
 

Abstract

 

Alternative powertrains for automotive applications
aim at improving emissions and fuel economy. Lack of
experience with these relatively new technologies makes
them ideal applications for computer-based modeling and
simulation studies. There is a variety of configurations,
control strategies, and design variable choices that can be
made. If mathematical models exist, rigorous optimization
techniques can be used to explore the design space. This
paper provides an overview of a design environment for
alternative powertrains that has these characteristics:
modularity, allowing a system to be built by combining
components; flexibility, allowing different levels of fidelity
and different existing codes to be used; and, rigor, since it
is based on mathematical methods of decision making. A
simple application to a hybrid diesel-electric powertrain
is included.

 

1. Introduction

 

Automotive engine emissions are recognized as a
major source of concentrated pollution, particularly in
urban areas. Although the internal combustion engine
remains the dominant prime mover for technological and
cost reasons, alternative propulsion systems have been
under consideration for some time and have recently
become available in commercial products. Much of the
present motivation for such products derives from govern-
ment regulations and corporate recognition of public con-
sciousness. Nevertheless, the automotive industry widely
recognizes that widespread use of alternative powertrains
will be inevitable at some point in the future.

Given present limitations in technologies such as bat-
teries and fuel cells, the most viable powertrain alterna-
tives are hybrid configurations that include a relatively
small internal combustion engine. Since practical experi-
ence with such configurations is limited and hardware

prototypes are expensive, use of mathematical modeling
and simulation techniques is particularly attractive for
exploring preliminary designs and studying trade-offs.

The research effort outlined in this article aims at
developing a modular simulation and design environment
that can be used to study a variety of vehicles and power-
train configurations. Simulations are based on physical
models and experimental validations. Optimization algo-
rithms are used to drive design iterations in search of the
best possible design according to some criterion. An
object-oriented software architecture allows easy integra-
tion of legacy codes and new models in familiar environ-
ments such as MATLAB or in one based on CORBA-
compliant distributed objects.

Hybrid powertrain simulation software includes codes
such as ADVISOR [3], from the U.S. National Renewable
Energy Laboratory (NREL), and proprietary software
used by the U.S. automotive industry. These simulations
are integrated with high-fidelity engine simulations, par-
ticularly for advanced diesel engines, and special-purpose
optimization algorithms. Vehicle handling simulations and
advanced light-weight body structure designs are also
available and should be gradually integrated to build an
overall analysis and design environment for hybrid elec-
tric vehicles (HEV).

We present the basic elements of this research effort to
date and some illustrative results.

 

2. Software design environments

 

Hybrid powertrains are complex electromechanical
systems that can be configured in a variety of ways. To
examine design scenarios prior to building physical proto-
types requires a sophisticated simulation and computing
environment. Such a design environment should allow for
easy integration of engineering models and simulations,
along with the capabilities to perform visualization and
optimization studies. In our efforts to build a design envi-
ronment for hybrid electric vehicles, we have developed
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two practical approaches for analysis and design tool inte-
gration: the first one uses distributed object technology
whereas the second is based on the commercial
MATLAB-SIMULINK computing environment.

 

2.1  Object-oriented, CORBA-based environment

 

Object-Oriented Programming (OOP) is now recog-
nized as an important development in software engineer-
ing. OOP gives the programming team a language in
which software can be developed with a rigid structure
that effects reusable and encapsulated code. As a result
many individuals working on a project can share code
without having to be aware of details of internal data
structures and procedures.

Recently the advantages of OOP have been incorpo-
rated into the development of libraries for mathematical
optimization. Such libraries include the Hilbert Class
Library (HCL) [6] and the Template Numerical Toolkit
(TNT) [12], which are collections of fundamental mathe-
matical objects that can be used for designing and devel-
oping mathematical programming-based software. Other
libraries that also include a number of optimization algo-
rithms are the CWP Object-Oriented Optimization
Library (COOOL) [4] and Opt++ [8].

An object-oriented design framework has been devel-
oped at the University of Michigan, building on some of
the basic concepts in COOOL and Opt++. This frame-
work [14] specifies formal interfaces between several
types of distributed components. The components include
subsystem models, design models, search engines, design
model partitioning, design coordination, and user inter-
face, Figure 1. The diagram shows only the subclasses of
the design model class and the possible multiplicity of
search engines, analysis models, and design submodels.
The object-oriented design of this framework allows fur-
ther addition of other components. 

