%
Injection Timing -3.5 to 5.5 degree ATDC
Fuel Rate 6.97 kg/hr
Intake Temperature 32
Intake Pressure 184 kPa
EGR Rate 0%

*: For details please refer to SAE paper 2000-01-1962.

EXAMPLE 4 BORE OF 0.133M The in-cylinder pro-
cesses of a four-stroke diesel engine, whose details are
shown in Table 14, were calculated. The in-cylinder pres-
sure was measured under the operation condition in Ta-
ble 15. As shown in Figure 27, the calculated in-cylinder
pressure via time trace matches well with the measured
results. Note: The operation condition is at full load for
commercial use and it is used as baseline case for ge-
netic algorithm optimization application.

EXAMPLE 5 BORE OF 0.260 M A four stroke, 6-
cylinder line type engine is calculated by HIDECS. The
engine dimensions are shown in Table 16. The operation
conditions of the baseline case are shown in Table 17.
The calculated engine power output, the specific fuel con-
sumption (S. F. C.), thermal efficiency and emissions were
compared with the measured values respectively shown
in Table 17.

The calculation result agrees with the experiment mea-
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Figure 26: Comparison of the calculated and the measure
in-cylinder pressure trace

Table 14: Engine Specifications
Bore 0.133 m
Stroke 0.165 m
Connecting Rod Length 0.26 m
Bowl Diameter 0.08 m
Number of Nozzle Hole 8
Nozzle Diameter 2.9E-4 m

sured values well.

Table 15: Operating Conditions
Engine Speed 2000 rpm
Load: 4/4
Swirl Ratio 2.6
Injection Timing -9.5 degree ATDC
Injection Duration 34
Mass of Injected Fuel 268 mg/stroke
Timing of Intake Valve Close -150 degree ATDC
Timing of Exhaust Valve Open 130 degree ATDC

Figure 27: Comparison of the calculated and the measure
in-cylinder pressure trace

Table 16: Measured Result Calculated Result
Measured Calculated

Result Result
Power (kW/cylinder) 305.5 305.2
S.F.C. (g/kWh) 185 186
Thermal Efficiency (%) 45.6 42.1
NOx (ppm) 1000 1711
Soot (BSU) 0.2 0.219

Table 17: Engine Specifications
Bore m 0.260
Stroke m 0.385
Connecting Rod Length m 0.705
Bowl Diameter m 0.208
Compression Ratio 15.1
Number of Nozzle Hole 8
Hole Diameter 10-4 m 0.55
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