 

Figure 1: Object-oriented optimization framework

 

This object-oriented optimization framework is taken
one step further with the introduction of the CORBA stan-
dard into the architecture. CORBA (Common Object

Request Broker Architecture) is an industry standard for
distributed, heterogeneous, object-oriented applications,
which is open, robust, interoperable, multiplatform and
multivendor supported. CORBA uses the Interface Defini-
tion Language (IDL) to specify attributes, operations and
parameters of each operation that a server provides in the
implementation of a given object. CORBA objects can be
accessed by remote clients via method invocations, Figure
2. Both the language and the compiler used to create
server objects are totally transparent to clients. Clients do
not need to know where the distributed object resides,
what operating system it executes on and how the server
object is implemented. Clients only need to know the
interface their server objects publish. CORBA allows
encapsulated engineering analysis objects to be placed on
a distributed computing environment and the creation of
libraries of such objects.

 

Figure 2: CORBA distributed network call

 

These computing infrastructure properties are impor-
tant in an actual vehicle design environment where differ-
ent users, possibly from different supplier companies, are
tying their respective simulation modules together for an
overall system study.

 

2.2  MATLAB-based environment

 

MATLAB has several attractive features as an environ-
ment to develop optimization tools: namely, platform
independence, an optimization toolbox, a high level pro-
gramming language, and sophisticated visualization tools.
MATLAB’s wide use in academic and industry sites is
another attractive feature. 

A MATLAB design optimization framework is built by
expanding the library of algorithms in the optimization
toolbox and by developing interfaces that produce and
parse simulation input and output files and system-level
scripts that enable distributed analysis by means of remote
process calls.

In our present effort, existing simulations in MATLAB
for hybrid vehicles, engines, and other vehicle compo-
nents, are augmented with improved models and inte-
grated with mathematical optimization algorithms. There
are important practical issues related to this integration,
but they will not be addressed here.
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3. Hybrid electric vehicle models

 

Various computer programs exist for the simulation of
vehicle powertrains, in particular hybrid electric power-
trains. Such software tools include SIMPLEV, CarSim,
HVEC, CSM HEV, V-Elph and, most recently, ADVISOR
(for more details see [15]). The US government under the
initiative called “Partnership for a New Generation of
Vehicles” (PNGV) has sponsored both public and propri-
etary work in this area. An example is the proprietary Sys-
tem Analysis Toolkit (SAT) developed by a consortium of
US automotive companies. Each major automotive com-
pany has its own specialized, proprietary modeling soft-
ware. ADVISOR [3], a public domain program, was
selected as the basic simulation used to estimate design
metrics in the study described later in this article.

 

3.1  Description of ADVISOR simulation

 

ADVISOR is a MATLAB/SIMULINK-based, feed-
backward simulation of hybrid electric powertrains.
ADVISOR allows quick analysis of the performance,
emissions, and fuel economy of conventional, electric,
and hybrid vehicles. The component models in ADVISOR
are empirical, relying on input/output relations measured
in the laboratory, and quasi-static, using data collected in
steady state tests and correcting them for transient effects
such as the rotational inertia of drivetrain components.

 

Figure 3: HEV series configuration

 

The series hybrid configuration, Figure 3, consists of
an electric motor driving the wheels, receiving power
from an onboard battery pack. This is essentially the con-
figuration used in a battery-driven electric vehicle. The
hybrid addition is in the form of a fuel converter, which is
usually a small internal combustion engine whose main
function is to extend vehicle range. When the state of
charge of the battery reaches a specified lower limit, the
fuel converter engages to recharge the batteries.

The parallel hybrid system, Figure 4, consists of both
an electric motor and a fuel converter that can simulta-
neously or individually drive the vehicle, depending on

the control strategy. A common scheme is to use the elec-
tric motor for city driving, and both the engine and the
motor for highway driving. The engine can then both
power the vehicle and recharge the battery pack, using the
motor as a generator. Both the series and parallel configu-
rations allow for regenerative braking.

 

Figure 4: HEV parallel configuration

 

3.2  Component models

 

In addition to design studies of overall hybrid power-
train systems that tend to use relatively simple models for
vehicle components, we have looked into the integration
of system simulations with high-fidelity subsystem and
component models, such as models of engines, CVT
transmissions, and batteries. 

Inclusion of detailed component models extend the set
of design variables to subsystems and components.
Higher fidelity can be so introduced and decisions can be
made at an increased level of detail. Also, a component
may be studied in great detail while tracking the impact of
local design decisions on the overall system—which is
included in the study with much less detail.

 

3.3  Integration of engine simulation

 

One important subsystem that can be introduced in
greater detail is the internal combustion powerplant. The
Turbo Diesel Engine Simulation (TDES) program was
selected as the model to be integrated with ADVISOR [1].
The integration increases the accuracy of the engine maps
for fuel consumption and performance calculations used
within ADVISOR. TDES is a feed-forward simulation
derived from fundamental thermodynamic equations that
calculates engine properties at each crank degree angle.
TDES integration extends the set of design variables to
include quantities such bore, stroke, valve events, and
manifold geometry. TDES was wrapped as a CORBA
object before being placed in the object-oriented optimi-
zation environment described in Section 2.



 

4. Optimization algorithms

 

In mathematical optimization, a mathematical model
(which could be an implicit computer simulation) is used
to evaluate design criteria and constraint functions. Formal
methods are employed to search the design space defined
by the constraint functions and identify a point or points
that maximizes or minimizes the design criteria. This
approach presents several challenges when applied to sys-
tem design. System simulation responses are expensive to
compute but also multimodal, noisy and/or discontinuous
functions. In these cases, gradient-based optimization
algorithms, such as the well-known Sequential Quadratic
Programming (SQP) algorithm, can run into trouble
because of inaccurate gradient information used to deter-
mine search directions and convergence.

Derivative-free optimization techniques can be used to
address the above issues. However, they tend to need a
much larger number of iterations and/or function evalua-
tions which may make them impractical. A third approach
is to use metamodels, namely, simpler models derived
from the more complicated ones. These simpler models
can then be used for the optimization study. Table 1 gives a
rough classification of the algorithms currently used in the
hybrid powertrain system design environment.

The SQP algorithm is a standard one, such as the one
available in MATLAB’s toolbox. The trajectory algorithm
is due to Snyman [16] and is less sensitive to derivative
accuracies. The complex algorithm is a variant of the clas-
sical constraint simplicial algorithm by Box [2]. The
DIRECT algorithm is a derivative-free global optimization
algorithm based on Lipschitz constants and proposed by
Jones [7]. The sequential metamodel optimization (SMO)

algorithm was written by Sasena [13] and uses a sequence
of metamodels to “zoom in” to the optimum.

As design models become larger, it becomes necessary
to try and distribute the design decision-making process by
some form of problem partitioning and solution coordina-
tion. The advantage of the partitioned design model is that
smaller, more manageable, design problems are solved.
Same level subproblems may be solved in parallel, using
the optimization technique most suitable for the underly-
ing submodel, gaining in robustness, speed and engineer-
ing interpretation of results. Formal methods have been
developed and implemented that allow the use of coordi-
nation strategies such as Sequentially Decomposed Pro-
gramming[10] and Hierarchical Overlapping Coordination
[9]. It is important that such methods are not ad hoc, but
provide some assurance of convergence to the system opti-
mum.

 

5. HEV design studies

 

A hybrid electric parallel powertrain was selected for
the design studies. This configuration is considered to be
more efficient than the series one. A commercial imple-
mentation is the Toyota Prius. The vehicle we consider in
this study is based on the Chevrolet Lumina midsize
sedan.

 

5.1  Problem definition

 

The optimization problem statement was derived by
specifying vehicle mission targets similar to those put
forth by the US PNGV. 

The mathematical problem statement is as follows:

This model states that we wish to maximize the fuel
economy over a combination of the U.S. Federal Urban
Driving Schedule (FUDS) and U.S. Federal Highway
Driving Schedule (FHDS) subject to some desirable per-
formance requirements. Note that the values used here
correspond to just one design scenario. Other scenarios
can be examined by changing the bounds on the inequali-
ties or by changing the driving schedule combinations.

 

Algorithm Advantages Disadvantages

SQP

 

• best general purpose code
• very efficient on smooth prob-

lems

• requires accurate derivatives
• only finds local solution

 

Trajectory

 

• deals with small scale noise 
more effectively

• requires derivatives
• slow convergence towards 

solution

 

Complex

 

• derivative-free
• better chance of getting 

through local solutions and 
large noise

• starting points must be feasi-
ble

• stochastic (random) in nature
• slow convergence towards 

solution

 

DIRECT

 

• derivative-free
• searches both locally and glo-

bally
• no starting point or control 

parameters needed

• lack of formal convergence 
criteria

• suitable only for small num-
ber of variables

 

SMO

 

• can be efficient
• can smooth out data
• provides insight to problem

• often fails with multimodal 
problems

• suitable only for small num-
ber of design variables

 

Table 1: Optimization algorithms under study

maximize…
f x( ) mpg (fuel economy)=

with respect to…
x engine size, motor size, battery size{ }=

subject to…
0 60mph time– 12s≤

40–60 mph (passing time) 5.3s≤
0 85mph time– 23.4s≤

max acceleration 0.5g≥
max speed 85mph≥

5s distance 140 ft≥
55mph cruise grade 6.5percent≥



 

5.2  Response surface study

 

Before the optimization study itself, it is useful to
make a quick examination of the mathematical nature of
the problem functions. Recall that these are not really
known since they are computed implicitly by the simula-
tions.

 Plots of the response surfaces for various design vari-
ables were produced to further the understanding of the
design problem. Figure 5 shows two such responses: fuel
economy and 40 to 60 m.p.h. passing time.

 

Figure 5: Response surfaces of parallel HEV

 

Although the objective function appears to be a smooth
surface, zooming in further does find small-scale noise—
possibly caused by integration errors within the
MATLAB routines. It was also found that most of the
constraints were monotonic and contained relatively low
levels of noise. However, in some regions the noise can be
quite pronounced, which will inevitably cause difficulties
with gradient-based optimization algorithms.

 

5.3  Optimization results

 

The optimization studies were performed using
ADVISOR integrated with TDES. Four SUN Ultra10
workstations were used to generate engine maps by run-
ning TDES on the CORBA environment. Given the pres-
ence of noise, two derivative-free optimization algorithms
were selected to solve the optimization problem, namely
DIRECT and Complex. 

The baseline design had a 1.45 L diesel engine, a 55
kW electric motor, and a 65 kW battery, with a resulting
fuel economy of 43.41 m.p.g. Results of the optimization
studies are shown in Table 2. Fuel economy increased by
about 12% thanks to a smaller engine, motor, and battery,
while still meeting performance constraints.

Both algorithms were able to converge to approxi-
mately the same solution; however, DIRECT was most
efficient for this particular problem. Complex was able to
converge in fewer function calls; the number of function
calls in parentheses refers to the total number required,
since the search was re-started whenever it became stuck
in an infeasible region. Computational time was decreased
substantially by running the simulations on distributed
workstations.

 

5.4  Post optimality studies

 

Post optimality studies allow more insight into the
problem by determining the effect of variations in the
design variables and parameters on the design criterion
and constraints.

 

5.4.1  Variable sensitivity 

 

The effect of small changes in the design variables on
fuel economy was determined by increasing engine,
motor and battery sizes (one at a time) by 1% from its
optimal value. As a result, fuel economy decreases by
0.23%, 0.02% and 0.06%, respectively. Decreasing any of
these design variables resulted in a infeasible design.

 

5.4.2  Parameter sensitivity

 

An important aspect of systems design is the robust-
ness of the solution to changes in design parameters. We
studied the effect of the following parameters: drag coeffi-
cient, shell mass, battery efficiency, and final drive ratio.
The nominal values for these parameters were 0.33,
1000kg, 93%, and 3.84, respectively. We re-optimized
with the values 0.30, 900kg, 95%, and 4.00, respectively.
Figure 6 shows the effect of parameter variation on the
optimal values of fuel economy and engine, motor, and
battery sizes.

These results show that optimal engine size is virtually
insensitive to variations of the four selected design param-
eters, whereas optimal motor and battery sizes (and   fuel
economy) are noticeable sensitive to variations in vehicle
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Table 2: Optimization results for ADVISOR + TDES



 

mass. A small variation in battery efficiency did not seem
to affect the design optimum.

 

Figure 6: Parameter sensitivity of parallel HEV

 

6. Discussion

 

Both MATLAB and the object-oriented, CORBA-
based optimization framework enable study of the trade-
offs involved in hybrid vehicle design. Next steps in this
research effort include: more complicated optimization
problem statements to include engine geometry, control
strategies, and multiple objectives; refinement of the
derivative-free and metamodeling optimization strategies;
use of partitioning/coordination strategies for the more
complicated models; and, inclusion of additional higher
fidelity component models.
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